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Abstract

Large language models (LLMs) achieve strong performance in text gener-
ation but exhibit pronounced syntactic bias, relying heavily on construc-
tions frequently observed during pre-training while underproducing many
patterns common in human-written text. Existing decoding strategies pri-
marily operate at the token level through probability truncation and do
not explicitly account for linguistic structure, partly due to the computa-
tional cost of evaluating syntactic properties during decoding. We propose
SALA, a syntax-aware decoding framework that adjusts token logits to en-
courage the generation of syntactically rare constructions. SALA employs
a lightweight linear probe that predicts part-of-speech information from
LLM hidden states and token embeddings, enabling efficient syntax-aware
re-weighting of token probabilities with minimal computational overhead.
The adjustment magnitude is further modulated by the model’s confidence
to preserve fluency and coherence. Experiments across multiple models,
decoding strategies, and benchmarks demonstrate that SALA consistently
improves generation quality and diversity, and yields gains on reasoning
tasks, while incurring minimal latency. Our results highlight the impor-
tance of incorporating linguistic structure into decoding and suggest that
lightweight, post-hoc interventions can effectively mitigate syntactic bias
in LLMs.

1 Introduction

Large language models (LLMs) have achieved impressive results in text generation and
are often fine-tuned with reinforcement learning to better align with human preferences.
Despite these advances, LLMs exhibit a strong syntactic bias, relying heavily on templates
seen during pre-training: 76% of templates in model-generated text appear in the pre-
training data, compared to only 35% of templates in human-written text (Shaib et al., 2024).
This indicates that LLMs generate only a limited subset of the constructions used by humans,
creating a noticeable gap between model-generated and human-written text and reducing
generation quality. Because models over-rely on familiar patterns from pre-training while
many human syntactic constructions remain underrepresented, LLM outputs fail to capture
the full richness and variety of human syntax. Addressing this limitation requires methods
that promote the production of underrepresented syntactic patterns.

Language models rely on decoding strategies to generate output tokens. Existing approaches
typically perform token truncation, filtering the candidate token set based on the token-
level probability distribution, without examining the linguistic properties of individual
tokens. This design choice arises from two primary challenges. First, tokens do not always
correspond to complete linguistic units, such as words or phrases, making it difficult to
reason about syntax or semantics at the token level. Second, evaluating each token for
its linguistic properties across the full vocabulary at every decoding step would incur
significant computational overhead, which is prohibitive for large-scale generation. As
a result, conventional decoding strategies focus primarily on token filtering rather than
directly adjusting token probabilities.
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(a) Standard decoding (b) Ours

Figure 1: Token distribution before sampling with decoding strategies. Since LLMs rely on
syntactic templates seen during pre-training, we design syntax-guided logit adjustment
through a linear probe to promote syntactically rare tokens and enhance generation quality.

To alleviate syntactic bias and improve generation quality, we propose SALA, a decoding
framework that increases the probabilities of syntactically rare tokens while reducing those
of more common tokens, as shown in Figure 1. To address the associated computational
overhead, we employ a lightweight linear probe that predicts the part-of-speech (POS) of
each token from the LLM’s hidden state and token embedding. Prior work has shown
that LLM representations encode substantial syntactic information (Hewitt & Manning,
2019; Tenney et al., 2019), and since both the hidden state and token embedding are readily
available during decoding, obtaining these inputs incurs negligible overhead. Token proba-
bilities are then adjusted based on the predicted POS distribution, with the magnitude of
adjustment moderated by the model’s confidence to maintain fluency. Our contributions
are summarized as follows:

• We propose SALA, a syntax-aware decoding framework that encourages underrep-
resented syntactic constructions during generation.

• We develop a lightweight linear probe that leverages LLM hidden states to enable
efficient logit adjustment with negligible computational overhead.

• We show that SALA improves generation quality and diversity across multiple
models and token truncation strategies on open-ended text generation benchmarks,
and yields additional gains on math reasoning tasks.

2 Related Work

Decoding Strategies. Existing decoding strategies sample from a filtered set of candidate
tokens. Top-k sampling (Fan et al., 2018) draws tokens from the k highest-probability tokens,
while top-p sampling (Holtzman et al., 2020) samples from the smallest set of tokens whose
cumulative probability mass exceeds p. Mirostat (Basu et al., 2021) dynamically adjusts the
effective top-k cutoff to maintain a target perplexity during generation. Typical sampling
(Meister et al., 2023) selects tokens whose informativeness is close to the expected entropy
of the distribution. Adaptive decoding (Zhu et al., 2024) includes tokens that contribute at
least a specified level of confidence. η-sampling (Hewitt et al., 2022) and min-p sampling
(Minh et al., 2025) filter out tokens whose probabilities fall below a threshold determined
by the entropy and the maximum token probability, respectively. Top-nσ sampling (Tang
et al., 2025) retains tokens whose probabilities lie within a specified number of standard
deviations from the maximum. Shi et al. (2024) and Zhou et al. (2025) investigate in
hyperparameter selection among these strategies. However, they operate by filtering or
truncating the candidate token set without directly modifying token-level probabilities,
which limits their ability to further improve generation quality.

Human-like Text Generation. Research on human-like text generation aims to improve
the naturalness, coherence, and overall quality of language model outputs, making them
more aligned with human-written text. One prominent approach is reinforcement learning
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(a) Linear probe (b) Syntax-Aware Logit Adjustment

Figure 2: (a) The linear probe is trained to predict the part-of-speech (POS) tag of a token
given the previous context, utilizing the hidden state and token embedding for high effi-
ciency. (b) At the decoding stage, the trained linear probe predicts the POS tag of candidate
tokens for syntax-aware logit adjustment to encourage syntactically rare tokens and sup-
press common ones. The adjusted token logits follow any existing sampling method (e.g.
top-k) for token truncation and sampling.

from human feedback, where models are fine-tuned using feedback from human evalu-
ators by first training a reward model and then optimizing the language model through
reinforcement learning (Stiennon et al., 2020; Ouyang et al., 2022). Other strategies leverage
preference-based optimization, such as Direct Preference Optimization (Rafailov et al., 2023),
which trains models directly on ranked outputs without requiring an explicit reward model.
Additionally, instruction fine-tuning trains models on high-quality human-written instruc-
tions and responses to improve generation quality (Wei et al., 2022). These methods improve
alignment with human writing by fine-tuning the language model on human judgments or
proxies of human preferences, while our approach operates entirely at the decoding stage,
requiring no additional fine-tuning of the underlying language model.

3 Methodology

3.1 Problem Formulation

Given an input sequence tokenized by a tokenizer Ta, a language model Ma produces, at
each decoding step j, a hidden state hj and token logits Lj ∈ R|Va |, where Va denotes the
vocabulary of Ma. Our goal is to obtain adjusted logits L∗j that yield improved sampling
behavior under the same token truncation strategy (e.g., top-k sampling).

3.2 Probing Model

Motivation. To adjust token probabilities during decoding, we require access to the POS
information of candidate tokens at each decoding step, while introducing minimal com-
putational overhead. A straightforward approach is to pre-compute a POS tag for each
token in the vocabulary and retrieve it during decoding. However, POS tags are inherently
context-dependent, making such static annotations error-prone.

Alternatively, POS tags can be obtained using an external POS tagger (e.g., NLTK (Loper &
Bird, 2002)). However, this approach has two major limitations: (1) it operates at the word
level and often fails to assign meaningful tags to subword tokens, and (2) its sequential
nature introduces substantial latency as the sequence length grows.

To address these challenges, we leverage the internal representations of the LLM to predict
POS tags via a lightweight linear probe Pa. The hidden states provide contextual information,
while the token embedding represents the candidate token itself. Importantly, both are
readily available during decoding, making this approach computationally efficient.

Training Setup. We formulate the training data at the token level, where each example
is a pair (x, y), with x = (x1, . . . , xn) and y = (y1, . . . , yn) denoting a token sequence and
the corresponding POS tags, respectively. For each position j ∈ {1, . . . , n}, we construct a
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Algorithm 1 Probing Model Training

Require: Language model Ma, tokenizer Ta, untrained probe Pa
Ensure: Trained probe Pa

1: for each tokenized sentence (x, y) do
2: for j = 1 to |x| do
3: Run Ma on prefix (Sa, x<j)
4: Extract hidden state hj
5: Extract token embedding TEj of xj
6: Predict POS ŷj ← Pa(hj, TEj)
7: Update Pa by minimizing CE(ŷj, yj)
8: end for
9: end for

10: Return Pa

training instance by running the language model Ma on the prefix (Sa, x<j), where x<j =
(x1, . . . , xj−1) and Sa denotes the starting token(s) of Ma. We extract the resulting hidden
state hj, which encodes the contextual information up to position j. The input to the probe
Pa is the pair (hj, TEj), where TEj is the embedding of the target token xj, and the output is
the predicted POS tag of xj:

ŷj = Pa(hj, TEj) (1)

The linear probe concatenates the hidden state and token embedding to predict the POS tag
and is trained with cross-entropy loss, as shown in Algorithm 1 and Figure 2a. Since the
hidden states and token embeddings are specific to each language model Ma and tokenizer
Ta, a separate linear probe Pa must be trained for each model.

Since POS annotations are available at the word level, we adapt a standard word-level POS-
tagged corpus (TreeBank (Marcus et al., 1993)) to this token-level formulation, by assigning
the same POS tag to all tokens originating from the same word. While this approximation is
not always linguistically precise, it provides a consistent and informative syntactic signal
that is sufficient for guiding the decoding process. Details can be found in Appendix A.

3.3 Decoding Strategy

With a trained linear probe Pa from Section 3.2, we illustrate the decoding process, as shown
in Figure 2. At each decoding index, the LLM produces the hidden state h and the token
logits L. From these logits, we select the top-m candidate tokens and their probabilities
π ∈ Rm, retrieve their token embeddings, and predict their POS tags using Equation 1. To
promote syntactically rare tokens, we introduce adjustment weights w ∈ Rm based on the
predicted POS distribution. For each POS class p, we count the number of tokens assigned
to that class among the top-m candidates and compute an entropy-inspired weight:

wi =

√
− log2

(
cp(i)

)
, cp =

|Ip|
m

(2)

where Ip is the set of token indices with POS class p, |Ip| denotes the number of tokens in
class p among the top-m candidates, and p(i) denotes the predicted POS class of token i.
Consequently, all tokens assigned to the same POS class receive identical weights, with syn-
tactically rarer classes yielding larger adjustments. Intuitively, tokens in less frequent POS
classes receive higher weights, thereby increasing the likelihood of sampling syntactically
rare tokens.

To balance fluency, we introduce a confidence factor c at each decoding step j to modulate
the magnitude of the adjustment. This factor reflects the model’s certainty over the pre-
dicted token probabilities: higher uncertainty results in a larger adjustment, while higher

4



Published as a conference paper at COLM 2026

Algorithm 2 SALA

Require: Language model Ma, tokenizer Ta, trained probe Pa, hyperparameter α, m
Ensure: Adjusted logits L∗ at each decoding step

1: for each decoding step do
2: Get hidden state h and logits L from Ma
3: Select top-m tokens and probabilities π
4: Retrieve their token embeddings
5: Predict POS tags for the tokens using Pa
6: for each POS class p do

7: Compute class frequency cp =
|Ip |
m

8: end for
9: for each candidate token i do

10: Compute weight wi ← − log2(cp(i))
11: end for
12: Compute entropy c← −∑m πj log πj
13: Normalize entropy c← c/ log(m)
14: Adjust logits L∗ ← L + α · c ·w
15: end for

confidence results in a smaller adjustment. We compute c as the normalized entropy of the
token distribution:

c = −
∑m

j=1 πj log2 πj

log2 m
(3)

Intuitively, when the model Ma is confident in the next token, the logit adjustment is minor
to protect fluency; when the candidate tokens are more evenly likely, the logit adjustment
is higher to promote syntactically rare tokens. To control the scale of the adjustment, we
normalize the entropy by its maximum possible value, yielding a bounded confidence factor.
Finally, we obtain adjusted logits L∗ by:

L∗ = L + α ∗ c ∗w (4)

where α is a scalar hyperparameter. The algorithm and its GPU-accelerated implementation
are shown in Algorithm 2 and Appendix D. The adjusted logits L∗ follow token truncation
strategies (e.g. top-k) to sample the output token.

4 Experiments

4.1 Setup

Models. We evaluate our method on several representative LLMs, including GPT2-XL
(Radford et al., 2019), Llama2-7B (Touvron et al., 2023), Qwen2.5-7B (Yang et al., 2024),
Llama3-8B (Grattafiori et al., 2024), and Llama3.1-70B (Grattafiori et al., 2024). These
models span multiple generations and training regimes, enabling evaluation across diverse
architectures.

Datasets. We conduct experiments on two widely used text generation benchmarks:
WikiText (Merity et al., 2017), which consists of human-written Wikipedia articles, and
WritingPrompts (Fan et al., 2018), a story generation dataset containing human-written
prompts and narratives.

Baselines. We compare existing decoding strategies in their standard form against the
same strategies incorporated with our approach. The strategies are top-k sampling (Fan

5



Published as a conference paper at COLM 2026

WritingPrompts WikiText
R2 R3 R4 Div. Mauve R2 R3 R4 Div. Mauve

Human 4.27 1.16 0.59 94.37 – 4.24 1.14 0.57 94.37 –
Top-k 21.86 14.94 11.80 65.67 14.67 18.57 13.75 11.62 70.55 13.58
+ SALA 17.88* 11.35* 8.73* 71.75* 14.91* 15.40* 10.68* 8.82* 75.64* 14.40*
Top-p 8.04 4.67 3.57 87.08 18.63 8.87 5.79 4.69 85.73 18.72
+ SALA 7.59* 4.33* 3.28* 87.89 20.30 8.79 5.69 4.59 85.94 19.03
Typical 9.32 5.50 4.16 85.10 18.38 7.02 4.46 3.55 88.58 20.10
+ SALA 6.32* 3.46* 2.63* 89.93* 20.23 6.81* 4.23* 3.35* 88.88 19.70
Min-p 58.53 53.07 49.75 22.14 3.80 38.88 34.80 32.59 43.65 4.15
+ SALA 48.01* 41.62* 38.09* 33.23* 6.60* 33.72* 29.01* 26.67* 50.14* 6.19*
η 10.53 6.29 4.74 83.31 17.20 14.03 9.88 8.19 77.94 17.09
+ SALA 9.18* 5.22* 3.96* 85.36* 18.34 13.53* 9.52* 8.00 78.61 17.33*
Adaptive 17.19 11.43 9.02 73.11 15.96 68.76 67.07 65.91 19.08* 1.12
+ SALA 12.18* 7.39* 5.72* 80.68* 17.99* 70.08 68.36 67.25 17.49 1.17*
Top-nσ 46.22 39.92 36.35 35.90 7.80 34.98 30.52 28.22 48.52 6.23
+ SALA 35.61* 29.11* 25.81* 48.52* 9.95* 29.53* 24.84* 22.65* 55.76* 8.41*
Human 8.50 2.15 0.76 89.03 – 5.88 1.45 0.53 89.03 –
Top-k 13.18 6.46 4.45 79.90 60.85 9.70 5.01 3.72 85.43 33.80
+ SALA 12.45* 5.87* 4.01* 81.16* 68.37* 9.37* 4.67* 3.44* 86.12* 34.74
Top-p 5.34 2.05 1.43 92.22 64.81 6.11 2.74 1.95 90.99 36.38
+ SALA 4.78* 1.86* 1.36 93.02* 65.14 5.81* 2.51* 1.77* 91.47 37.26
Typical 4.30 1.64 1.20 93.67 60.98 6.15 2.79 2.03 90.97 35.14
+ SALA 4.19 1.55 1.12 93.91 67.64* 4.86* 2.10* 1.53* 92.85 37.30
Min-p 25.48 17.13 13.61 60.40 45.33 20.06 14.12 11.90 68.97 21.57
+ SALA 22.49* 14.52* 11.40* 65.02* 45.90* 18.32* 12.59* 10.57* 71.94* 25.50*
η 8.33 3.62 2.57 87.57 59.17 7.99 3.85 2.80 88.18 32.83
+ SALA 7.80* 3.29* 2.28* 88.40* 63.41* 8.33 4.17 3.13 87.68 34.50*
Adaptive 9.55 4.31 3.04 85.63 63.69 54.44 49.87 47.14 24.38 5.77
+ SALA 9.00* 4.00* 2.80* 86.45 65.34 51.35* 46.60* 44.01* 27.28* 5.86*
Top-nσ 17.91 10.62 8.04 72.09 51.08 17.30 11.64 9.66 73.67 24.24
+ SALA 15.83* 8.92* 6.70* 75.59* 57.05* 14.84* 9.45* 7.72* 77.66* 26.84*

Table 1: Performance of different decoding strategies across two datasets for GPT2-XL
(top) and Llama3-8B (bottom). Each sample is generated five times and averaged. Bold
indicates better performance, while * denotes statistical significance (p < 0.05) compared to
the baseline. SALA consistently improves the generation quality and diversity.

et al., 2018), top-p sampling (Holtzman et al., 2020), typical sampling (Meister et al., 2023),
adaptive decoding (Zhu et al., 2024), η-sampling (Hewitt et al., 2022), min-p sampling (Minh
et al., 2025), and top-nσ sampling (Tang et al., 2025). Using identical hyperparameters in the
decoding strategy, this setup directly measures the effect of our approach on top of each
decoding strategy.

Evaluation Metrics. We assess generation quality using Mauve (Pillutla et al., 2021),
which measures the similarity between the token distribution of generated text and that of
human-written text. We also evaluate diversity using repetition rates of 2-, 3-, and 4-grams,
denoted as R2, R3, and R4, respectively (Zhu et al., 2024), where lower values indicate
higher diversity. In addition, we report an overall Diversity score (Meister et al., 2023),
computed from these repetition metrics. Higher MAUVE and Diversity scores indicate
better generation quality and diversity, respectively.

Implementation Details. Following Zhu et al. (2024), we frame the experiments as a
text continuation task on 1,200 randomly selected samples from each dataset, with 1,000
samples for testing and 200 for validation. We use the pre-trained base model without
further fine-tuning. For WikiText, the first 32 tokens are used as the prompt, while for the
story generation task, the provided prefix serves as the prompt. The maximum generation
length is 256 tokens. To account for the stochasticity of sampling-based decoding, each
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Qwen2.5-7B-Instruct Llama3-8B-Instruct Qwen3-8B
Method MAUVE Div. MAUVE Div. MAUVE Div.
Human – 94.24 – 94.40 – 94.24
Top-k 37.59 96.51 38.09 95.76 31.54 94.71
+ SALA 38.11 96.56 38.44 95.74 32.77* 94.97
Top-p 36.12 96.49 36.12 95.60 30.68 94.54
+ SALA 37.76 96.44 36.77 95.48 32.38* 94.53
Typical 33.45 96.73 33.45 95.80 32.87 94.77
+ SALA 37.24 96.81 33.93 95.82 35.45* 95.14
Min-p 37.82 95.62 37.82 94.93 33.38 94.25
+ SALA 39.03* 95.67 38.37 94.97 34.28* 94.22
η-sampling 36.75 96.69 36.75 95.75 32.41 94.72
+ SALA 39.73* 96.72 34.80 95.85 34.07* 95.13
Adaptive 38.69 94.16 30.40 94.18 36.00 93.43
+ SALA 39.78 93.83 30.40 94.18 36.50 93.41
Top-nσ 34.74 95.95 35.60 94.95 32.53 94.57
+ SALA 37.55* 95.91 35.66 94.92 32.77 94.68

Table 2: Instruction-following performance under Qwen2.5-7B, Llama3-8B, and Qwen3-8B
models. SALA consistently improves generation quality across truncation strategies. Div.
denotes Diversity, while * indicates statistical significance (p < 0.05).

sample is generated five times under a temperature of 1.0, and the results are averaged. The
hyperparameter values of the decoding strategies are selected based on previous literature
(Zhu et al., 2024; Zhou et al., 2025; Shi et al., 2024) and can be found in Appendix B. All token
truncation strategies are implemented using the official implementations in the Hugging
Face Transformers library1.

4.2 Results

Table 1 demonstrates SALA’s performance on two datasets with GPT2-XL and Llama3-8B
across seven baseline strategies, evaluating both generation quality and diversity. Overall,
SALA improves the diversity and quality of the underlying truncation strategies in most
settings, with statistically significant gains in many cases. The largest improvement is
observed for min-p sampling on GPT2-XL, with gains of 74% and 50% on the two datasets,
respectively. For common truncation strategies such as top-k and top-p sampling, SALA
consistently yields improvements, with statistical significance in some cases. In a few set-
tings (e.g., η-sampling with Llama3-8B on WikiText), SALA slightly reduces token diversity,
but the generated text still exhibits higher overall quality than the corresponding baseline.

This improvement can be attributed to SALA’s ability to promote syntactically rare tokens
and encourage more human-like generation. By encouraging these syntactically rare tokens,
SALA enhances generation quality while often increasing diversity, as observed in most
settings. In cases where generation quality improves without a corresponding increase in
diversity, we hypothesize that SALA promotes tokens that are more aligned with human-
like text, even if their overall diversity does not surpass that of the baseline outputs. Similar
trends are observed for Llama2-7B. For Qwen2.5-7B and Llama3.1-70B, however, baseline
truncation strategies yield very low generation quality (around 5% Mauve), making SALA
less stable in these settings. Additional results are provided in Appendix E.

4.3 SALA for Instruction-following

Instead of text continuation, we evaluate SALA on instruction-following tasks using
Qwen2.5-7B-Instruct (Yang et al., 2024) and Qwen3-8B (Yang et al., 2025) on the Writ-
ingPrompts dataset. The instruction prompt is provided in Appendix C.1. As shown in
Table 2, SALA consistently improves generation quality across different truncation strategies
in this setting.

1https://github.com/huggingface/transformers/blob/main/src/transformers/generation/
logits_process.py
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Decoding Turn-1 Turn-2 Mean
Top-p 7.5625 6.8875 7.2250

+ SALA 7.7500 7.1250 7.4375

Table 3: Llama3-8B-Instruct performance on the MT-Bench dataset with GPT-4.1 as the
scorer.

(a) Top-k (k = 20) (b) Top-p (p = 0.95) (c) Min-p (p = 0.1) (d) Top-nσ (n = 1)

Figure 3: Accuracy vs. number of samples N with and without SALA. SALA improves
min-p and top-nσ on MultiArith, and consistently boosts top-k and top-p on GSM8K; gains
for other methods converge as N increases.

We further evaluate SALA on the real-world MT-Bench dataset (Zheng et al., 2023), which
measures instruction-following performance across two conversational turns. For each turn,
GPT-4.1 scores the outputs of Llama3-8B-Instruct under top-p truncation, both with and
without SALA. As reported in Table 3, SALA consistently improves instruction-following
performance across turns.

4.4 SALA for Reasoning

We evaluate SALA on two mathematical question-answering datasets: MultiArith (Roy
& Roth, 2015) and GSM8K (Cobbe et al., 2021), using the self-consistency strategy (Wang
et al., 2023) with Llama3.2-3B-Instruct (Grattafiori et al., 2024). For each question, the final
prediction is determined by majority voting over multiple sampled solutions. The prompt
can be found in Appendix C.2. Figure 3 reports accuracy as a function of the number of
samples N, comparing each truncation strategy (top-k, top-p, min-p, and top-nσ) with and
without SALA.

On MultiArith, SALA improves performance for both min-p and top-nσ sampling, although
accuracy for all methods exceeds 95% after a small number of samples. On GSM8K, SALA
yields substantial and consistent gains for top-p across most values of N, and improves
top-k when the sample size is around 15 and 55. For min-p and top-nσ, SALA may slightly
underperform at small sample sizes, but converges to comparable performance as N in-
creases.

5 Analysis

5.1 Ablation

Effect of m. SALA adjusts the logits of the top-m tokens, leaving the remaining tokens
untouched. For small m, tokens with substantial probabilities are excluded. As m increases,
the additional tokens carry progressively smaller probabilities, while potentially increasing
computational cost. To analyze this trade-off, we examine the effect of varying m on
computation time, generation quality, and token probability mass coverage, as shown in
Figure 4.

For GPT2-XL, the top-500 tokens (orange) cover 90% of the probability mass in only 20%
of cases, indicating a relatively flat output distribution. In contrast, Qwen3-8B exhibits
more confident predictions, with the top-300 tokens consistently covering over 99% of the
probability mass. Figure 4 further shows that increasing m generally improves generation
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(a) GPT2-XL (b) Llama3-8B (c) Qwen3-8B

Figure 4: Cumulative distribution of the fraction of probability mass captured by the top-m
tokens over multiple iterations for three models and their respective generation quality (q;
Mauve) and time cost (t; milliseconds).

(a) GPT2-XL (b) Llama3-8B (c) Qwen3-8B

Figure 5: Quality and diversity across hyperparameter α on the WritingPrompts dataset.
Quality is sensitive to α and varies across models, with optimal values differing by model,
while diversity remains largely stable.

quality when the probability mass is distributed across many tokens. Once most of the
probability mass is covered, further increasing m yields diminishing or even negative
returns in generation quality. In terms of computational overhead, the additional cost is
negligible: expanding m by 1,000 tokens increases runtime by 0.01 ms on average.

Effect of α. The hyperparameter α controls the magnitude of the logit adjustment in SALA:
α = 0 corresponds to standard decoding, while larger values increase the influence of the
syntactic signal. We analyze the effect of varying α on generation quality and diversity,
as shown in Figure 5. While diversity remains relatively stable across different values
of α, generation quality is more sensitive to this parameter and exhibits model-specific
optimal ranges. For GPT2-XL, generation quality improves when α ∈ [0.5, 2.0], but degrades
at higher values due to excessive syntactic influence. For Qwen3-8B, some values of α
reduce generation quality, whereas α = 1.5 yields the best performance, indicating a model-
dependent sweet spot.

5.2 Decoding Speed

Table 4 compares the total decoding latency per step of SALA with existing POS tagging
tools, including spaCy2 and NLTK3, under the top-p truncation strategy on an NVIDIA
H200 GPU. We report the average decoding time per step, averaged over 100 samples. Due
to their high computational overhead, spaCy and NLTK are evaluated by obtaining POS
tags for only 10 candidate tokens per step, whereas SALA obtains for 1,000 tokens per step.

On average, top-p decoding alone requires less than 10 ms per step, while spaCy and NLTK
increase the total latency to approximately 50 ms and 800 ms per step, respectively, making
logit adjustment impractical at inference time. In contrast, SALA requires only 0.9-1.4 ms

2https://spacy.io/usage/linguistic-features#pos-tagging
3https://www.nltk.org/api/nltk.tag.pos_tag.html
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LLM Top-p spaCy NLTK SALA
GPT2-XL 0.53 51.03 819.11 0.88
Llama3-8B 0.58 51.61 840.01 1.33
Qwen3-8B 0.88 73.18 867.62 1.42

Table 4: Average decoding time (ms) with POS tagging compared against spaCy and NLTK
libraries.

Top-k Top-p Min-p Top-nσ
Baseline / +SALA Baseline / +SALA Baseline / +SALA Baseline / +SALA

WikiText 4.35 / 4.36 4.38 / 4.37 4.31 / 4.41 4.31 / 4.42
WritingPrompts 4.36 / 4.44 4.47 / 4.47 4.28 / 4.43 4.29 / 4.42

Table 5: Entropy of syntactic template distributions for Llama3-8B across decoding strategies
and datasets. Results are reported with and without SALA; higher entropy is shown in bold.

per decoding step in total. By directly leveraging LLM hidden states, SALA substantially
reduces decoding latency compared to external POS taggers such as spaCy and NLTK.

5.3 Syntactic Diversity

We further analyze the syntactic diversity of the generated outputs using dependency-based
syntactic templates. Specifically, for each generated sample, we extract templates of the
form ((head POS, dependency relation, child POS)). We aggregate these templates across
the test set and compute their Shannon entropy over the resulting template distribution.
Higher entropy indicates a more uniform distribution of syntactic patterns, reflecting greater
structural diversity and less reliance on repetitive dependency structures. As shown in
Table 5, SALA generally increases the entropy across decoding strategies and datasets,
indicating that SALA promotes greater diversity in the syntactic structures of generated
text.

6 Conclusions and Future Work

In this paper, we proposed SALA, a syntax-aware decoding framework that adjusts token
logits to encourage syntactically diverse and less frequent constructions during generation.
By incorporating syntactic signals directly at the decoding stage, SALA complements exist-
ing decoding strategies without requiring any modification or fine-tuning of the underlying
model. Experimental results across multiple benchmarks and model families show that
syntax-aware logit adjustment consistently improves both generation quality and diversity.
The results further indicate improvements on tasks such as math reasoning. By leveraging
model hidden states and token embeddings, SALA achieves these gains with substantially
lower computational cost compared to existing part-of-speech taggers.

These findings underscore the importance of integrating linguistic structure into the de-
coding process, demonstrating that lightweight, post-hoc interventions can meaningfully
influence model outputs. While SALA is effective across a range of tasks, future work could
explore extensions to other languages, broader domains, and additional linguistic signals.
More broadly, we hope this work motivates further research to enhance the controllability,
diversity, and overall quality of large language model outputs.
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A Part-of-Speech Classification

POS classes. We adapt the original classes from Treebank (Marcus et al., 1993) into 38
classes by combining punctuations (“,”, “.”, “:”, “''”, “``”, “-LRB-”, “-RRB-”) into one class
and symbols (“#”, “$”, “SYM”) into another. Other classes can be found in the original
documentation.

Training setup. From NLTK (Loper & Bird, 2002), we use sections 0-18 for training and
section 19 for validation, comprising 3,796 and 118 sentences, respectively. We retain the
linear probe model weights that achieve the highest validation accuracy over 75 training
epochs with a learning rate of 0.0001.

Training results. Figure 6 shows the training and validation curves of the linear probe for
multiple language models. The linear probe consistently achieves high validation accuracy
above 90% across models.

(a) GPT-XL (b) Llama3-8B (c) Qwen3-8B

Figure 6: Training and validation curves for the linear probe under various language models.
The linear probe consistently achieves high validation accuracy across models.

B Hyperparameters

For our experiments in Section 4, we evaluate SALA on top of each token truncation strategy.
The hyperparameter values of the truncation strategies are selected based on previous
literature and listed in Tables 6 and 7.

GPT2-XL Llama2-7B Llama3-8B Qwen2.5-7B
Top-k (k) 20 20 20 20
Top-p (p) 0.95 0.95 0.95 0.95
Typical (τ) 0.92 0.99 0.99 0.99
Min-p (p) 0.1 0.1 0.1 0.1
η-sampling 0.0009 0.0006 0.006 0.006
Adaptive (ϵ) 0.001 0.001 0.001 0.001
Top-nσ (n) 1.0 1.0 1.0 1.0

Table 6: Hyperparameter values of the truncation strategies for the WritingPrompts dataset.

GPT2-XL Llama2-7B Llama3-8B Qwen2.5-7B
Top-k (k) 15 20 20 20
Top-p (p) 0.95 0.95 0.95 0.95
Typical (τ) 0.99 0.95 0.95 0.95
Min-p (p) 0.1 0.1 0.1 0.1
η-sampling 0.004 0.006 0.006 0.006
Adaptive (ϵ) 0.001 0.001 0.001 0.001
Top-nσ (n) 1.0 1.0 1.0 1.0

Table 7: Hyperparameter values of the truncation strategies for the WikiText dataset.
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C Prompts

C.1 Instruction-following Prompt on WritingPrompts Dataset

Section 4.3 evaluates instruction-tuned models with and without SALA for story generation.
The prompt is the following:

System: You are a writer. Write a story that continues from the given prefix.

User: Prefix: <prefix>

C.2 Instruction-following Prompt for Math Reasoning

Section 4.4 evaluates mathematical question-answering datasets on Llama3.2-3B-Instruct
with and without SALA. From Tang et al. (2025), the prompt is the following:

System: You are a helpful expert problem solver. Please strictly follow the user’s
instructions, especially the output format.

User: Please answer the following question:\n\n<question>\nYour response must
end with “The final answer is (answer)”. No units. For example: (Question and
your reasoning) The final answer is 33.

D SALA Implementation

Below is an implementation of SALA compatible to the Hugging Face Transformers library.

1 class SALALogitsWarper(LogitsWarper):
2 def __init__(self , coef , embed_matrix , linear_probe , device , m=3000):
3 self.coef = coef
4 self.embed_matrix = embed_matrix
5 self.linear_probe = linear_probe
6 self.m = m
7

8 def __call__(self , input_ids , scores , outputs):
9 # Last hidden state at final time step

10 last_hidden_state = outputs.hidden_states [-1][:, -1, :]
11

12 # Top -m candidate selection
13 top_m_values , top_m_indices = torch.topk(scores , self.m, dim=-1)
14 token_probs = F.softmax(top_m_values [0], dim=0)
15

16 with torch.no_grad ():
17 prefixes = last_hidden_state.repeat(top_m_indices.size (1), 1)
18 token_embeds = self.embed_matrix(top_m_indices [0])
19 full_embeddings = torch.cat([prefixes , token_embeds], dim=1)
20 pos_logits = self.linear_probe(full_embeddings)
21

22 pos_tags = candidate_pos_logits.argmax(dim=-1)
23

24 # POS -conditioned entropy adjustment
25 nentropy = self._normalized_entropy(top_m_values.view(-1))
26 adjustments = self._compute_weights(pos_tags).to(device)
27 scores[0, top_m_indices [0]] += (self.coef * nentropy *

adjustments)
28 return scores
29

30 def _compute_weights(classes , TAGNUMS =38):
31 # unweighted counts
32 counts = torch.zeros(TAGNUMS , device=classes.device)
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33 counts = counts.scatter_add (0, classes , torch.ones_like(classes ,
dtype=torch.float))

34 class_probs = counts / counts.sum()
35 token_class_probs = class_probs[classes]
36 zero_mask = (token_class_probs == 0)
37 weights = torch.sqrt(-torch.log2(token_class_probs + 1e-12))
38 weights = torch.where(zero_mask , torch.zeros_like(weights),

weights)
39 return weights
40

41 def _normalized_entropy(logits , dim=-1):
42 log_p = torch.log_softmax(logits , dim=dim)
43 p = log_p.exp()
44 H = -(p * log_p).sum(dim=dim)
45 return H / torch.log(torch.tensor(logits.size(dim), device=logits

.device))

E More Results

The experimental results for GPT-XL and Llama3-8B were shown in Table 1. Table 8 and 9
show the results for Llama2-7B, Qwen2.5-7B, and Llama3.1-70B models.

F Qualitative Analysis

We illustrate SALA with three input examples on GPT2-XL and Llama3-8B by plotting the
top-10 token probability distributions before and after the logit adjustment in Figure 7. With
the prefix “Donald”, the models are highly confident in the next token, resulting in low
entropy and minimal adjustment. For the prefix “They”, the candidate tokens are more
diverse, leading to more noticeable changes in the probabilities. With the prefix “Time”,
the models exhibit low confidence in the next token, causing more pronounced probability
adjustments across tokens.

Figure 7: Examples of SALA under GPT-XL (top row) and Llama3-8B (bottom row).
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WritingPrompts WikiText
R2 R3 R4 Div. Mauve R2 R3 R4 Div. Mauve

Human 3.99 1.08 0.54 94.74 – 4.37 1.17 0.57 94.74 –
Top-k 12.63 7.35 5.37 80.42 21.63 11.27 5.75 3.69 81.99 5.87
+ SALA 11.39* 6.27* 4.45* 82.42* 22.71* 11.13 5.70 3.66 82.24* 6.05*
Top-p 6.29 3.24 2.32 90.36 23.86 8.95 4.37 2.73 85.70 5.49
+ SALA 5.72* 2.96* 2.14 91.18* 24.53 8.80 4.40 2.85 85.87 6.09
Typical 4.97 2.54 1.85 92.19* 22.37 7.87 3.81 2.40 87.38* 5.93
+ SALA 5.53 2.65 1.84 91.46 25.38* 8.11 3.85 2.41 87.06 6.85*
Min-p 32.19 25.61 22.14 51.23 15.86 19.62 13.07 9.96 68.84 4.36
+ SALA 28.13* 21.60* 18.36* 57.11* 16.30* 18.73* 12.29* 9.30* 70.32* 4.86*
η 6.26 3.08 2.11 90.34 25.55 10.88 5.66 3.69 82.60 5.08
+ SALA 5.49* 2.60* 1.81 91.58* 26.44 10.49* 5.41 3.52 83.28* 5.71*
Adaptive 9.55 5.25 3.80 85.29 21.81 57.43 52.68 49.59 26.40 1.72
+ SALA 8.90* 4.77* 3.42* 86.32* 23.41 57.98 53.39 50.31 26.15 2.13*
Top-nσ 22.53 16.47 13.64 65.67 19.92 16.45 10.31 7.60 73.82 4.46
+ SALA 18.48* 12.64* 10.20* 71.67* 20.67* 15.64* 9.58* 6.98* 75.20* 4.74
Human 7.72 1.93 0.68 90.05 – 8.23 2.07 0.73 90.05 –
Top-k 8.58 3.29 1.91 87.75 61.52 11.89 7.13 5.01 79.04 3.49
+ SALA 8.20 3.02 1.73 88.45* 67.23* 11.63 6.90 4.83 79.64* 4.00*
Top-p 4.94 1.59 0.90 93.16* 64.82 11.14 6.94 5.10 79.85 3.37
+ SALA 5.56 1.85 1.07 92.27 66.08* 11.11 6.87 5.03 79.89 3.81*
Typical 5.08 1.68 0.97 92.94* 62.54 11.22 7.05 5.21 79.68 3.26
+ SALA 5.32 1.68 0.95 92.67 66.22* 11.19 6.96 5.12 79.91 3.54*
Min-p 19.46 12.14 9.24 69.83 53.98 14.65 9.83 7.56 73.32 2.93
+ SALA 17.72* 10.46* 7.76* 72.83* 63.41* 14.72 9.93 7.66 73.36 3.05*
η 6.94 2.49 1.43 90.21 62.37 12.14 7.59 5.55 78.29 3.44
+ SALA 6.80 2.40 1.37 90.47 66.63* 11.86 7.32 5.29 78.84 3.75*
Adaptive 6.86 2.39 1.34 90.39 62.46 25.52 21.06 18.74 59.06* 2.31
+ SALA 6.18* 2.02* 1.11* 91.47* 68.79* 27.69 23.53 21.28 56.52 2.65
Top-nσ 12.96 6.58 4.51 80.55 59.65 13.45 8.81 6.70 75.44 2.81
+ SALA 12.23* 6.10* 4.22 81.84* 63.42* 13.37 8.73 6.62 75.74* 3.06

Table 8: Performance of different truncation strategies with and without SALA for Llama2-
7B (top) and Qwen2.5-7B (bottom) on two datasets. Each sample is sampled five times, and
the overall average score is reported. Higher values are highlighted in bold, and * denotes
statistical significance (p-value < 0.05) compared to the baseline. Div. stands for Diversity.

WritingPrompts WikiText
R2 R3 R4 Div. Mauve R2 R3 R4 Div. Mauve

Human 4.24 1.14 0.57 94.40 – 5.88 1.45 0.53 92.39 –
Top-k 10.79 6.05 3.94 82.48 2.37 9.08 4.54 2.95 85.74 5.13
+ SALA 9.90 5.35 3.38 84.03 2.47 8.69 4.23 2.73 86.49 4.99
Top-p 8.42 4.47 2.79 86.40 2.64 7.46 3.50 2.18 88.45 5.48
+ SALA 7.95 4.65 3.16 87.03 2.73 7.06 3.70 2.54 88.91 8.14*
Typical 6.94 3.47 2.12 88.99 2.34 6.38 2.82 1.70 90.24 5.69
+ SALA 7.18 3.64 2.26 88.54 2.68 6.31 2.78 1.70 90.25 5.80
Min-p 19.20 13.45 10.19 68.15 2.18 14.77 9.40 7.01 75.89 3.84
+ SALA 18.03* 12.49* 9.31* 69.80* 2.14 14.57 9.22 6.87 76.38 3.95
η-sampling 10.01 5.51 3.48 83.70 2.40 8.85 4.41 2.86 86.13 5.15
+ SALA 9.67 5.27 3.38 84.40 2.54 8.29 3.95 2.48 87.11 5.16
Adaptive 40.61 35.33 31.15 39.41 1.13 27.61 22.03 18.89 56.33 2.32
+ SALA 40.61 35.33 31.15 39.41 1.13 27.61 22.03 18.89 56.33 2.32
Top-nσ 19.43 13.67 10.34 67.65 2.31 14.47 9.13 6.75 76.39 3.94
+ SALA 18.03* 12.40* 9.24* 69.77* 2.39 13.70 8.33 6.01 77.66 3.93

Table 9: Performance of different truncation strategies with and without SALA for Llama3.1-
70B on two datasets. Each sample is sampled five times, and the overall average score is
reported. Higher values are highlighted in bold, and Div. stands for Diversity.
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