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Abstract
We present Uncertainty-Gated Lexical Decoding (UGLD), a decoding-time framework for fine-grained lexical control
in Large Language Models (LLMs) that explicitly addresses the trade-off between controllability and fluency. UGLD
adaptively scales intervention through an entropy-based gating mechanism derived from the model’s predictive
distribution, activating control when uncertainty is high and limiting interference when predictions are confident.
The method supports both promotion toward and against predefined vocabularies. We evaluate UGLD in Italian
on two open-weight LLMs (ANITA 8B and Qwen 3 4B) across paraphrasing and free-text generation settings,
considering Simple Vocabulary Conditioning and Jargon Reduction scenarios. Automatic evaluation shows consistent
improvements in lexical coverage over standard decoding strategies, while human evaluation confirms that fluency is
preserved under controlled intervention.
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1. Introduction

Controlling the behavior of Large Language Models
(LLMs) for Text Generation is becoming increas-
ingly important as these models are used in a grow-
ing number of real-world scenarios that require ad-
herence to multiple constraints. To address this
need, recent techniques for Controlled Text Genera-
tion (CTG) include fine-tuning approaches (Nguyen
et al., 2024), prompt-based methods that express
the constraint as a natural-language instruction
(Zhou et al., 2023), and weighted decoding strate-
gies that intervene directly in the model’s output
distribution to adjust token probabilities during the
decoding stage (Pascual et al., 2021; Yang and
Klein, 2021). While the latter approaches are partic-
ularly suitable, especially in low-resource settings,
they face the recurrent challenge of maintaining
fluency of the generated texts. In fact, prior work
has shown that as the control strength increases
beyond a certain threshold, fluency can rapidly de-
crease (Zhong et al., 2023).

Building on these premises, we introduce
Uncertainty-Gated Lexical Decoding, a decoding-
time approach for fine-grained lexical control that
aims to preserve the fluency of the generated text.
The core idea is to modulate the strength of decod-
ing interventions according to the model’s uncer-
tainty in next-token prediction, rather than applying
lexical constraints uniformly across the generation
process. To this end, we devise an uncertainty-
gated mechanism derived from the entropy of the
model’s predictive distribution, which activates con-
trol primarily when the model is uncertain and limits
interference when it is confident in its predictions.

The gate supports two complementary forms of
lexical control: conditioning generation towards a
predefined set of lexical items through explicit lex-
ical priors, and conditioning it against undesired
vocabulary through logit-level penalties that sup-
press specific words.

We evaluate the proposed approach in two CTG
settings: paraphrasing, where the model rewrites
an input sentence under lexical constraints, and
free-text generation, where constraints are ap-
plied during unconstrained continuation. Experi-
ments are conducted on Italian and focus on two
complementary forms of lexical conditioning that
are relevant in real-world applications: Simple Vo-
cabulary Conditioning, which involves guiding
generation towards a predefined lexicon of simple
and high-accessibility words, and Jargon Reduc-
tion, which aims to guide generation away from
domain-specific terminology by suppressing tech-
nical lexical items. We consider these two condi-
tioning scenarios because they represent comple-
mentary directions of lexical control. Together, they
can be viewed as building blocks that could be inte-
grated into a broader Controlled Text Simplification
framework, which we leave as future work.

Contributions: i) we propose a novel decoding-
time framework that adaptively modulates lexical
control through an entropy-based gating mecha-
nism; ii) we make use of the lexical control mech-
anism to condition two LLMs towards and against
a predefined vocabulary, without requiring addi-
tional training or external discriminators, making it
particularly suitable for low-resource settings and
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languages1; iii) we provide a twofold evaluation con-
sisting of an automatic coverage metric to quantify
lexical shifts across different levels of intervention
strength and human judgments to assess fluency
preservation.

2. Related Works

Decoding techniques have been used as a way to
control LLMs’ generation, and are widely consid-
ered a family of Controlled Text Generation (CTG)
techniques (Zhang et al., 2023). Relevant previ-
ous works fall broadly into hard-constraint or soft-
constraint decoding methods.

Hard constraint decoding methods, such as
Grid Beam Search and Dynamic Beam Allocation
(Hokamp and Liu, 2017; Post and Vilar, 2018), en-
force the presence of specific words or phrases
through structural modifications of the beam search.
While effective at guaranteeing constraint satisfac-
tion, they do not provide adaptive control, leading
to less fluent text.

Soft-constraint approaches, including GeDI,
PPLM, FUDGE, and DExperts (Krause et al., 2021;
Pascual et al., 2021; Yang and Klein, 2021; Liu
et al., 2021), modify token probability to induce
high-level attributes (e.g., sentiment, toxicity, topic).
These methods, however, rely on a fixed strength
intervention and/or on a ‘learned’ discriminator to
manipulate the model’s logits. Such discriminators
are often implemented as trained classifiers, which
require additional annotated data and training re-
sources that may not be available in low-resource
settings, or as auxiliary LLMs, which substantially
increase computational cost at inference time. Our
method instead uses explicit lexical priors and logit
penalties with an adaptive intervention strength
modulated by the model’s own uncertainty, and
does not require training or querying external mod-
els. More generally, incorporating uncertainty into
decoding decisions has been explored in prior work
through entropy-based measures, which provide
a model-internal signal of confidence during lan-
guage generation, although these approaches are
not typically formulated within a CTG setting. Lo-
cally Typical Sampling (Meister et al., 2023) restricts
the sampling to tokens whose information content
matches the model’s conditional entropy to mimic
the human information pacing. Similarly, entropy-
based methods such as EGED (Das et al., 2025)
adjust decoding behavior under uncertainty, but do
not attempt lexical or attribute steering. ECO de-
coding (Shin et al., 2025) is closest to our method:
it adapts attribute-control strength using entropy,

1UGLD is available on GitHub: https://github.
com/michelepapucci/ugld and can be installed
with PyPI: https://pypi.org/project/ugld/

but still assumes a classifier-based attribute model
rather than explicit vocabularies.

3. Methodology

We present a decoding technique for Controlled
Text Generation called Uncertainty-Gated Lexi-
cal Decoding (UGLD). In particular, we present
two variations of UGLD: one that conditions the
model’s distribution towards producing a pre-set
vocabulary of tokens (UGLD-t), the other conditions
the model’s distribution against the chosen vocab-
ulary (UGLD-a). To do that, while preserving the
model’s fluency, we scale the intervention strength
by the model’s uncertainty in the next-token pre-
diction, leading to strong conditioning only when
the model is uncertain. To model uncertainty, we
employ Shannon’s Entropy H(p):

H(p) = −
∑
i

pi log pi

where p is a probability vector of the size of the
model’s vocabulary V , obtained by soft-maxing the
last layer model logits z, i.e., p = SoftMax(z) before
applying any probability manipulations.
By using the entropy H(p) we define a smooth
gating mechanism ϕ(p) ∈ [0, 1], that determines
how strongly to condition the distribution:

ϕ(p) = σ(
H(p)− τ

s
) (1)

Here, τ acts as an entropy threshold when the
intervention is activated. For H(p) ≪ τ , the gate is
closed ϕ ≈ 0; for H(p) ≫ τ the gate is open ϕ ≈ 1.
Since H(p) ∈ [0, log |V|], τ is typically chosen in
[0, log |V|], as outside this range we have degener-
ate behaviors2. Finally, σ is the sigmoid function
that normalizes the gate ϕ(p) ∈ [0, 1] and s is a
strictly positive smoothing factor that controls how
fast the gate opens: a smaller s value makes the
sigmoid reach 1 with lower values of H(p).

Conditioning Towards (UGLD-t) Given a sub-
set of tokens that we want the LLM to generate
with higher relative probability than the rest of the
vocabulary, hereafter referred to as green tokens
(Vgreen ⊂ V), we employ a soft mixture of probabil-
ity distributions to shift the model’s output distribu-
tion toward the green tokens when the uncertainty
is high:

p′ = (1− α)p+ αq (2)
Here p and q are the two probability distributions
we are mixing. In particular, p is the probability

2When τ ≫ log |V| we approximate an always closed
gate, and with τ ≪ 0 we approximate an always open
gate

https://github.com/michelepapucci/ugld
https://github.com/michelepapucci/ugld
https://pypi.org/project/ugld/
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vector over the vocabulary produced at the current
decoding step, while q is our conditioning prior dis-
tribution that allocates all of its probability mass
to the green tokens. Formally, q is any valid prob-
ability distribution where qi = 0 ∀i /∈ Vgreen and∑

i qi = 1. Finally, α represents the intervention
strength, calculated as the maximum intervention
strength allowed αmax ∈ [0, 1] weighted by the en-
tropy gate ϕ(p):

α = ϕ(p)αmax

Because α ∈ [0, 1], this update forms a convex
combination of the two distributions, ensuring that
p′ remains a valid probability distribution. Possible
instantiations of the conditioning distributions q are
described in Section 4.2.

Conditioning Against (UGLD-a) Given a subset
of tokens that we want the LLM to generate with
lower relative probability than the rest of the vocab-
ulary, hereafter referred to as red tokens (Vred ⊂ V),
we manipulate the model-produced logits to penal-
ize the generation of those tokens when the un-
certainty is high. To avoid normalization artifacts
or negative probabilities, the negative condition-
ing is performed directly in logits space. Given
the model’s logits z, we can subtract a vector of
penalties λr:

z′ = z− λr

where r is a vector of size |V| that contains weights
for each token inside the red vocabulary. Specif-
ically, ri > 0 ∀i ∈ Vred and ri = 0 otherwise. λ
is instead the penalty strength that gets scaled for
each token by r, and is calculated as the maximum
penalty strength allowed λmax ≥ 0 weighted by the
entropy gate ϕ(p):

λ = ϕ(p)λmax

The newly obtained logits z′ can be SoftMaxed
to obtain the final probability distribution over the
vocabulary from which the next-token prediction
can be sampled. Possible ways to build the weight
vector r are described in Section 4.2.

4. Experimental Settings

The effectiveness of the Uncertainty-Gated Lexical
Decoding strategy was evaluated in two condition-
ing scenarios. The Conditioning Towards strategy
was tested in a Simple Vocabulary Conditioning
scenario, which evaluates the ability of the strategy
to guide the model’s generation towards a prede-
fined set of simple and accessible words, while the
Conditioning Against strategy was tested in a Jar-
gon Reduction scenario, which evaluated the abil-
ity to guide generation away from domain-specific

terminology by suppressing technical vocabulary.
In both scenarios, the decoding strategy was tested
in two controlled text generation settings: para-
phrasing, where an original sentence is rewritten
under lexical conditioning, and free-text genera-
tion, where lexical conditioning is applied while
generating a short paragraph as a continuation of
an input sentence3.

All experiments were conducted using two open-
weight LLMs: one fine-tuned for Italian and one
multilingual. Specifically, we considered ANITA 8B
(Polignano et al., 2024)4, a model fine-tuned on Ital-
ian data and based on LLaMA 3 (Grattafiori et al.,
2024), and Qwen 3 4B (Yang et al., 2025)5, a multi-
lingual LLM pre-trained on large-scale multilingual
corpora, supporting Italian generation and used
here in its instruction-tuned version.

4.1. Data and Lexical Resources
Simple Vocabulary Conditioning. We consid-
ered a set of 100 sentences randomly sampled from
Wikipedia page dumps. We selected Wikipedia as
our source data because it provides a heteroge-
neous collection of general-purpose texts. The
two tested LLMs were conditioned toward gener-
ating green tokens from the New Basic Italian Vo-
cabulary (NBIV) (De Mauro and Chiari, 2016), de-
signed to include the vocabulary that ensures high
readability for readers with heterogeneous educa-
tion levels and originally including a list of 7,000
words highly familiar to native speakers of Italian.
Specifically, we considered the subset of words be-
longing to the class of Fundamental Words, which
includes very frequent and widely used words in
Italian. Within this class, we included in the list of
conditioning green tokens only words categorized
as adjectives, nouns, verbs, and past and present
participles. This choice is motivated by the intuition
that content words, rather than grammatical ones,
carry the core semantic load of a sentence and
therefore represent the most effective targets for
lexical conditioning aimed at increasing accessi-
bility. To convert this list from a list of lemmas to
a list of tokens, we first expanded each lemma to
every possible form, obtaining a final list of 98 430
word forms, then converted it to token IDs using
the tokenizer for the selected model, obtaining 4686
tokens for Anita and 4654 tokens for Qwen.
Jargon Reduction. Although the scenario is in
principle domain-general, we adopt the medical do-

3This was achieved through prompting. For the para-
phrasis, we asked the model to rewrite the sentence in its
own words. while for free-text generation we asked the
model to continue the sentence with a short paragraph.

4swap-uniba/LLaMAntino-3-ANITA-8B-Inst-DPO-
ITA

5Qwen/Qwen3-4B-Instruct-2507
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main as representative, as it has been widely con-
sidered in studies aimed at reducing the complexity
of expert-specific jargon. To this end, we used the
Italian version of the manuals available on MSD
Manuals6, one of the world’s most widely used spe-
cialized websites offering publicly accessible med-
ical information for both healthcare professionals
(Professional version) and non-expert users (Con-
sumer version), written to be clear and accessible
to non-expert readers. We considered a total of
100 sentences. As a lexical resource, we consider
the lexicon deriving from the Professional and Con-
sumer versions of the MSD articles. Specifically,
we employed a contrastive TF-IDF variant. We
computed Term Frequency (TF) on the profession-
als’ corpus by aggregating and length-normalizing
term counts across all professional documents. We
then computed Inverse Document Frequency (IDF)
on the consumers’ corpus, measuring how many
consumer documents each term appears in (with
smoothing). Candidate terms were extracted from
professionals’ texts and ranked by multiplying their
professional TF by their consumer-based IDF. In-
tuitively, this procedure extracts words that are fre-
quent in professionals’ texts but rare across con-
sumers’ documents. In practice, it highlights ter-
minology that is characteristic of the professional
domain, such as technical, clinical, or specialized
expressions, while downweighting words that are
common in both groups. Finally, we expanded each
word to all possible forms of its lemma, obtaining
111 196 forms, and extracted the token IDs using
the tokenizer for the selected model, yielding 11 820
tokens for Anita and 11 727 for Qwen.

4.2. UGLD Hyperparameter Choice
To test UGLD in both scenarios, we had to choose
a number of hyperparameters.

Simple Vocabulary Conditioning. For this sce-
nario, we employed UGLD-t, to condition the LLMs
towards generating more tokens that appear in the
NBIV. For the choice of conditioning prior q (See Eq.
2), we experimented with three possible choices:

1. Uniform We build a uniform prior that spreads
the probability mass equally across all green
tokens in Vgreen:

qi =

{
1

|Vgreen| i ∈ Vgreen

0, otherwise

2. Top-K We create a uniform prior that only
spreads its probability mass across the top-
K candidates in Vgreen in terms of probability

6https://www.msdmanuals.com

of being produced at that time step:

qi =

{
1

|K| i ∈ Top-K(Vgreen)

0, otherwise

3. Re-normalizing We re-normalize the model
probability distribution at each time step over
the set of green tokens Vgreen:

qi =

{
pi∑

j∈Vgreen
pj

i ∈ Vgreen

0, otherwise

We then set the threshold τ based on the distri-
bution of entropy values H(p) in the dataset (See
Figure 1a ) so that the entropy is higher than τ in
around a third of the decoding steps. We chose 0.1
for Qwen, and 0.5 for Anita. Then, for αmax and s
we tested each prior in three different scenarios:

• Soft Conditioning. We kept the intervention
soft, with a max intervention strength αmax =
0.25 and a relatively fast smoothing s = 0.3;

• Medium Conditioning. Here we increased
the max intervention strength αmax = 0.5 and
kept the smoothing s = 0.3;

• Strong Conditioning. Finally, we pushed the
intervention strength to αmax = 0.8 and made
the decoding transition very rapidly towards
the maximum strength of intervention with a
very fast smoothing s = 1−12;

Jargon Reduction. For the task, we employed
UGLD-a to condition the model to generate fewer
technical words. To do that, we experimented with
two different ways of constructing the weight vector
r:

1. Fixed Weights: A fixed penalty weight of 1 is
applied to each token in Vred:

ri =

{
1 if i ∈ R

0 otherwise

2. Dynamic Weights: A dynamic penalty is cal-
culated at each time step, where a larger
penalty is allocated towards red tokens that the
model is currently more likely to generate. For
each i ∈ |Vred| we compute a relative score via
min–max normalization over the probabilities
of red tokens pred and map it to [1, 2]:

ri =

{
1 + pi−min(pred)

max(pred)−min(pred)
if i ∈ Vred

0 otherwise

Similar to the Simple Vocabulary Conditioning
scenario, we fixed τ to 0.3 for Qwen and 0.8 for

https://www.msdmanuals.com
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(a) Wikipedia (b) MSD

Figure 1: Percentage of decoding steps with entropy higher than possible τ threshold values. On the left,
the entropy calculated on Wikipedia texts, on the right, the entropy calculated on MSD texts.

Anita based on the model’s entropy distribution
over the decoding steps of the dataset (see Figure
1b). Then, for λmax and s we created again three
scenarios:

• Soft Conditioning. We tried a soft penalty to
the logits, with a λmax = 2 and a relatively fast
smoothing s = 0.3;

• Medium Conditioning. Here we increased
the max penalty λmax = 4 and kept the smooth-
ing s = 0.3;

• Strong Conditioning. Finally, we pushed the
penalty λmax = 6 and made the decoding
transition very rapidly towards the maximum
penalty, with a very fast smoothing s = 1−12;

4.3. Evaluation Methods
We adopted two types of evaluation methods, i.e.,
automatic metrics and human judgments, aimed
at assessing complementary aspects of the UGLD
approach. Automatic metrics are considered to
quantify the extent to which the approach success-
fully guides the model’s lexical choices toward or
away from predefined vocabularies under differ-
ent decoding settings. On the contrary, human
judgments are aimed at assessing fluency of the
generated text, given that decoding-time control
may negatively affect this aspect of the generation
process.
Automatic evaluation. For both controlled gener-
ation settings (paraphrasing and free-text genera-
tion), we computed the coverage of either green or
red tokens in the generated outputs under different
conditioned decoding strategies, considering both
greedy decoding and nucleus sampling. Specif-
ically, The coverage is calculated as the length-
normalized percentage of generated tokens that
are part of the selected lexicon, so for the the Sim-
ple Vocabulary Conditioning it is the proportion of

generated green tokens belonging to the target ac-
cessible lexicon7 while for Jargon Reduction, we
measured the proportion of generated red tokens
belonging to the technical vocabulary. For each set-
ting, we compared the baseline decoding behavior
(Greedy and Nucleus) with its uncertainty-gated
counterpart (+ UGLD-t or + UGLD-a), ensuring that
observed differences can be attributed to the pro-
posed conditioning strategy rather than to decoding
variability.
Human judgments. While automatic evaluation
was conducted on the full set of experimental con-
figurations, human judgments were collected on
a selected subset. We focused on the Simple
Vocabulary Conditioning scenario, as it involves
paraphrasing and free-text generation of Wikipedia-
style sentences, which are more easily assessable
by human evaluators than texts from specialized
medical domains. Human evaluation was further
restricted to comparing the Nucleus baseline with
Nucleus+UGLD-t under the Re-normalizing con-
figuration. This choice was made as the Nucleus
baseline is a very commonly used decoding strat-
egy used in the wild. As for the other hyperparame-
ters, we considered only the Soft and Strong condi-
tioning settings, corresponding to the two extremes
of conditioning strength, in both paraphrasing and
free-text scenarios. This resulted in 50 pairs per
model (Qwen and ANITA) per scenario, for a total
of 400 pairs. For each model and scenario, the
pairs were randomly distributed into 2 question-
naires of 25 pairs each, administered to 5 distinct
annotators recruited via Prolific, all native speakers
of Italian, for a total of 80 annotators8. For each pair,

7Table 6 (in the Appendix) shows an example in para-
phrasing a sentence using different models and different
UGLD-t configurations.

8Annotators were compensated £7.50/h. For the para-
phrasis setting, we estimated a completion time of 20
min. while the observed average completion time was
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Green Token Coverage on Wikipedia (Paraphrasis) ↑
Original Text 0.37

Anita

Greedy 0.38
Nucleus 0.37

Uniform Top-K Re-Normalization
Soft Medium Strong Soft Medium Strong Soft Medium Strong

Greedy + UGLD-t 0.38 0.38 0.38 0.38 0.38 0.40 0.38 0.38 0.44
Nucleus + UGLD-t 0.37 0.37 0.36 0.40 0.40 0.40 0.39 0.39 0.40

Qwen

Greedy 0.38
Nucleus 0.37

Uniform Top-K Re-Normalization
Soft Medium Strong Soft Medium Strong Soft Medium Strong

Greedy + UGLD-t 0.38 0.38 0.38 0.38 0.38 0.40 0.39 0.39 0.42
Nucleus + UGLD-t 0.37 0.38 0.37 0.37 0.38 0.37 0.39 0.38 0.41

Table 1: In gray the best greedy configuration, in blue is the best nucleus configuration. In bold the
best configuration overall, per-model.

annotators answered 2 binary (yes/no) questions
assessing the fluency of each sentence in terms
of grammatical correctness (“Is sentence 1 gram-
matically correct?” / “Is sentence 2 grammatically
correct?”). The UGLD and Nucleus sampled sen-
tences came from the same prompt, model, and
scenario, with only the decoding strategy changed,
and were randomly assigned to be either sentence
1 or sentence 2.

5. Results

Automatic evaluation. Results are reported in Ta-
bles 1, 2, 3, and 4. Tables 1 and 2 present results
for the paraphrasing setting, reporting lexical cover-
age in the conditioning-toward scenario (measured
as green-token coverage) and the conditioning-
against scenario (measured as red-token coverage)
for Wikipedia and MSD texts, respectively. Tables 3
and 4 report the corresponding results for free-text
generation. For all settings, we consider greedy
decoding and nucleus sampling as baselines. The
latter coverage was obtained as the average cov-
erage across 9 generation runs. We then applied
UGLD-t to Wikipedia and UGLD-a to MSD, and
after manipulating the probability distribution with
the two techniques, we decoded both by greedy
decoding (Greedy + UGLD) and nucleus decoding
(Nucleus + UGLD)9.

As a general outcome, we can observe that free-
text generation exhibits stronger lexical con-
trol effects than paraphrasing. Specifically, free-
text generation yields higher green token cover-
age in the conditioning-toward scenario (UGLD-t)

21 minutes and 24 sec. For the free-text setting, we esti-
mated a completion time of 30 min. while the observed
average completion time was 32 minutes and 39 sec.

9We chose a top-p = 0.9, which is a common choice
for the nucleus decoding

and lower red token coverage in the conditioning-
against scenario (UGLD-a). This pattern is con-
sistent with the entropy-based design of UGLD:
free-text generation typically involves higher uncer-
tainty, which increases the activation of the gat-
ing function and results in stronger lexical con-
trol. In contrast, paraphrasing constrains the model
through the source sentence, reducing uncertainty
and therefore limiting the effect of the conditioning.

More specifically, we can observe a number
of differences across conditioning scenarios. In
the conditioning-toward scenario (Wikipedia), base-
line green-token coverage in paraphrasing remains
close to that of the original sentence for both ANITA
and Qwen. Under UGLD-t, modest gains are
observed with Uniform and Top-K priors, while
Re-Normalization yields more substantial improve-
ments, particularly when combined with greedy de-
coding. A similar trend emerges in free-text gener-
ation, where stronger hyperparameter settings fur-
ther increase green-token coverage for both mod-
els. In contrast, in the second conditioning sce-
nario (MSD), conditioning against the red vocab-
ulary (UGLD-a) produces markedly larger shifts
relative to baseline, for both models. Although Nu-
cleus paraphrasing already reduces red-token cov-
erage compared to the original text, UGLD-a further
decreases it for both models, especially when com-
bined with Dynamic Weights under Strong hyperpa-
rameter settings. In free-text generation, this effect
becomes even more pronounced. Overall, these
results indicate that conditioning against a vo-
cabulary produces larger coverage differences
than conditioning toward a vocabulary, across both
generation settings. It seems to suggest that sup-
pression tends to induce larger shifts because di-
rectly penalizing selected tokens forces a stronger
redistribution of token probabilities, whereas promo-
tion must compete with the model’s original token
ranking, resulting in more moderate deviations from
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Red Token Coverage on MSD (Paraphrasis) ↓
Original Text 0.44

Anita

Greedy 0.41
Nucleus 0.39

Fixed Weights Dynamic Weights
Soft Medium Strong Soft Medium Strong

Greedy + UGLD-a 0.38 0.39 0.39 0.39 0.40 0.41
Nucleus + UGLD-a 0.35 0.31 0.24 0.32 0.25 0.22

Qwen

Greedy 0.44
Nucleus 0.43

Fixed Weights Dynamic Weights
Soft Medium Strong Soft Medium Strong

Greedy + UGLD-a 0.43 0.43 0.43 0.43 0.43 0.43
Nucleus + UGLD-a 0.41 0.39 0.34 0.40 0.35 0.29

Table 2: In gray the best greedy configuration, in blue is the best nucleus configuration. In bold the
best configuration overall, per-model.

Green Token Coverage on Wikipedia (Free-Text generation) ↑

Anita

Greedy 0.39
Nucleus 0.39

Uniform Top-K Re-Normalization
Soft Medium Strong Soft Medium Strong Soft Medium Strong

Greedy + UGLD-t 0.39 0.39 0.39 0.40 0.41 0.43 0.40 0.42 0.42
Nucleus + UGLD-t 0.39 0.39 0.39 0.40 0.40 0.39 0.40 0.41 0.43

Qwen

Greedy 0.47
Nucleus 0.47

Uniform Top-K Re-Normalization
Soft Medium Strong Soft Medium Strong Soft Medium Strong

Greedy + UGLD-t 0.47 0.47 0.47 0.48 0.48 0.50 0.48 0.50 0.50
Nucleus + UGLD-t 0.46 0.47 0.46 0.48 0.47 0.47 0.47 0.49 0.50

Table 3: In gray the best greedy configuration, in blue is the best nucleus configuration per model. In
bold the best configuration overall, per-model.

the baseline.
A last remark concerns the hyperparameters set-

ting. As we can see, across models and condi-
tioning scenarios, the Re-Normalization and Dy-
namic Weights configurations tend to yield the
strongest lexical control. This suggests that
more adaptive strategies, those that dynamically
adjust the intervention at each decoding step, are
more effective than static priors in shaping lexical
choice. Moreover, the Strong configuration pro-
duces the largest coverage shifts, reflecting the
impact of higher intervention strength.
Human evaluation. Table 5 reports inter-annotator
agreement (Fleiss’ κ), calculated separately for the
first (S1) and second (S2) sentence (or text) in each
evaluated pair, and fluency rates (Fluency %) for
paraphrasing and free-text generation under base-
line nucleus decoding and the uncertainty-gated
counterpart (Nucleus+UGLD-t), for both ANITA and
Qwen. All evaluations were conducted on outputs
generated under the Soft and Strong conditioning
strengths. Fluency percentages correspond to the
proportion of 50 sentences/texts, per configuration,

for which the majority of annotators answered “Yes”
(baseline vs. UGLD).

To test whether UGLD affects fluency, we apply
the exact McNemar test on paired binary judgments.
This test is designed for matched outputs (base-
line vs. UGLD for the same input) and evaluates
whether the two systems differ in the proportion of
positive judgments, focusing on discordant pairs.
Across all settings, differences in fluency between
UGLD and Nucleus are small, and all of them are
non-significant (p > 0.05), indicating that UGLD
does not systematically degrade grammatical cor-
rectness. Even in the Strong conditioning setting,
where lexical coverage shifts are largest, fluency
remains statistically comparable to baseline decod-
ing. In some configurations, UGLD is numerically
higher, though not significantly so.

As we can see, agreement scores range from low
to moderate, consistent with prior work on subjec-
tive fluency judgments, even among native speak-
ers, as annotators may vary in whether they focus
on strictly grammatical aspects or also consider
broader orthographic and stylistic factors. Impor-
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Red Token Coverage on MSD (Free-Text generation) ↓

Anita

Greedy 0.39
Nucleus 0.38

Fixed Weights Dynamic Weights
Soft Medium Strong Soft Medium Strong

Greedy + UGLD-a 0.39 0.38 0.39 0.38 0.37 0.38
Nucleus + UGLD-a 0.35 0.28 0.20 0.31 0.19 0.17

Qwen

Greedy 0.37
Nucleus 0.36

Fixed Weights Dynamic Weights
Soft Medium Strong Soft Medium Strong

Greedy + UGLD-a 0.36 0.36 0.36 0.37 0.37 0.38
Nucleus + UGLD-a 0.33 0.27 0.17 0.32 0.19 0.12

Table 4: In gray the best greedy configuration, in blue is the best nucleus configuration.

Fleiss κ S1 Fleiss κ S2 UGLD Fluency % Nucleus Fluency % p-value

Anita
Paraphrasis Soft 0.29 0.39 62 72 0.42

Strong 0.37 0.54 56 54 1.0

Free-text Soft 0.2 0.3 82 78 0.80
Strong 0.36 0.27 44 32 0.28

Qwen
Paraphrasis Soft 0.43 0.45 68 76 0.57

Strong 0.28 0.37 84 78 0.64

Free-text Soft 0.19 0.15 66 62 0.83
Strong 0.33 0.20 62 60 1

Table 5: Results of the human evaluation.

tantly, agreement levels are similar across configu-
rations, suggesting that UGLD does not introduce
additional instability in perceived fluency. These
findings seem to provide empirical support for our
objective of developing a decoding-time condition-
ing approach that enhances lexical control without
compromising fluency.

6. Conclusion

In this paper, we introduced Uncertainty-Gated Lex-
ical Decoding (UGLD), a decoding-time framework
for fine-grained lexical control in LLMs that explic-
itly addresses the trade-off between controllability
and fluency. Unlike prior decoding-based control
approaches, UGLD does not rely on additional train-
ing or external discriminators, making it particularly
suitable for low-resource settings and languages.
Instead, it leverages the entropy of the model’s
predictive distribution to adaptively scale lexical
intervention, activating control when uncertainty
is high and limiting interference when predictions
are confident. This uncertainty-aware mechanism,
combined with explicit lexical priors and logit-level
penalties, constitutes the core novelty of our ap-
proach.

We evaluated the approach on two open-weight
LLMs: ANITA, fine-tuned for Italian, and Qwen 3,
a multilingual model supporting Italian generation.

The twofold evaluation highlights complementary
strengths of UGLD. On the one hand, automatic
results show consistent improvements in lexical
coverage, both in terms of increased use of sim-
ple vocabulary and reduced presence of expert-
specific jargon in UGLD-based generations. The
analysis further indicates that hyperparameter se-
lection plays a crucial role: configurations that dy-
namically adapt the intervention at each decoding
step and employ stronger intervention strengths
produce the largest coverage shifts. On the other
hand, human evaluation confirms that these lexical
shifts do not negatively affect fluency. This is a par-
ticularly relevant outcome, as fluency degradation
is a well-known limitation of decoding-time control
approaches. Notably, annotators did not perceive a
significant decline in fluency even under strong con-
ditioning settings. Overall, these findings suggest
that UGLD can serve as a reliable building block for
future Controlled Text Simplification frameworks.
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8. Lay Summary

Large Language Models (LLMs) are increasingly
used to automatically generate text in a wide range
of contexts. In many cases, however, it is important
to control the type of language they produce. For in-
stance, texts may need to use simpler and more ac-
cessible vocabulary, or avoid technical terminology
when addressing non-expert readers. Achieving
this type of control is challenging, as stronger con-
straints often reduce the fluency and naturalness
of the generated text.

In this work, we propose a method that enables
more precise control over the words used by these
models while preserving the quality of the gener-
ated text. Our approach operates during the text
generation process and does not require additional
training resources. The key idea is to adjust the
level of control depending on how uncertain the
model is on what words to generate: stronger guid-
ance is applied when the model is less certain,
while more freedom is allowed when it is more con-
fident.

We evaluate the method on Italian using two
LLMs: ANITA, which is fine-tuned for Italian, and
Qwen 3, a multilingual model capable of generating
Italian text. The experiments focus on two scenar-
ios: encouraging the use of simple vocabulary and
reducing the presence of domain-specific jargon. In
both cases, the method relies on external vocabu-
laries, such as a list of common Italian words and a
lexicon of technical terms, to guide the generation.

The results show that the proposed approach
effectively increases the use of accessible words
and reduces technical language, while maintain-
ing fluency according to human evaluation. These
findings suggest that the method can support ap-
plications aimed at improving the accessibility and
readability of automatically generated texts.
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A. Appendix

Table 6 shows an example in paraphrasing de-
coded with the Nucleus baseline and all the
Nucleus+UGLD-t configurations. Words belong-
ing to the New Basic Italian Vocabulary (NBIV) are
highlighted in green.
As can be seen, the proportion of green words
increases as the conditioning strength increases.
For Anita, we can see that Anita Soft rewrites the
sentence with the same number of green tokens
as the Original, having a coverage lower than the
Nucleus counterpart. For all the remaining Anita’s
settings and all Qwen’s settings, higher coverage
is achieved than in both the original sentence and
the corresponding nucleus settings.
Curiously, while for Qwen the semantic content of
the sentence is always correctly preserved during
the paraphrasing, Anita either removes or changes
the Proper noun of the sentence, from “Dario Arel-
lano” to “Ennio Morricone”. However, since this
behavior also occurs in the baseline Nucleus set-
ting, it appears to be model-specific rather than
induced by UGLD.
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Variant Sentence (NVDB highlighted) Coverage
Original Figlio del noto produttore musicale Darío Arellano, fin da

piccolo si dedica al teatro e alla recitazione. (lit. Son of the
well-known music producer Darío Arellano, from an early age he
devotes himself to theatre and acting.)

0.294

Nucleus Anita Figlio del noto compositore musicale Ennio Morricone, da
bambino si dedica al teatro e all’attoreplay. (lit. Son of the well-

known musical composer Ennio Morricone, as a child he devotes
himself to theatre and to attoreplay.)

0.312

Nucleus Qwen Figlio del celebre musicista Darío Arellano, già da bambino si
appassiona al teatro e alla recitazione. (lit. Son of the celebrated
musician Darío Arellano, already as a child he becomes passionate
about theatre and acting.)

0.188

Anita Soft Figlio del noto compositore musicale Ennio Morricone, sin da
bambino si dedica al teatro e alla recitazione. (lit. Son of the

well-known musical composer Ennio Morricone, from childhood he
devotes himself to theatre and acting.)

0.294

Anita Medium Figlio del noto compositore musicale Ennio Morricone, fin da
bambino si applica al teatro e all’ attore . (lit. Son of the well-

known musical composer Ennio Morricone, from childhood he ap-
plies himself to theatre and to the actor.)

0.412

Anita Strong Figlio del famoso compositore musicale , fin da bambino si
appassiona al palcoscenico e all’ arte d’ attore . (lit. Son of the
famous musical composer, from childhood he becomes passionate
about the stage and the art of the actor.)

0.353

Qwen Soft Figlio del celebre musicista Darío Arellano, da giovanissimo si
appassiona al teatro e alla recitazione. (lit. Son of the celebrated
musician Darío Arellano, at a very young age he becomes passion-
ate about theatre and acting.)

0.200

Qwen medium Figlio del famosissimo musicista Darío Arellano da giovane si
affaccia al teatro e alla recitazione. (lit. Son of the very famous
musician Darío Arellano, as a young man he approaches theatre
and acting.)

0.267

Qwen Strong Figlio del celebre musicista Darío Arellano, fin da quando era un
bambino si impegnava nel teatro e nello studio di recitazione.

(lit. Son of the celebrated musician Darío Arellano, from when he
was a child he was engaged in theatre and in the study of acting.)

0.333

Table 6: Example from Wikipedia in the paraphrasing scenario, generated with standard Nucleus sampling
and with each Nucleus+UGLD-t settings. In bold all the settings that reach a higher coverage than its
corresponding Nucleus baseline or Original, whichever is higher.
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