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DENOISING IS NOT THE END: DISCRETE DIFFUSION
LANGUAGE MODELS WITH SELF-CORRECTION

Jinwei Zhang, Dimitri von Rütte, Yuhui Ding, Thomas Hofmann

ABSTRACT

Discrete Diffusion Models have emerged as an effective approach to text gener-
ation, providing an alternative to autoregressive models. However, the generated
texts often suffer from quality issues, including grammatical errors, lack of flu-
ency and factual inaccuracies. This paper systematically evaluates different self-
correction strategies for hybrid-noise (masking and uniform) discrete diffusion
language models. The outputs of the base model are compared with self-corrected
outputs under different strategies, with improvements measured in terms of qual-
ity, fluency, and fidelity. Our experiments show significant quality gains from iter-
ative self-correction, with improvements in grammar, factuality, clarity, and cre-
ativity reaching double-digit percentages. We also observe a tradeoff between text
quality and content preservation and identify optimal configurations that achieve
significant quality enhancements while maintaining high fidelity to the original
output. Finally, we find that it is optimal to allocate inference compute to de-
noising and self-correction in approximately equal proportions. Our code and
evaluation scripts will be open-sourced upon acceptance. The code and evaluation
script are open source: https://github.com/timosoy/gidd

1 INTRODUCTION

Autoregressive Language Models (ALMs) have experienced great success in generative AI using
the next token prediction mechanism (Brown et al., 2020; OpenAI et al., 2024). Since the gener-
ated tokens are assumed to be correct and therefore fixed, autoregressive models suffer from error
accumulation, where early mistakes propagate and degrade subsequent generation quality (Bengio
et al., 2015; Holtzman et al., 2020). As a non-autoregressive approach, Discrete Diffusion Models
(DDMs) generate text by denoising all tokens in parallel from a fully corrupted state. However, ex-
isting DDM frameworks (Austin et al., 2021; Sahoo et al., 2024), and particularly masked diffusion
models (MDMs), still face a critical limitation: once a token is unmasked from noise, it is treated
as a fixed decision for the generation process. This problem of irreversibility reintroduces a form of
error propagation, where local inconsistencies cannot be fixed. Therefore, prior work has proposed
to add a small fraction of uniform noise to the masked diffusion process to solve this (von Rütte
et al., 2025): some tokens are replaced with random tokens in the forward process, so the model
learns to decide whether an already generated token should be corrected in the generative process,
in addition to filling in missing tokens.

While the potential for self-correction is obvious, the optimal mechanism for implementing it re-
mains relatively unexplored. In the domain of masked diffusion, previous works have introduced
iterative refinement techniques such as adaptive sampling (Kim et al., 2025b; Ben-Hamu et al.,
2025) and remasking strategies (Wang et al., 2025; Huang et al., 2025; Kim et al., 2025a), which
enable the model to identify and regenerate the low-confidence tokens during inference at each step.
However, one key practical gap remains: adaptive inference adjusts the update schedule but still can-
not resample decided tokens. On the other hand, remasking enables targeted regeneration, but may
increase inference cost and require additional post-training to be effective. In this work, we address
this gap using the framework of GIDD (von Rütte et al., 2025), enabling inference-time resampling.
We explore and compare iterative self-correction algorithms based on replacement confidence and
Negative Log-Likelihood (NLL) uncertainty. We also introduce dynamic thresholding to improve
the efficiency of correction. We then conduct a comprehensive evaluation of the proposed methods
to determine their impact on the quality of self-corrected samples. The impact of each strategy is
analyzed using a multi-dimensional framework that includes standard fluency metrics (e.g., self-
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Table 1: Qualitative self-correction examples across different error types. The model identifies
erroneous tokens and generates contextually appropriate replacements.

Original Generation Self-Corrected Output

Type 1: Artifact Removal & Idiom Repair
” TRANS worry of young Football League man-
agers is that the odds of the Championship making
another had over the coming campaigns are al-

ready flattening dramatically.”

” The worry of young Football League managers is
that the odds of the Championship making another
run in the coming season are already slimming

dramatically.”

Type 2: Factuality & Entity Correction
”...according to Russ Doler, a spokeswoman for
Councilman Patrick Gallego and a spokeswoman
for Mayor Marty Hors . Gru Service officers took
over that training...”

”...according to Jennifer Dye, a spokeswoman for
Councilman Brian Gallego and a spokeswoman for
Mayor Michael Hancock . Emergency response

officers took over that training...”

Type 3: Contextual Refinement
”...but the additional risk and ’overconfident’ aspect
of this equation is starting with the business models...
What interests me is it is ”iranfinance” going main-
stream.”

”...but the additional risk and ’overconfident’ aspect
of this equation is seen with the business models...
What interests me is it is ”cyberfinance” going
mainstream.”

and generative perplexity), as well as LLM-based quality metrics (clarity, factuality, grammaticality,
etc.) and fidelity metrics measuring similarity to the original text.

Through our experiments, we observe that there is an inherent tradeoff between quality improvement
and content preservation: fixing mistakes and improving fluency necessarily entails making seman-
tically meaningful changes. We quantify this tradeoff through fidelity metrics such as BLEU score,
token difference and cosine similarity of semantic sentence embeddings. However, this tradeoff is
not uniform. We observe different tradeoff profiles across different token selection strategies, that
is, the rules that decide which tokens are selected and updated at each correction step. For example,
aggressive strategies can achieve larger quality gains but may introduce stronger semantic drift. This
indicates that practitioners can choose appropriate configurations based on their requirements. Our
contributions are as follows:

1. Building upon the GIDD (von Rütte et al., 2025) framework, we propose and examine
four distinct token selection mechanisms: confidence-based (top-1 and top-8 tokens) and
uncertainty-based (NLL; top-K and dynamic thresholding). Each strategy is evaluated
with a broad variation of hyperparameter settings, including sampling temperature, the
number of correction steps, and the number of replaced tokens per step, to ensure that each
strategy is evaluated at its peak performance.

2. Extending the evaluation protocol of von Rütte et al. (2025), we develop an comprehensive
analysis framework across three dimensions: text quality based on LLM judgment of high-
level writing properties (e.g., grammaticality, factuality, style); fidelity, measuring how
much of the original content is preserved after correction (BLEU score, token change count,
semantic cosine similarity); and fluency, measuring naturalness of the text based on self-
and generative perplexity (PPL).

3. We quantify the tradeoff between correction aggressiveness and content preservation.
While we find that unconstrained correction results in semantic drift, carefully tuned strate-
gies can maximize quality improvements while keeping high similarity to the original text.

4. We also investigate the optimal allocation of inference compute: for a given budget, how
many steps should be allocated to denoising and generating high-quality samples, and how
many should be spent on self-correction? We find that equal allocation is often ideal, with
text quality improving by up to 40% compared to pure denoising without self-correction.
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2 PRELIMINARIES

Generalized Interpolating Discrete Diffusion (GIDD; von Rütte et al., 2025) is a generative frame-
work for discrete data that extends standard Masked Diffusion Models (MDMs) to flexible noise
distributions. Let x ∈ {0, 1}L×|V| denote a one-hot encoded text sequence of length L from a vo-
cabulary V . The diffusion process is defined over a continuous time interval t ∈ [0, 1], where t = 0
corresponds to the clean data distribution and t = 1 represents a tractable prior distribution. Unlike
standard MDMs, which rely solely on the absorbing masking process, GIDD models the forward
process as a general interpolation between clean data and some noise distribution πt. The marginal
distribution of a noisy token zt given the clean token x is defined as a categorical distribution:

qt(zt|x) = Cat(zt;αtx+ βtπt) (1)
Here, αt ∈ [0, 1] controls the signal strength, decreasing from 1 to 0, while βt = 1 − αt. The term
πt represents the mixing distribution, which defines the type of noise added to the sequence at a
given time t.

Following von Rütte et al. (2025), we use a hybrid-noise strategy that interpolates between the data,
the mask token m and the uniform noise u over the vocabulary excluding the mask token, i.e.,
u ∼ U(V \ {m}). The amount of uniform noise is parameterized by a uniform noise level punif. The
noise distribution πt is defined such that the model encounters masked tokens and incorrect random
tokens during training. Formally, the mixing schedule ensures that at any intermediate time step, a
token is either kept as data, replaced by m, or replaced by a random token sampled from U(V). The
exposure to random noise enables the model to not only fill in missing information, but also identify
and correct wrong tokens, which is precisely what enables self-correction at inference time. See
Appendix A for further details on the GIDD framework.

3 SELF-CORRECTION VIA ITERATIVE REFINEMENT

Since DDMs generate text in a non-autoregressive manner, the generated sequence often contains
local inconsistencies, such as grammatical errors, repetitions, or logical errors. While the diffusion
process terminates once the sequence is fully denoised (i.e., at t ≈ 0), a hybrid-noise diffusion
model has an additional ability: to detect and correct errors in fully observed data. This property can
be utilized to perform post-hoc self-correction on a sequence generated by the model, denoted as
x̂ = {x̂1, . . . , x̂L}. Our goal is to design a post-hoc refinement function f(x̂) → x̂′ that improves
perceptual quality while preserving the semantic meaning as much as possible. We formulate this
as an iterative optimization problem: given the generated sequence x̂, we identify a set of low-
confidence tokens M based on some confidence/uncertainty criterion C and resample them using
the trained diffusion model xθ.

3.1 ITERATIVE REFINEMENT PROCESS

Let z(0) = x̂ be the initial sequence generated by the diffusion model. The self-correction process
iteratively updates this sequence until convergence or for a maximum of Scorr steps. Each iteration
consists of three phases outlined below. The procedure is also provided as pseudocode in Alg. 1.

1. Inference: The model xθ takes the current sequence z(k) as input and predicts the categor-
ical distribution, where τ is a temperature parameter that controls the stochasticity.1

p(k) = softmax
(
xθ(z

(k), t ≈ 0)/τ
)
, (2)

2. Candidate sampling: Once a candidate sequence z̃(k) is sampled from p(k), the set of
candidate correction indices S is given by all positions where the candidate differs from
the current sequence:

S = {i ∈ {1, . . . , L} | z̃(k)i ̸= z
(k)
i } (3)

3. Select and update: From the set of candidate positions, a subsetM⊆ S is chosen accord-
ing to some selection heuristic (e.g., select candidate tokens with high confidence), and the
candidate tokens are committed at those positions, i.e.

z
(k+1)
i =

{
z̃
(k)
i if i ∈M
z
(k)
i otherwise.

(4)

1We set t = 0.01 in all our experiments and force the model to only predict unmasked tokens by setting the
probability of the mask token m to 0.
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Algorithm 1 Self-Correction

Require: Generated sequence z, model xθ, temperature τ , max. steps Scorr
1: for k = 1, . . . , Scorr do
2: Predict: p← softmax(xθ(z, t = 0.01)/τ)
3: Sample: z̃ ∼ Cat(p)
4: Identify Candidates: S ← {i | z̃i ̸= zi}
5: if S = ∅ then
6: break (Convergence)
7: end if
8: Select:M⊆ S {e.g., select highest confidence change(s)}
9: Update: zj ← z̃j for all j ∈M

10: end for
11: return Refined sequence z

3.2 TOKEN SELECTION STRATEGIES

The core challenge of an effective self-correction strategy is to identify problematic, low-quality
tokens. We hypothesize that tokens with high model uncertainty are correlated with errors in the
generation process or random noise, which motivates the following token selection strategies.

Baseline. In the original GIDD framework (von Rütte et al., 2025), a conservative strategy is
introduced as a baseline. Among all potential changes in S, the algorithm selects only the single
token with the highest model confidence to update. Formally, the update setM consists of the index
j that maximizes confidence C, i.e.

M =
{
argmax

i∈S
Ci
}
, Ci = p

(k)
i (z̃

(k)
i ). (5)

This conservative approach ensures that only the most confident error is corrected at each step,
preventing the model from changing the sequence structure too quickly. This is the starting point
of our research, and we will propose improved selection strategies to address key limitations of this
baseline in the following.

Confidence-based top-K selection. A simple extension of the baseline is to not only consider
the single most confident token, but instead to facilitate parallel refinements by updating the top-K
most confident tokens. Consequently, this procedure is identical to the baseline with the exception
of selectingM⊆ S. We now have

M = arg topk
i∈S

Ci, Ci = p
(k)
i (z̃

(k)
i ). (6)

This allows the model to correct multiple high-confidence errors simultaneously, significantly accel-
erating convergence compared to the single-token update.

NLL-based top-K selection. Selection strategies based on negative log-likelihood (NLL) focus
on replacing tokens with low likelihood (i.e., high uncertainty) regardless of whether a suitable
alternative is available. This is based on the principle that high uncertainty tokens are considered to
be questionable and need to be reconsidered and is in contrast to confidence-based strategies, where
token replacements are confined to positions where the model is able to propose a good alternative.

To this end, we compute the per-token NLL of the current sequence z(k)i under the model’s predicted
distribution p(i). In top-K mode, we order all positions according to their NLL scores in descending
order and take the K positions with the highest scores (lowest probabilities):

M = arg topk
i∈S

Ci, Ci = − log p
(k)
i (z̃

(k)
i ). (7)

By selecting these positions, we let the model regenerate the most unexpected or implausible part of
the sequence.
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NLL-based dynamic threshold selection. Top-K strategies with fixed K tend to be quite inflex-
ible. This inflexibility may lead to over-correction of valid tokens in high-quality sequences, or
under-correction in low-quality sequences. Therefore, we propose a dynamic selection mechanism
in which the number of corrections is dependent on the uncertainty distribution of the sequence at
hand. A dynamic threshold δ will be defined based on the maximum observed uncertainty in the
current sequence. Let NLLmax = maxj{− log p

(k)
j (z

(k)
j )} be the peak uncertainty. The threshold δ

is then given by
δ = α · NLLmax, (8)

where α ∈ [0, 1] is a hyperparameter (empirically set to 0.9 in our experiments). The positions
selected for correction are defined as:

M = {i ∈ {1, . . . , L} | − log(p(i)(z
(i)
t )) ≥ δ} (9)

This mechanism makes sure that only the most extreme outliers are subjected to correction. As the
quality of the sequence improves and NLLmax decreases, the self-correction mechanism becomes
more conservative and stable without external modifications.

4 EXPERIMENTAL SETUP

4.1 BASE MODEL AND DATA GENERATION

To evaluate the effectiveness of self-correction methods, we use pre-trained GIDD models (Sec. 2)
as the sample generator. In particular, we used the GIDD-base checkpoint with a uniform noise
probability of punif = 0.2. See Appendix D for further details. A fixed set of 1,000 samples was
generated for the evaluation dataset. The generation process was performed using standard 128
inference steps. For consistency, all subsequent experiments are conducted on the same set of the
1,000 samples.

4.2 KEY HYPERPARAMETERS

In total, there are four important hyperparameters that control the behavior of the proposed self-
correction mechanism: tokens per step (K), sampling temperature (τ ), inference steps (Scorr)
and dynamic threshold ratio (α). These settings are chosen to capture the tradeoff between stabil-
ity, diversity, and computational cost. See Appendix B for further details.

4.3 EVALUATION METRICS

To systematically assess the performance of the self-correction framework, a combination of metrics
is employed. We use self-PPL, generative PPL, and sequence entropy to measure the fluency and
naturalness of generated samples, and BLEU score, token difference, and semantic cosine similarity
to measure fidelity to the original text. See Appendix C for further details.

Additionally, we rely on LLM-based evaulation to measure qualitative aspects of generated samples.
We use the Gemma 3 12B checkpoint (Gemma Team et al., 2025) to score the generations on a scale
from 1–10 across five distinct dimensions: grammaticality, factuality, style, clarity, creativity.
The detailed prompt and system instructions used for this evaluation are provided in Appendix H.

5 RESULTS AND ANALYSIS

5.1 SANITY CHECK

We first determine whether self-correction functions as intended: as a Monte Carlo fixed-point iter-
ation, we expect a hill-climbing effect on the model’s likelihood, leading to a decrease in self-PPL
and, hopefully, also generative PPL as judged by a reference model. Figure 1 illustrates the changes
of key metrics across different inference steps. Indeed, we observe a consistent monotonic decrease
in both self-PPL and gen.-PPL as the number inference steps increases, which stands for improve-
ment in fluency and model confidence. Figure 1 (middle) shows that the gen.-PPL drops from an
initial baseline of 130.0 to 37.1 after 32 inference steps (using the NLL-based top-K strategy with
K = 8, τ = 0.1). Extending the inference steps to 128 steps yields further improvements. The
Gen-PPL decreases to 28.1. This shows that self-correction is effective and can bring the text closer
to the natural language distribution. We observe a similar trend on the model’s intrinsic metrics.
The self-PPL drops by orders of magnitude, decreasing from 3,256 in the original generated text to
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Figure 1: Fluency metrics (self- and gen.-PPL) improve monotonically in the number of correction
steps, suggesting that all self-correction procedures successfully hill-climb the likelihood landscape
of the model. The mode-seeking nature of this fixed-point iteration is further confirmed by the stable
decrease in sequence entropy, which indicates a reduction, but not complete collapse, of diversity.
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Figure 2: Semantic similarity to the original sequence decreases monotonically in the number of
self-correction steps increase (left), with semantic drift correlating linearly with BLEU scores (mid-
dle). The number of changed tokens also correlates with semantic drift, although confidence-based
strategies are able to replace more tokens while maintaining the same semantic drift (right).

93.8 at step 32, and further to 61.6 at step 128 (NLL-based top-K strategy with K = 8, τ = 0.1).
Meanwhile, the self-accuracy of the model also increases from initially 56% to around 80% after
128 inference steps. The reduction in self-PPL shows that the uncertainty of the model about the
corrected text has been lowered.

Preservation of lexical diversity. The risk of mode collapse can occur when the model tries to
minimize loss by simplifying text into repetitive or generic patterns (e.g., short, safe sentences).
Therefore, the Shannon entropy of the token distribution is tracked. The entropy shown in Figure 1
(right) remains relatively stable throughout the correction process. Starting from a baseline of 5.14
and then reducing to 4.96 at the first 32 steps, the entropy still remains stable with 4.87 at 128 steps.
Thus, the self-correction functions as a precise editor and not a simplifier, where it tends to make a
correction to the content while maintaining the same level of lexical variety and sentence structure.

5.2 FIDELITY ANALYSIS

As the section 5.1 shows improvement in fluency, it is essential to demonstrate the magnitude of the
modifications and the impact on semantic preservation.

Linearity between BLEU and semantic similarity. An important step is to validate that the
model’s edit are meaningful and that the evaluation metrics are consistent. Figure 2 (Left) illus-
trates the correlation between BLEU scores and Semantic Cosine Similarity across all experimental
configurations. A strong linear correlation is observed between the two metrics(R2 > 0.99 for
the NLL-based approach and R2 = 0.97 for the confidence-based ones). This linear correlation
indicates that the self-correction mechanism applies word-level changes and changes in meaning
simultaneously. Due to this redundancy, Semantic Cosine Similarity will be utilized to represent
fidelity metrics in the subsequent chapters, as it aligns better with human perception of meaning
preservation.
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Table 2: Largest observed quality gains for each strategy. Quality improvements are always tied to
semantic drift, suggesting an inherent tradeoff between improving quality and preserving semantics.

Gramm. Fact. Style Clar. Creat. Avg. Sim. (%)

Generated (no correction) 1.66 1.71 1.50 1.59 2.30 1.75 100

Conf (K = 1; baseline) 1.89 1.92 1.67 1.72 2.42 1.92 95.9
Conf (K = 8) 2.25 2.43 1.91 2.10 2.36 2.21 84.2
NLL (top-K) 3.04 2.84 2.48 2.54 2.61 2.70 83.7
NLL (dynamic) 2.89 2.63 2.34 2.38 2.64 2.58 86.6

Gains of best (%) +83.1 +66.0 +65.3 +59.8 +14.7 +54.2 -16.3

Fidelity changes over inference steps. Figure 2 (right) illustrates tracks the Semantic Cosine
Similarity as the correction steps increases. A tradeoff between aggressiveness of the correction and
fidelity to the original text sample is observed. For the NLL-based approach (K = 4, τ = 0.1),
the Cosine Similarity remains relatively high for the first 32 steps (> 92%). As the self-correction
process extends to 64 steps, similarity further decreases to 89.8%. At 256 steps, the similarity stays
at 87.9%, which could indicate that the model begin to rewrite the sentence extensively.

In contrast, the confidence-based strategy demonstrates a more conservative decay profile. Using
the default confidence-based approach (K = 1, τ = 0.1), the Cosine Similarity still remains 96.0%
at 128 inference steps. As explained in Section 3.2, the Confidence-based approach only applies
safe changes where the alternative is strictly dominant. However, the NLL-based approach performs
more aggressively, correcting any position with high uncertainty. This fundamental difference makes
the NLL- strategy more effective in resolving deep-seated fluency issues (as seen in Section 5.1),
but at the cost of greater semantic drift.

5.3 LLM-BASED QUALITY EVALUATION

While measuring intrinsic quantitative metrics focuses on quantifying statistical likelihood, it is in-
sufficient to evaluate high-level linguistic attributes such as logical coherence. Therefore, we use
Gemma-3-12B as an external qualitative judge to conduct a comprehensive evaluation. The sam-
ples are scored on a scale of 1–10 across five distinct dimensions. The self-correction mechanism
demonstrates the capability to refine low-quality generations into coherent text. Figure 3 (left) il-
lustrates the progression of the Average Quality Score (mean of all five dimensions) throughout the
inference steps. The baseline score for the quality evaluation is 1.75 for the generated samples.

Confidence-based approaches. As shown in Figure 3 (left), the confidence-based strategy yields
the most conservative improvements. With an average score of 1.92, the naive approach (K = 1)
has a 9.4% overall improvement in quality. The multitoken approach (K = 8), in the meantime,
gains an improvement of 25.2% with the mean score of 2.19 at 128 steps.

NLL-based approaches. In terms of quality improvement, the NLL (dynamic threshold) strategy
has the best performance among all the strategies. With the configuration τ = 0.1, the average
score outperforms by reaching 2.46 at 64 inference steps, with a relative improvement of 40.7%.
The NLL (top-K) strategy also illustrates significant quality gains. With the optimal configuration
(K = 2, τ = 1.0), the scores increases monotonically to 2.58 at 128 steps, which is a relative
improvement of +47.2%.

Table 2 illustrates the qualitative impact of the self-correction mechanism. The largest observed
gains in grammaticality (+83.1%) and factuality (+66.0%) confirm that the NLL-based strat-
egy effectively resolves structural fractures and non-word hallucinations. Importantly, the concur-
rent rise in creativity (+14.7%) shows that over-smoothing does not apply, suggesting that self-
correction successfully repairs errors without losing the unique narrative identity of the original
generation.

5.4 TRADEOFF BETWEEN SAMPLE FIDELITY AND QUALITY IMPROVEMENT

One of the fundamental challenges of self-correction mechanism is to find the optimal balance be-
tween keeping semantic similarity and improving quality. Aggressive strategies that modify many
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Figure 3: Left: The quality score consistently improves as the model iteratively refines the text.
Right: The dashed line represents the Pareto frontier of NLL-based strategies. The knee points
(marked with a star) identify optimal tradeoff configurations balancing substantial quality gains
(22%, 31%, and 47%) with high semantic retention (98%, 96%, and 91%).

tokens often yield greater improvements, but could result in higher semantic drift. On the other hand,
conservative strategies can stay closer to the original text, but may fail to resolve important quality
issues. Investigating this tradeoff is essential for empirical applications. Instead of treating quality
improvement and semantic similarity as isolated metrics, we investigate them together to identify
the sweet spots. To this end, we use Pareto frontier analysis to eliminate inefficient strategies and
knee point detection to find the configuration that offers the best quality while maintaining low
semantic drift.

We apply Pareto Dominance Analysis (Lin et al., 2022)to identify the configurations representing
optimal tradeoffs: a configuration is considered Pareto optimal if there is no other configuration
increasing both the quality improvement and semantic similarity. The Pareto frontier consists of
all such dominating configurations and is illustrated in Figure 3 (right). The analysis identifies
17 configurations on the frontier, all of which use NLL-based token selection strategies. Details
on the pareto-optimal configurations are provided in Appendix B.2. This shows that NLL-based
approaches strictly outperform the confidence-based ones, yielding better quality improvements at
any given semantic preservation level while also taking fewer self-correction steps to do so.

Table 3: Preferred configuration identi-
fied via knee point analysis.

Parameter Selected val.
Selection strat. NLL (top-K)
Sampling temp. τ = 1.0
Tokens per step K = 2
Inference steps Scorr = 128

Semantic sim. 90.88%
Quality improv. +47.24%

Among the Pareto optimal configurations, we look for the
knee point, where the marginal tradeoff between quality
and fidelity exhibits the most significant change. Geo-
metrically, this is the point of greatest curvature on the
Pareto frontier. As illustrated in Figure 3 (right), there are
three points with particularly high curvature. We pick the
point with highest quality gain as the preferred configura-
tion, but for settings with strict semantic preservation re-
quirements, a different knee point may be preferable. The
preferred configuration is given in Table 3 and achieves a
quality improvement of 47.2%, while maintaining 90.9%
semantic cosine similarity.

This configuration exhibits some interesting characteristics. It combines a high temperature
(τ = 1.0), enabling diverse candidate sampling and exploration of alternative token choices, with
limited tokens per step (K = 2), restraining the modification budget in each step and preventing
overly aggressive modifications. With 128 correction step, it also features extended refinement.
While not being excessively expensive, it provides sufficient steps for the necessary corrections to
be performed. Qualitative examples produced with this configuration are provided in Appendix 1.
Additionally, our experiments show that extending inference further (e.g., to 256 steps) yields di-
minishing returns, where doubling the computational cost for negligible quality gains does not pay
off. Based on our analysis, we recommend the following settings:

• High quality: NLL (top-K; K = 2, τ = 1.0, Scorr = 128) achieves a significant improve-
ment in quality (+47.2%) while still preserving semantics (90.9%).

• Balanced: NLL (top-K; K = 8, τ = 0.1, Scorr = 8) achieves a good balance between
quality (+31.1%) and semantic similarity (96.1%).
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• High fidelity: For tasks requiring minimal edits, the more conservative NLL (top-K; K =
1, τ = 0.1, Scorr = 16) yields a +21.6% gain while keeping 98.0% semantic similarity.

• Creative rewriting: For scenarios where semantic drift is acceptable, higher temperatures
and additional steps can further increase quality, with NLL (top-K; K = 8, τ = 1.0,
Scorr = 256) achieving a +54.2% improvement.

5.5 OPTIMAL ALLOCATION OF INFERENCE COMPUTE
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Figure 4: Balancing denoising and self-
correction with a fixed inference budget.

We further investigate the allocation of fixed inference
budget between initial generation and correction. Let
Stot be the total number of steps. This is split into Sgen

(denoising/generation steps) and Scorr (correction steps),
where Stot = Sgen+Scorr. We define the denoising ratio
r = Sgen/Stot. Using the same preferred configuration
(Tab. 3) and the LLM-based Average Quality Score, we
evaluate the tradeoff between generation steps and self-
correction steps with different ratios r under three bud-
gets Stot ∈ {64, 128, 256}.
Figure 4 shows a non-linear relationship between step ra-
tio and average quality score. Spending the entire budget
on generation (r = 1.0) produces the worst average qual-
ity score, since no budget is used for self-correction. In
contrast, an excessively low ratio (e.g., ≤ 1/8) limits the base generation phase, which leads to
a drop in overall quality. This suggests that the self-correction mechanism struggles to fix overly-
noisy initial sequences even with more inference budget. Empirically, we find that a balanced ratio of
r ≈ 0.5 (equal steps for generation and correction) achieves the best performance overall. For each
budget, allocating the steps optimally between generation and self-correction results in a +17.9%,
+31.7%, and +41.7% improvement for 64, 128, and 256 steps, respectively, compared to allocating
all steps to generation. This indicates that it is always ideal to reserve at least some inference budget
for post-generation self-correction steps, but also that self-correction requires a consistent semantic
base to work well.

6 CONCLUSION

This paper conducted a systematic and comprehensive assessment of the self-correction mechanisms
under the framework of GIDD, leveraging LLM judgment. Our results identify self-correction as
an effective and promising way to improve the quality of text generation. We observed a tradeoff
between quality gain and semantic retention, and demonstrated that one of our proposed strategies
could strike a satisfactory balance. We also found that balancing the number of steps for denoising
and self-correction improved the overall performance with a fixed inference budget. Based on the
findings of this paper, future work could explore how to unify denoising and self-correction into
a single process. It would also be interesting to combine self-correction with insertion/deletion
operations to address variable-length text generation.
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Table 4: Hyperparameter search space for each self-correction algorithm.

Method Hyperparameters ranges

Confidence-based τ ∈ {0.1} K ∈ {1, 8} Scorr ∈ {1, 4, 8, 16, 32, 64, 128, 256}
NLL (top-K) τ ∈ {0.01, 0.1, 1.0} K ∈ {1, 2, 4, 8} Scorr ∈ {1, 4, 8, 16, 32, 64, 128, 256}
NLL (dynamic) τ ∈ {0.01, 0.1, 1.0} α ∈ {0.9} Scorr ∈ {1, 4, 8, 16, 32, 64, 128, 256}

A GIDD DETAILS

Training objective (ELBO). A neural network xθ(zt, t) is trained to predict clean data x from
noisy input zt. The training objective is derived from the Evidence Lower Bound (ELBO) of the
continuous-time diffusion process. For a sequence x, the negative ELBO can be simplified to a
weighted reconstruction loss:

LELBO = Et,zt [wt(zt,x) · LKL+IS(xθ(zt, t),x)] (10)
where t ∼ U(0, 1), zt ∼ qt(zt|x), and LKL+IS is a reconstruction loss consisting of two divergence
terms (Kullback-Leibler divergence and point-wise Itakura-Saito divergence). The weighting term
wt(zt,x) is essential in GIDD, as it assigns different weights to tokens depending on whether they
are masked, corrupted by uniform noise, or remain as clean data. This enables the model to focus
on the most informative parts of the sequence during denoising. See the original paper by von Rütte
et al. (2025) for additional details on the loss function and training procedure.

Sampling and denoising. Generation is performed by ancestral sampling. Starting from a pure
noise sequence z1 (sampled from the prior π1), we iteratively denoise the sequence over a discrete
time grid 1 = tT > tT−1 > · · · > t0 = 0. At each step s → t (where s > t), the next state is
sampled according to the reverse transition kernel:

zt ∼ pθ(zt|zs) ∝ qs|t(zs|zt)qt(zt|xθ(zs, s)) (11)
This process gradually removes noise—both masks and random tokens—to recover a coherent text
sequence z0. See the original paper for additional details on the sampling procedure.

B KEY HYPERPARAMETERS

Tokens per step (K): This parameter determines the maximum number of tokens modified in one
iteration (i.e., |M| ≤ K). A smaller K results in relative local and conservative changes. While a
larger K enables the model to address multiple independent errors at the same time and converge
faster.

Sampling temperature (τ ): The sampling temperature is used to control how logits are sampled
at the resampling phase. It effects the stochasticity of candidate generation. A low temperature
results in a sharpened probability distribution, which makes the model more conservative and favors
the high-probability corrections. While a higher temperature enables the model to explore more
creative changes, but could potentially perform riskier rewrites.

Correction steps (Scorr): This defines the total budget for the refinement loop. Since self-correction
happens iteratively, more inference steps allows for sequential improvements. However, it is impor-
tant to determine the point of diminishing returns where additional computational effort does not
yield significant quality gains.

Dynamic threshold ratio (α): This is the NLL-based dynamic threshold strategy in 3.2, where
this ratio defines the sensitivity of error detection. It sets the cutoff threshold relative to the maxi-
mum uncertainty in the current sequence so that the corrections are restricted to the most relevant
problematic tokens in the present context.

B.1 HYPERPARAMETER RANGES FOR SELF-CORRECTION

Table 4 summarizes the hyperparameter ranges explored for each inference-time self-correction al-
gorithm. We report the full grid used in our runs (16 configurations for confidence-based selection,
96 for NLL (top-K), and 24 for NLL dynamic thresholding).
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Table 5: All Pareto-optimal configurations and their semantic similarity and quality improvement.

Method τ K Scorr α Sim. (%) Qual. gain (%)

NLL (top-K) 0.01 1 1 - 99.87 6.69
NLL (top-K) 1.0 2 1 - 99.75 9.14
NLL (dynamic) 0.1 - 1 0.9 99.74 13.30
NLL (top-K) 0.1 1 8 - 99.02 16.97
NLL (top-K) 0.01 1 16 - 98.04 18.30
NLL (top-K) 0.1 1 16 - 98.03 21.57
NLL (top-K) 1.0 8 4 - 97.77 22.00
NLL (top-K) 0.1 4 8 - 97.61 22.71
NLL (dynamic) 0.01 - 8 0.9 96.74 24.10
NLL (top-K) 0.01 1 32 - 96.43 24.52
NLL (top-K) 0.1 1 32 - 96.42 26.82
NLL (top-K) 0.1 8 8 - 96.13 31.14
NLL (top-K) 1.0 2 64 - 93.41 33.31
NLL (top-K) 1.0 8 32 - 92.22 33.86
NLL (top-K) 0.01 2 64 - 91.75 41.61
NLL (top-K) 1.0 2 128 - 90.88 47.24
NLL (top-K) 1.0 4 128 - 88.64 50.02
NLL (top-K) 1.0 8 256 - 83.73 54.20

B.2 PARETO-OPTIMAL CONFIGURATIONS

Table 5 reports the exact configurations corresponding to the three knee points highlighted in the
Pareto plot (Fig. 3).

C EVALUATION METRICS

To systematically assess the performance of the self-correction framework, a combination of metrics
is employed, including intrinsic model confidence, fidelity, and LLM-Based evaluation. Each of the
metrics will be introduced below. Let x = (x1, . . . , xL) be a text sequence of length L, and V be
the vocabulary size.

C.1 QUANTITATIVE QUALITY METRICS

ELBO-Based Self-Perplexity (Self-PPL) To evaluate the intrinsic quality of the generated and
corrected sequences, we utilize the model’s own probabilistic estimate. Since the exact marginal
likelihood p(x) is not tractable for diffusion models, we rely on the Evidence Lower Bound (ELBO)
introduced in Section 2 as an alternative. We define Self-Perplexity as the exponential of the nega-
tive ELBO evaluated on the generated sequence itself.

Recall that the training objective maximizes the ELBO, which serves as a lower bound to the log-
likelihood. For a fixed sequence x, the negative log-likelihood (NLL) can be approximated by
discretizing the continuous time integral over t ∈ [ϵ, 1 − ϵ]. We employ a uniform discretization
strategy with N time steps (consistent with the evaluation protocol in GIDD):

ti = ϵ+
i− 1

N − 1
(1− 2ϵ), i = 1, . . . , N (12)

The per-sequence NLL is estimated by averaging the weighted reconstruction loss over these time
points:

NLL(x) ≲
1

N

N∑
i=1

Ezti∼qti (·|x)

[
wti(zti ,x) · LKL+IS(xθ(zti , ti),x)

]
(13)

where w(ti) is the importance weighting term derived from the noise schedule, and the expectation
over zti is approximated using single-sample estimation.
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To obtain a token-level metric, we average this value over the valid sequence length. Let mj =
I(xj = pad) be the indicator variable for padded tokens. The average per-token NLL is:

NLL =

∑L
j=1 mj · NLL(x)j∑L

j=1 mj

(14)

Finally, the Self-Perplexity is defined as:

Self-PPL = exp
(
NLL

)
(15)

Self-PPL is expected to decrease after the self-correction process, as the corrected sequence lies in
a higher density region of the model’s distribution.

Generative PPL To objectively evaluate the quality of generated text, we use an external language
model pLM (GPT-2 Large) to compute the generative perplexity. Let M =

∑L
j=1 mj denote the

count of tokens excluding padding. The metric is computed as:

Gen-PPL(x) = exp

(
− 1

M

L∑
i=1

mi · log pLM(xi|x<i)

)
(16)

Sequence Entropy Sequence Entropy is computed to measure the diversity of a given sequence
by proxy of empirical entropy of the token distribution for each sequence. We denote cv the count
of token v in x, and p̂(v) = cv/(

∑
cv) its observed frequency. It is important to note that the

summation is taken exclusively over the unique tokens appearing in x, not the entire vocabulary.
The entropy is given by the following:

H(x) = −
∑
v∈Vx

p̂(v) ln p̂(v) (17)

We monitor the average entropy per sequence to keep track whether the model falls into repetitive
loops (low entropy) or maintains diversity.

C.2 FIDELITY METRICS

BLEU Score To quantify the lexical fidelity, we compute the BLEU score (Papineni et al., 2002),
which measures the n-gram overlap between the original generation xorig and the corrected sequence
xcorr. The metric is defined as the geometric mean of modified n-gram precisions, adjusted by a
brevity penalty BP to penalize overly short generations.

BLEU = BP · exp

(
4∑

n=1

wn · log pn

)
, (18)

where wn = 1/4 are uniform weights.

Token Change Count We calculate the Hamming distance between the original and corrected se-
quences to quantify the magnitude of change, with mi again denoting the padding indicator variable:

∆(xorig,xcorr) =

L∑
i=1

mi · I(xorig,i ̸= xcorr,i) (19)

Semantic Cosine Similarity Beyond BLEU score which measures surface-level wording, the
preservation of semantic meaning also needs to be quantified. We uses Jina Embeddings v3 (see
Appendix E; Sturua et al., 2024). Let E(·) be the embedding function. The similarity is defined as
the cosine of the angle between the sentence embeddings:

Sim(xorig,xcorr) =
E(xorig) · E(xcorr)

∥E(xorig)∥∥E(xcorr)∥
(20)
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D GENERATOR MODEL CHECKPOINT DETAILS

The samples generated in this thesis utilize the GIDD-Base model trained with a uniform noise
probability of punif = 0.2. The model weights, configuration files, and usage instructions are pub-
licly hosted on the Hugging Face Hub.

• Model ID: dvruette/gidd-base-p unif-0.2

• URL: https://huggingface.co/dvruette/gidd-base-p_unif-0.2

To reproduce the generation results, the model can be loaded directly using the Transformers library
or the GIDD codebase provided in our supplementary material.

E SEMANTIC EMBEDDING MODEL DETAILS

For the semantic similarity evaluation, we employ jina-embeddings-v3, a high-performance multi-
lingual text embedding model developed by Jina AI.

• Model ID: jinaai/jina-embeddings-v3
• URL: https://huggingface.co/jinaai/jina-embeddings-v3

F QUALITATIVE JUDGE MODEL DETAILS

For the qualitative evaluation, we utilize the 12-billion parameter variant of the Gemma 3 family.

• Model ID: gemma3:12b
• Inference engine: Ollama, 4-bit quantized (GGUF Q4 K M)
• URL: https://ollama.com/library/gemma3:12b

G COMPREHENSIVE BREAKDOWN OF QUALITATIVE METRICS

Table 6 provides a comprehensive evaluation of all experimental configurations at 128 inference
steps. We report the LLM-based quality scores across five dimensions (clarity, grammaticality,
factuality, style, creativity) for various combinations of sampling temperatures (τ ) and tokens per
step (K).

H QUALITATIVE EVALUATION PROMPTS

To ensure reproducibility, we provide the exact prompts used to query the Gemma 3 12B judge
model via the Ollama API.

H.1 SYSTEM INSTRUCTION

The system prompt enforces strict output formatting to facilitate automated parsing:

You are a strict grader. Return ONLY valid JSON.
Do not include markdown fences or extra text.

H.2 USER PROMPT TEMPLATE

The user prompt template is used for each evaluation is given in Figure 5. The placeholder {text}
is replaced by the actual text sample generated by the GIDD model.
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Table 6: Full breakdown of qualitative metrics for all configurations at 128 inference steps.

Configuration Clar. Gram. Fact. Style Creat. Avg. Sim. (%)
Generated (no correction) 1.59 1.66 1.71 1.50 2.30 1.75 100

Confidence-based
K = 1, τ = 0.1 (baseline) 1.72 1.89 1.90 1.66 2.41 1.92 96.0
K = 8, τ = 0.1 2.09 2.24 2.39 1.89 2.35 2.19 84.3

NLL (top-K; τ = 0.01)
K = 1 2.14 2.58 2.42 2.11 2.57 2.37 90.6
K = 2 2.12 2.61 2.42 2.12 2.57 2.37 90.0
K = 4 2.21 2.61 2.49 2.17 2.57 2.41 88.8
K = 8 2.20 2.58 2.48 2.14 2.48 2.38 87.4

NLL (top-K; τ = 0.1)
K = 1 2.13 2.64 2.41 2.14 2.54 2.37 90.5
K = 2 2.24 2.68 2.46 2.21 2.59 2.44 89.7
K = 4 2.27 2.71 2.56 2.23 2.54 2.46 88.5
K = 8 2.34 2.73 2.65 2.22 2.52 2.49 86.9

NLL (top-K; τ = 1.0)
K = 1 2.05 2.51 2.34 2.04 2.63 2.31 92.6
K = 2 (preferred) 2.34 2.83 2.63 2.32 2.77 2.58 90.9
K = 4 2.42 2.91 2.69 2.38 2.73 2.63 88.6
K = 8 2.42 2.92 2.71 2.36 2.62 2.61 86.2

NLL (dynamic; α = 0.9)
τ = 0.01 2.20 2.70 2.56 2.21 2.55 2.44 88.3
τ = 0.1 2.26 2.74 2.58 2.23 2.56 2.48 87.8
τ = 1.0 2.32 2.75 2.58 2.28 2.69 2.53 88.2
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User Prompt Template

1. Clarity and coherence: Keeping in mind that the text may be cut
off in the beginning and at the end due to it being an excerpt, how
clear and understandable is the text?

2. Grammaticality: Are there any grammatical errors in the text?
3. Factuality: If applicable, is the factually verifiable
information stated in the text (e.g. facts about geography, history
, etc.) accurate and reliable?
4. Writing style: How well is the text written in terms of style
and fluency? Do the sentences flow well, is the vocabulary
appropriate?
5. Creativity: How original and creative is the text?
For each category, give a short justification before providing the
final score. Your answer should be following the JSON format, with
one top-level key for each aspect (’clarity’, ’grammaticality’, ’
factuality’, ’style’, and ’creativity’).
Each aspect, in turn, should be a JSON object consisting of a ’
reasoning’ and ’score’ key in that order. The ’reasoning’ key
should contain a short justification for the score, and the ’score’
key should contain the score itself.

Please keep the following in mind:
- Give your justification first before deciding on a final score.
- Only output the JSON containing the justifications and scores and
nothing else.

- Keep in mind that the presented paragraph may be an excerpt from
a longer document, so it may not be fully self-contained. Do not
deduct points for issues arising from this.
The text to be graded is as follows:
’’’
{text}
’’’

Figure 5: User prompt used for the LLM-based evaluation of sample quality.
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