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Abstract

Token sampling strategies critically influence
text generation quality in large language mod-
els (LLMs). However, existing methods intro-
duce additional hyperparameters, requiring ex-
tensive tuning and complicating deployment.
We present Entropy Equilibrium Sampling
(EES), a tuning-free approach grounded in in-
formation theory that dynamically determines
the candidate set size using a first-crossing rule:
it stops candidate-set expansion at the first in-
dex where cumulative probability mass exceeds
the normalized entropy of the top-k distribution
and retains the preceding prefix. We evaluate
EES on reasoning, mathematical, and open-
ended generation tasks across multiple model
architectures and scales. Our results show that
EES achieves robust performance across tem-
perature settings without retuning truncation
hyperparameters, delivering competitive accu-
racy with tuned baselines while maintaining
diversity. Analysis reveals that the retained
candidate-set size k∗ automatically encodes
temperature effects, adapting from near-greedy
behavior at low temperatures to broad candi-
date retention at high temperatures. By elimi-
nating truncation-specific hyperparameter tun-
ing, EES simplifies deployment while provid-
ing stable and competitive performance. Our
code is publicly available.1

1 Introduction

The rapid advancement of large language models
(LLMs) has revolutionized natural language gener-
ation, enabling diverse applications ranging from
creative writing to scientific reasoning (Brown
et al., 2020; Chowdhery et al., 2023; Touvron et al.,
2023). As LLMs continue to improve, the qual-
ity of generated text depends not only on model

*Equal contribution.
†Corresponding authors: zheng.haitao@sz.tsinghua.

edu.cn and yuyang.csai@gmail.com.
1Code: https://github.com/shuanncai/

Entropy-Equilibrium-Sampling

architecture and training data, but also greatly
on the sampling methods employed during infer-
ence (Xing et al., 2024; Zhan et al., 2026, 2025).

Modern text generation relies heavily on stochas-
tic sampling methods to balance two fundamen-
tal objectives: maintaining coherence with the
learned distribution while introducing sufficient di-
versity to avoid repetitive or overly predictable out-
puts (Nguyen et al., 2025; Fan et al., 2018; Welleck
et al., 2019). This coherence-diversity trade-off has
led to the development of numerous sampling tech-
niques, including nucleus sampling (top-p) (Holtz-
man et al., 2019), typical sampling (Meister et al.,
2023), and eta sampling (Hewitt et al., 2022). Each
method introduces specialized hyperparameters to
control generation behavior (Welleck et al., 2024).

However, the reliance on hyperparameters
presents significant challenges for deploy-
ment (Liao et al., 2022). As shown in Appendix G,
current sampling methods exhibit substantial
performance variance under different hyperparam-
eter configurations. This instability complicates
adaptation across diverse domains (Liang et al.,
2022), as optimal results often require extensive,
condition-specific adjustments.

To address these fundamental limitations, we
introduce Entropy Equilibrium Sampling (EES), a
novel, streamlined approach grounded in informa-
tion theory (Cover, 1999) that requires no user-
specified truncation threshold at inference—the
truncation point is derived automatically from the
distribution at each generation step, eliminating the
need for per-task or per-temperature truncation-
parameter tuning. EES maintains high genera-
tion quality while simplifying deployment. Our
method determines the candidate set size by scan-
ning ranked token prefixes and retaining the pre-
fix immediately preceding the first index where
cumulative probability mass exceeds normalized
top-k entropy. Figure 1 demonstrates the critical
challenge of maintaining strong performance when
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temperature conditions change. The result reveals
that methods like top-p can perform well at specific
temperatures (e.g., τ = 0.5) through careful param-
eter tuning but fail to maintain this performance
when the temperature changes (e.g., τ = 1.0) with-
out retuning. In contrast, EES maintains robust per-
formance across varying temperature conditions by
adapting its truncation behavior without retuning
an additional truncation parameter.

In summary, the contributions of this paper are
as follows:
• Entropy–probability first-crossing principle:

We characterize normalized top-k entropy as the
relative uncertainty within the renormalized can-
didate set and cumulative probability mass as its
coverage of the full distribution. Based on their
evolution along the ranked token sequence, we
retain the prefix immediately preceding the ear-
liest index satisfying H̄k < Pk, yielding a deter-
ministic and distribution-adaptive candidate-set
selection rule.

• Tuning-free truncation method: We present
a method that dynamically adjusts candidate
set size based on the relationship between
normalized entropy and cumulative probability
mass, achieving robust, competitive performance
across varying temperatures without requiring
any additional truncation-parameter tuning.

• Comprehensive empirical validation: We con-
ducted extensive experiments across diverse
benchmarks, model families, and scales, demon-
strating that our method effectively balances co-
herence and diversity while maintaining robust-
ness across different temperature settings.

2 Preliminary

2.1 Autoregressive Sampling
In autoregressive text generation, given a context
sequence x1:t−1, an LLM computes a score vec-
tor s ∈ R|V| where each element si represents the
unnormalized logit for the i-th vocabulary token
in vocabulary V (Vaswani et al., 2017; Radford
et al., 2019). This score vector undergoes tempera-
ture scaling with hyperparameter τ > 0, followed
by softmax normalization to obtain the probability
distribution:

P (xt = vi|x1:t−1) =
exp(si/τ)∑|V|
j=1 exp(sj/τ)

, (1)

where different sampling methods then employ var-
ious strategies to select tokens from this distribu-
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(b) EES at τ=0.5 and τ=1.0
Response1 : the movie was disappointing/boring, and didn‘t live up to the hype. Despite ……
( keep coherence ) temperature=0.5, top-p=plower

Response2 : the movie was disappointing/boring/cancelled/removed/postponed due to technical 
problems at the theater. I …… ( lack of diversity ) temperature=1.0, top-p=plower

Figure 1: Hyperparameter sensitivity across tempera-
tures. Top-p requires temperature-specific tuning; EES
achieves consistent performance without retuning a trun-
cation parameter.

tion, balancing between generation coherence and
diversity (Fan et al., 2018; Holtzman et al., 2019).

2.2 Normalized Entropy

Normalized entropy measures the uncertainty of
the renormalized top-k distribution relative to the
maximum entropy attainable over k outcomes.
Given the top-k tokens sorted by descending prob-
ability, with k ≥ 2, the normalized entropy is de-
fined as:

H̄k :=
Hk

log k
, (2)

where Hk is the Shannon entropy (Shannon, 1948)
of the top-k subset:

Hk = −
k∑

i=1

p̂i log p̂i, (3)

and p̂i =
pi∑k

j=1 pj
represents the renormalized prob-

ability of the i-th token within the top-k subset.2

The denominator log k represents the maximum
entropy achievable when all k tokens have equal
probability. Thus, H̄k ∈ [0, 1], where values close
to zero indicate a concentrated distribution (high

2In practice, we compute log(p̂i + ϵ) with ϵ = 10−10 to
ensure numerical stability when probabilities are near zero in
finite-precision arithmetic. This does not affect the theoretical
analysis.
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confidence), while values close to one indicate a
near-uniform distribution (high uncertainty). This
provides a scale-invariant metric enabling consis-
tent comparison across different vocabulary subset
sizes.

2.3 Probability Mass

Probability mass measures the cumulative proba-
bility concentration within a token subset. Given
the top-k tokens ranked by descending probability,
probability mass is defined as:

Pk :=
k∑

i=1

pi, (4)

in contrast to entropy, which captures the shape of
the distribution, probability mass directly reflects
candidate subset coverage, making it suitable for
truncation thresholds.

3 Method

3.1 Problem Formulation

In LLM sampling, the fundamental challenge is
balancing exploration and exploitation within the
vocabulary probability distribution (Meister and
Cotterell, 2021; Brown et al., 2024). We charac-
terize this balance via two information-theoretic
measures: Normalized Entropy, which quantifies
internal uncertainty within the candidate set, and
Probability Mass, which measures cumulative prob-
ability coverage of selected candidates.

Given a conditional distribution P (xt | x<t) at
step t, we consider the nested top-k candidate sets
Ak = {v1, . . . , vk} for k ∈ {1, . . . , n}, where
n = |V| and tokens are ranked by descending prob-
ability.

3.2 Algorithm Overview

We formulate EES as a sequential stopping rule
over the ranked token prefixes. Let

κθ = min
(
{k ∈ {2, . . . , n} :

H̄k < θPk} ∪ {n+ 1}
) (5)

denote the first violation index, where the sentinel
value n+1 represents the case in which no violation
occurs. The retained candidate-set size is then

k∗θ = min{κθ − 1, n}. (6)

…
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“salty”
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“hot”

K*

*

EES selects a distribution-
adaptive cutoff k* without 

truncation-parameter tuning

Figure 2: Mechanism of EES. The algorithm incremen-
tally expands the candidate set and compares normalized
entropy H̄k with probability mass Pk at each step. If the
first violation H̄k < Pk occurs at index k, EES retains
the preceding top-(k − 1) prefix; if no violation occurs,
all n tokens are retained.

Why comparing H̄k and Pk is meaningful. The
two quantities characterize complementary proper-
ties of the same top-k candidate set:
• Pk measures coverage: the fraction of the full

predictive probability captured by the top-k can-
didate set.

• H̄k measures relative uncertainty: how dis-
persed the renormalized probabilities are within
the top-k candidate set relative to a uniform dis-
tribution of the same size.

Both quantities are dimensionless, lie in [0, 1],
and are evaluated on the same ranked token pre-
fix. We therefore use their relative ordering as a
distribution-dependent signal for candidate-set ex-
pansion.

Setting θ. Equations 5 and 6 define a generalized
stopping rule with a scaling factor θ > 0. Through-
out the main method and experiments, we fix θ = 1
rather than tuning it for individual tasks or temper-
atures. The resulting EES rule is

κ = min
(
{k ∈ {2, . . . , n} :
H̄k < Pk} ∪ {n+ 1}

)
,

k∗ = min{κ− 1, n}.
(7)

Appendix D reports the sensitivity analysis for θ,
while all main results use the fixed value θ = 1.

3.3 First-Crossing Criterion
Operationally, EES evaluates the condition H̄k <
Pk sequentially for k = 2, . . . , n and stops at the
first violation. It then retains the top-k∗ prefix,
where k∗ is defined in Equation 7. Because the

54512



stopping decision depends only on the earliest vi-
olation, subsequent values of H̄k − Pk do not af-
fect the output. This sequential procedure directly
matches the implementation.

3.4 Algorithm Implementation

Figure 2 illustrates the sequential expansion and
stopping mechanism of EES. The complete pseu-
docode is provided in Appendix A.

Complexity Analysis. The naive implementation
has O(|V| log |V|) complexity dominated by sort-
ing, with O(k) per expansion for entropy compu-
tation (O(k2) total for threshold selection). In Ap-
pendix B, we introduce an incremental entropy up-
date that reduces per-expansion entropy computa-
tion fromO(k) toO(1), yieldingO(k∗) for thresh-
old selection. Replacing sorting with a max-heap
further reduces the overall complexity to O(|V|) in
theory; however, GPU-optimized sorting remains
faster in practice, yielding a latency of 1.30× rela-
tive to static methods.

4 Experiment

4.1 Setups

Models and Datasets We evaluated our method
using Qwen2.5-7B, Qwen2.5-32B (Yang et al.,
2024), and Llama3.1-8B (Grattafiori et al., 2024)
on CommonsenseQA (Talmor et al., 2019) and
StrategyQA (Geva et al., 2021). Detailed statis-
tical information regarding all datasets is provided
in Appendix E.

Baselines We compared against eight stochastic
sampling methods: temperature sampling, top-p,
top-k sampling, eta sampling, mirostat, typical sam-
pling, adaptive sampling, and min-p (Nguyen et al.,
2025); and two deterministic methods: Contrastive
Search (CS) (Su et al., 2022) and Contrastive De-
coding (CD) (Li et al., 2023).

Experimental Protocol We randomly sampled
20% of the training data as a validation set to iden-
tify optimal hyperparameters for each sampling
method across different temperature settings. We
configured the hyperparameter search space for
each method based on recommendations from the
original papers and subsequent literature (Shi et al.,
2024):
• Top-p: p ∈ {0.75, 0.8, 0.85, 0.9, 0.95}
• Top-k: k ∈ {5, 10, 20, 50, 100}
• Eta sampling: η ∈ {3× 10−4, . . . , 4× 10−3}

• Mirostat: τ ∈ {2.5, 3.0, 3.5, 4.0}
• Typical sampling: p ∈ {0.2, 0.9, 0.92, 0.95}
• Adaptive sampling: ϵ ∈ {5 × 10−4, . . . , 1 ×
10−2}

• Min-p: p ∈ {0.05, 0.1, 0.2}
• CS: α ∈ {0.1, 0.2, 0.3, 0.4, 0.5, 0.6}
• CD: α = 0.1, β ∈ {0.1, 0.3, 0.5, 0.7, 0.9}
For CD, we use Qwen2.5-0.5B-Instruct and
Qwen3-0.6B as student models for the Qwen2.5
and Qwen3 families, respectively. Since Llama3.1-
8B lacks a smaller variant in the same family, CD
is not evaluated on this model. EES requires no
truncation-specific hyperparameter tuning or auxil-
iary models.

For each configuration, we conducted three in-
dependent runs and selected the hyperparameter
setting that achieves the highest average accuracy
on the validation set. On the test set, we evalu-
ated each method using its optimal hyperparameter
with five independent runs, reporting average per-
formance as the final score. Following (Shi et al.,
2024), we constructed model inputs by randomly
sampling multiple examples from the training set
to provide in-context learning examples.

4.2 QA Results

Table 1 shows that EES remains competitive across
all configurations. While some baselines occa-
sionally score slightly higher (e.g., Adaptive on
Llama3.1-8B, Min-p on Qwen2.5-32B at τ=0.5),
these gains rely on temperature-specific hyperpa-
rameter tuning. In practical deployment where tem-
perature may vary across tasks or users, EES offers
a distinct advantage by maintaining competitive
accuracy without retuning a truncation hyperpa-
rameter. In Appendix J, we show that fixing a
baseline’s τ=0.8-optimal hyperparameter and ap-
plying it at other temperatures causes 4.6–7.2%
accuracy drops, confirming the practical cost of
temperature-specific tuning.

Notably, the deterministic baselines CS and
CD consistently underperform EES on both QA
datasets. Min-p exhibits model-dependent perfor-
mance: it is competitive on Qwen2.5-32B but de-
grades significantly on Llama3.1-8B, where its op-
timal hyperparameter also varies across tempera-
tures.

The tuned baselines require different optimal
configurations across models and temperatures
(e.g., top-k from 5 to 100, eta sampling from
3 × 10−4 to 4 × 10−3, and Min-p from 0.05 to
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LM Sampling Method
CommonsenseQA StrategyQA

τ = 0.5 τ = 0.8 τ = 1.0 Avg τ = 0.5 τ = 0.8 τ = 1.0 Avg
Q

w
en

2.
5-

7B

Temperature 83.70 82.39 82.01 82.70 75.75 75.90 74.67 75.44
Top-p 83.77(0.75) 82.64(0.80) 81.93(0.80) 82.78 74.79(0.90) 75.87(0.85) 75.05(0.80) 75.24
Top-k 82.75(10) 82.42(100) 82.65(20) 82.61 75.87(5) 75.11(5) 74.44(100) 75.14

Eta 82.98(0.0009) 81.88(0.002) 82.10(0.0006) 82.32 75.43(0.0006) 74.99(0.0006) 75.11(0.002) 75.18
Mirostat 83.88(2.5) 83.23(2.5) 83.55(2.5) 83.55 75.72(2.5) 76.33(3.5) 75.37(2.5) 75.81
Typical 83.36(0.95) 84.11(0.2) 82.95(0.2) 83.47 75.34(0.2) 75.57(0.2) 75.23(0.2) 75.38

Adaptive 83.62(0.0005) 83.46(0.005) 83.39(0.01) 83.49 75.63(0.005) 75.52(0.005) 75.46(0.005) 75.54
Min-p 83.87(0.1) 83.16(0.1) 83.16(0.2) 83.40 75.02(0.1) 75.52(0.1) 75.02(0.1) 75.19

CS 83.31 83.05 81.43 82.60 73.25 72.75 72.37 72.79
CD 82.85 82.72 82.18 82.58 72.98 72.90 73.65 73.18

Ours 84.42 83.95 83.64 84.00 76.33 76.56 75.95 76.28

L
la

m
a3

.1
-8

B

Temperature 76.69 75.71 73.63 75.34 73.80 72.34 69.02 71.72
Top-p 76.81(0.75) 76.25(0.75) 75.28(0.75) 76.11 73.54(0.95) 73.54(0.85) 72.66(0.75) 73.25
Top-k 77.33(20) 76.23(5) 74.76(5) 76.11 75.28(5) 72.20(20) 72.52(5) 73.33

Eta 77.17(0.0006) 75.22(0.0006) 74.25(0.004) 75.55 74.06(0.002) 71.99(0.0003) 70.39(0.0009) 72.15
Mirostat 77.20(2.5) 76.38(3.0) 76.54(2.5) 76.71 74.12(4.0) 75.46(3.0) 74.50(4.0) 74.69
Typical 77.22(0.2) 75.81(0.2) 75.18(0.2) 76.07 75.05(0.2) 73.57(0.2) 72.02(0.90) 73.55

Adaptive 77.17(0.01) 77.38(0.0005) 77.20(0.01) 77.25 75.11(0.0005) 75.17(0.01) 75.14(0.0005) 75.14
Min-p 71.76(0.2) 71.33(0.2) 70.73(0.05) 71.27 67.42(0.2) 67.71(0.2) 67.80(0.05) 67.64

CS 71.70 70.38 67.96 70.01 67.57 67.13 63.23 65.98
Ours 77.44 76.72 76.90 77.02 75.14 74.50 74.61 74.75

Q
w

en
2.

5-
32

B

Temperature 88.98 88.27 88.52 88.59 80.29 79.39 79.04 79.57
Top-p 88.63(0.90) 88.21(0.95) 88.19(0.85) 88.34 80.44(0.80) 79.42(0.95) 79.24(0.80) 79.70
Top-k 88.83(10) 89.12(5) 88.11(50) 88.69 79.77(5) 80.38(5) 78.57(100) 79.57

Eta 88.99(0.002) 88.48(0.002) 88.47(0.002) 88.65 80.15(0.0009) 78.95(0.004) 79.39(0.004) 79.50
Mirostat 89.24(3.0) 88.75(4.0) 89.09(2.5) 89.03 80.32(3.5) 80.12(2.5) 80.15(3.5) 80.20
Typical 89.19(0.2) 88.85(0.2) 88.70(0.92) 88.91 80.06(0.90) 80.32(0.92) 79.45(0.92) 79.94

Adaptive 88.98(0.0005) 88.76(0.01) 88.83(0.001) 88.86 80.32(0.0005) 80.79(0.0005) 80.99(0.01) 80.70
Min-p 89.39(0.05) 88.78(0.2) 88.40(0.1) 88.86 79.62(0.05) 80.55(0.2) 79.91(0.1) 80.03

CS 88.75 88.39 88.14 88.43 79.59 79.33 79.30 79.41
CD 88.52 88.52 87.98 88.34 79.77 79.45 79.33 79.52

Ours 89.30 88.85 88.94 89.03 80.35 80.52 80.23 80.37

Table 1: Cross-model performance comparison of sampling methods under different temperature settings on two
QA datasets. Bold: best; underlined: second-best; parentheses: optimal hyperparameter. All values are averages
over 5 independent runs; standard deviations range from 0.09 to 2.58 (mean 0.73); full per-cell standard deviations
are in Appendix L.

0.2), whereas EES avoids temperature-specific re-
tuning of a truncation hyperparameter.

4.3 Diversity analysis

We evaluated diversity using the repetition-
based metric Diversity =

∏4
n=2(1.0 − rep-n

100 )
from (Meister et al., 2023) on correctly classified
responses from Qwen2.5-7B. Figure 3 shows that
EES achieves competitive diversity while maintain-
ing strong accuracy. The accuracy-diversity trade-
off is task-dependent: on CommonsenseQA, all
methods reach high diversity (>93%) at τ = 0.5,
with higher temperatures providing negligible di-
versity gains while degrading accuracy. On Strat-
egyQA, EES maintains competitive accuracy but
can yield lower diversity than some tuned baselines
at comparable accuracy. This behavior is consis-
tent with the smaller candidate sets selected by
EES on this task, which favor exploitation when
the predictive distribution is concentrated. Even
at τ = 1.5, EES maintains competitive accuracy
without retuning a truncation hyperparameter.

4.4 Mathematical Reasoning

We evaluated mathematical reasoning performance
on the GSM8K dataset (Cobbe et al., 2021) us-
ing Qwen3-8B (Yang et al., 2025). We exam-
ined two distinct generation modes: w/o think-
ing (standard direct prompting) and w/ think-
ing (reasoning mode), across temperature settings
τ ∈ {0.5, 0.8, 1.0} to assess robustness. We ad-
hered to the protocol in Section 4.1, using the same
hyperparameter search pipeline. Final results rep-
resent the average of 5 independent runs. Each
evaluation involves generating the full reasoning
path and final answer, with correctness determined
by exact match with the ground truth.

Results. Table 2 shows that EES ranks first or
second in most configurations. In the w/o thinking
mode, EES achieves the highest score at τ = 0.5
and the second-best average accuracy (62.53). Min-
p achieves the best single-temperature result at
τ = 0.8 (62.87) but is inconsistent across tem-
peratures, with its optimal hyperparameter shifting
from 0.2 at lower temperatures to 0.05 at τ = 1.0.
The deterministic baselines CS and CD lag behind,
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Figure 3: Accuracy-diversity performance across sampling methods and temperatures on two QA datasets using
Qwen2.5-7B.

LM Sampling Method
GSM8K (w/o thinking) GSM8K (w/ thinking)

τ = 0.5 τ = 0.8 τ = 1.0 Avg τ = 0.5 τ = 0.8 τ = 1.0 Avg

Q
w

en
3-

8B

Temperature 61.49 61.83 61.91 61.74 66.87 66.55 66.16 66.53
Top-p 62.64(0.85) 62.38(0.95) 61.61(0.85) 62.21 66.94(0.90) 66.64(0.75) 66.31(0.80) 66.63
Top-k 61.93(50) 62.11(20) 61.59(20) 61.88 66.50(50) 66.10(100) 66.26(100) 66.29

Eta 62.58(0.004) 62.30(3e-4) 62.44(0.004) 62.44 66.72(0.002) 66.75(3e-4) 66.70(0.004) 66.72
Mirostat 62.71(4.0) 62.52(4.0) 62.70(3.0) 62.64 66.61(3.0) 66.64(3.0) 66.55(4.0) 66.60
Typical 62.56(0.2) 62.00(0.9) 62.09(0.9) 62.22 66.96(0.9) 66.35(0.2) 66.54(0.2) 66.62

Adaptive 62.68(5e-4) 61.93(0.005) 62.08(0.001) 62.23 66.49(0.005) 66.73(5e-4) 66.22(0.01) 66.48
Min-p 62.15(0.2) 62.87(0.2) 62.05(0.05) 62.36 66.84(0.1) 66.78(0.05) 66.75(0.2) 66.79

CS 62.03 62.00 61.33 61.79 66.61 66.63 66.16 66.47
CD 60.58 61.46 62.02 61.35 66.49 66.64 66.31 66.48

Ours 62.85 62.55 62.18 62.53 66.64 66.76 66.75 66.72

Table 2: Comparison of sampling methods on GSM8K using Qwen3-8B, evaluating performance w/o thinking and
w/ thinking. CS: Contrastive Search; CD: Contrastive Decoding. Values represent accuracy (%) averaged over 5
independent runs, with optimal hyperparameters in parentheses; standard deviations range from 0.14 to 0.85 (mean
0.47); full per-cell standard deviations are in Appendix L.

averaging 61.79 and 61.35 respectively compared
to 62.53 for EES.

In the w/ thinking mode, Min-p achieves
the highest average (66.79), followed by EES
and Eta (both 66.72). However, Min-p requires
temperature-specific tuning (hyperparameters vary
across τ ), while EES maintains consistently high
performance (66.64–66.76%) without adjustment.
CS and CD perform comparably to temperature
sampling (∼66.48 avg), confirming that determin-
istic scoring provides limited benefit for extended
reasoning.

4.5 Creative Writing Evaluation

To assess the generation quality of our pro-
posed method in open-ended text generation,
we conducted experiments on the WikiText-103
dataset (Merity et al., 2016). We utilized the
Qwen2.5-7B and Llama3.1-8B models, with gen-
eration performed at an elevated temperature of
τ = 1.0 to promote diversity. Each generational

task utilized 32-word prefixes as prompts, with
model outputs limited to 256 tokens. All hyper-
parameters of baseline methods were optimized
on a 200-sample validation set by maximizing the
MAUVE score (Pillutla et al., 2021) against human
references.

Instead of relying on automatic metrics, which
often fail to align with human preferences (Nimah
et al., 2023), we adopted a pairwise comparison
framework (Zhu et al., 2024) involving both hu-
man annotators and an LLM ensemble as judges.
Following (Nguyen et al., 2025), we conducted
evaluations across two key dimensions: (1) Qual-
ity, covering coherence, relevance to the prompt,
and overall fluency; and (2) Diversity, assessing
the creativity and distinctiveness of the content.

Evaluation Protocol. For human evaluation, we
used generations from Qwen2.5-7B and recruited
10 diverse, fluent English speakers. Each partici-
pant evaluated 500 text pairs (50 per baseline) on
a 3-point Likert scale: +1 indicates our method
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Comparison Human Evaluators (%) LLM Ensemble (%)

Win Tie Loss Win Tie Loss

Quality Evaluation

vs Human Ref. 9.20 68.40 22.40 2.00 2.00 96.00
vs Top-p 24.60 54.20 21.20 44.50 7.50 48.00
vs Top-k 23.80 57.60 18.60 46.00 9.50 44.50
vs Eta 44.20 38.40 17.40 48.00 7.00 45.00
vs Mirostat 25.40 58.20 16.40 53.50 17.50 29.00
vs Typical 34.20 40.60 25.20 61.00 5.50 33.50
vs Adaptive 38.40 52.80 8.80 56.50 18.00 25.50
vs Min-p 38.00 46.00 16.00 54.00 16.00 30.00
vs CS 38.40 48.20 13.40 52.00 8.00 40.00
vs CD 35.20 50.80 14.00 54.50 12.50 33.00

Diversity Evaluation

vs Human Ref. 14.80 30.20 55.00 3.00 9.00 88.00
vs Top-p 21.60 31.40 47.00 20.00 22.00 58.00
vs Top-k 28.40 27.60 44.00 31.00 20.50 48.50
vs Eta 42.80 33.20 24.00 25.00 24.50 50.50
vs Mirostat 38.60 26.40 35.00 40.50 29.50 30.00
vs Typical 32.40 18.60 49.00 32.50 25.00 42.50
vs Adaptive 46.20 35.40 18.40 51.00 30.00 19.00
vs Min-p 52.00 30.00 18.00 58.00 24.00 18.00
vs CS 32.40 28.60 39.00 35.00 26.00 39.00
vs CD 28.60 31.40 40.00 36.50 27.50 36.00

Table 3: Pairwise comparison results from Human eval-
uators and LLM judges.

is clearly superior, -1 indicates the baseline is su-
perior, and 0 indicates comparable quality. We
excluded temperature-only sampling because pi-
lot evaluations showed it produced noticeably in-
coherent outputs at τ = 1.0 (all 5 pilot annota-
tors rated it lowest), making pairwise comparisons
uninformative; we instead included CS, CD, and
human-written reference texts from WikiText-103
as benchmarks. Additional details on the evalua-
tion interface, compensation, and inter-annotator
agreement are provided in Appendix H.

For automated evaluation, we employed a suite
of state-of-the-art LLMs as judges, including
Claude Sonnet 4 (Anthropic, 2025a), Claude Son-
net 4.5 (Anthropic, 2025b), GPT-4.1 (OpenAI,
2025), and Gemini 2.5 Pro (Google DeepMind,
2025). We utilized carefully designed prompts
following (Nguyen et al., 2025) to leverage their
demonstrated capability in aligning with human
judgment.

Results. Table 3 summarizes the findings. In
Quality, EES secures positive win-loss ratios
against most baselines, with clear advantages over
deterministic methods (38.4% vs. 13.4% against
CS; 35.2% vs. 14.0% against CD). The LLM en-
semble corroborates this trend. In Diversity, EES
is preferred over Adaptive and Min-p, whereas CS
and CD receive slightly higher diversity prefer-
ences but lower quality preferences. Against hu-
man references, a quality gap remains (96% LLM
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Figure 4: Distribution of k∗ values selected by EES at
different temperatures on CommonsenseQA (Qwen2.5-
7B-Instruct). At τ = 0.5, over 89% of steps select
k∗ = 1; at τ = 1.5, the distribution becomes heavy-
tailed with a substantial fraction of steps retaining >100
candidates.

τ = 0.5 τ = 0.8 τ = 1.0 τ = 1.5

Mean k∗ 1.2 1.5 2.2 105.2
Median k∗ 1 1 1 2
Mean Pκ 0.919 0.880 0.848 0.817
Mean H̄κ 0.287 0.387 0.442 0.543

Table 4: Statistics of the retained candidate-set size
k∗ and the quantities evaluated at the first-violation in-
dex κ at different temperatures on CommonsenseQA
(Qwen2.5-7B-Instruct, 200 samples).

loss rate), though human evaluators often found
EES comparable (68.4% tie).

5 Analysis

The preceding experiments demonstrate that EES
achieves robust performance across temperatures
without retuning a truncation hyperparameter. In
this section, we investigate why.

5.1 How EES Adapts to Temperature

A key claim of our method is that the retained
candidate-set size k∗ automatically adapts to the
shape of the probability distribution, which changes
with temperature. To verify this, we record the
value of k∗ at every generation step during in-
ference on CommonsenseQA using Qwen2.5-7B
across temperatures τ ∈ {0.5, 0.8, 1.0, 1.5}.

Figure 4 and Table 4 reveal the adaptive mecha-
nism. At low temperature (τ = 0.5), the mean k∗

is just 1.2 with over 89% of steps selecting k∗=1
(near-greedy), and Pκ averages 0.919 at the corre-
sponding first-violation indices. As temperature
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increases, k∗ grows: at τ =1.5, the mean reaches
105.2 with a heavy-tailed distribution, while H̄κ

increases from 0.287 to 0.543, indicating that the
first violation occurs at prefixes with higher normal-
ized entropy. Conversely, Pκ decreases from 0.919
to 0.817, reflecting that more probability mass is
spread across the tail. This is exactly the behavior
practitioners achieve manually by increasing top-p
at higher temperatures—but EES does it automati-
cally.

This reveals the core mechanism: k∗ reflects the
temperature’s effect on the token-level probabil-
ity distribution. Rather than retuning a truncation
hyperparameter for each temperature, EES applies
the same first-crossing rule at every generation step,
allowing the retained candidate-set size to vary with
the distribution. We provide additional analysis of
step-level truncation behavior and model scale ef-
fects in Appendix F.

6 Related Work

Deterministic Methods. Greedy sampling and
beam search (Freitag and Al-Onaizan, 2017) pro-
vide coherent but repetitive outputs (Vijayakumar
et al., 2016). Contrastive Search (Su et al., 2022)
balances model confidence with lexical diversity
penalties, and Contrastive Decoding (Li et al.,
2023) uses the difference between a large and
small model’s logits. DoLa (Chuang et al., 2024)
leverages layer-wise representational differences.
These methods modify the scoring function to im-
prove generation quality, whereas EES addresses
the truncation problem in stochastic sampling—
determining which tokens to include in the can-
didate set before probabilistic selection. Our ex-
periments show that EES achieves higher task ac-
curacy than CS and CD where these methods are
evaluated.

Stochastic Methods. Top-k (Fan et al., 2018) and
top-p (Holtzman et al., 2019) employ fixed trunca-
tion criteria based on candidate set size and proba-
bility mass, respectively. Recent adaptive methods
dynamically adjust candidate sets: η-sampling (He-
witt et al., 2022) uses entropy thresholds, Miro-
stat (Basu et al., 2020) maintains perplexity within
a target range, typical sampling (Meister et al.,
2023) ranks tokens by divergence from the dis-
tribution’s entropy, adaptive sampling (Zhu et al.,
2024) uses entropy-based confidence metrics, min-
p (Nguyen et al., 2025) scales thresholds by the
top token’s probability. Arias et al. (2025) pro-

vide a systematic study of how decoding hyper-
parameters interact; Renze (2024) show that tem-
perature changes within [0, 1] have limited im-
pact on problem-solving tasks. These methods
retain method-specific control parameters, whereas
EES uses a fixed first-crossing rule to determine
the retained candidate-set size without tuning a
truncation-specific parameter.

Relation to Entropy-Aware Methods. Miro-
stat (Basu et al., 2020) controls generation to-
ward a user-specified target perplexity, typical sam-
pling (Meister et al., 2023) ranks tokens by the
deviation of their information content from the dis-
tribution entropy, and η-sampling (Hewitt et al.,
2022) applies an entropy-dependent probability
threshold. Entropy-aware Dynamic Temperature
(EDT) (Zhang et al., 2024) instead uses entropy
to adapt the temperature rather than truncating the
candidate set. EES differs from these methods
by comparing normalized entropy with cumulative
probability mass over ranked token prefixes and
stopping expansion at the first violation, retaining
the preceding prefix. It therefore determines the
candidate-set size without a user-specified trunca-
tion target.

7 Conclusion

We presented Entropy Equilibrium Sampling
(EES), a sampling strategy that determines the re-
tained candidate-set size using a sequential first-
crossing rule that compares normalized entropy
with cumulative probability mass over ranked token
prefixes, without requiring a user-tuned truncation
threshold. EES automatically adapts its truncation
behavior—near-greedy under peaked distributions
and broader under flat ones—without retuning a
truncation hyperparameter across temperature set-
tings. Evaluations across commonsense, strategic,
and mathematical reasoning as well as open-ended
generation show that EES remains competitive with
tuned baselines while maintaining diversity. The
retained candidate-set size k∗ reflects temperature-
dependent changes in the probability distribution,
increasing from a mean of 1.2 at τ =0.5 to 105.2
at τ=1.5. Although tuned baselines occasionally
perform better in individual configurations, EES
remains competitive without temperature-specific
retuning of a truncation hyperparameter.

Future work includes optimizing inference la-
tency via custom GPU kernels and extending EES
to multimodal generation.
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Limitations

We identify the following limitations of our
method:

Inference Latency. Although the theoretical
time complexity of EES can be reduced to O(|V|)
(as detailed in Appendix B), the practical runtime
overhead remains a challenge. Current GPU im-
plementations for dynamic thresholding operations
(such as iterative summation or heap-based selec-
tion) are not as highly optimized as the mature
kernels used for static Top-k or Top-p sampling.
Consequently, despite the theoretical efficiency, the
actual inference latency is higher than that of static
methods, which may impact throughput in latency-
sensitive applications.

Safety Considerations. Because EES can retain
larger candidate sets under flatter distributions, it
may increase the probability of sampling harm-
ful or toxic tokens when the model assigns non-
negligible probability to such outputs. Unlike meth-
ods controlled by a fixed top-k size or top-p mass
threshold, EES determines the retained candidate
set through the first-crossing rule applied to the
current probability distribution. In safety-critical
applications, combining EES with output filtering
or safety-aligned decoding constraints is recom-
mended.
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A Algorithm Detail

Algorithm 1 presents the complete pseudocode for
EES.

Algorithm 1 Entropy Equilibrium Sampling (EES)

Require: Context C; Language Model PLM

Ensure: Generated Sequence G
1: G ← ∅
2: for each generation step do
3: p← Sort(PLM(·|C), descending)
4: P0 ← 0, κ← |V|+ 1
5: for k = 1 to |V| do
6: Pk ← Pk−1 + pk
7: if k ≥ 2 then
8: H̄k ← −∑k

i=1(pi/Pk) log(pi/Pk)
log k

9: if H̄k < Pk then
10: κ← k; break
11: end if
12: end if
13: end for
14: k∗ ← min{κ− 1, |V|}
15: xt ← sample from top-k∗ distribution
16: Update C and G with xt
17: end for
18: return G

B Incremental Entropy Computation

While Section 3.4 presents the conceptual frame-
work, practical implementation can avoid redun-
dant entropy computations through incremental up-
dates.

Incremental Entropy Update: The entropy
Hk+1 for the expanded candidate set can be com-
puted as:

Hk+1 =
Pk

Pk+1
Hk +

Pk

Pk+1
log

Pk+1

Pk

− pk+1

Pk+1
log

pk+1

Pk+1

(8)

where Pk+1 = Pk + pk+1. This reduces the
per-expansion entropy computation from O(k)
to O(1), yielding O(k∗) for threshold selection.
Combined with a max-heap (which avoids the
O(|V| log |V|) sorting step), the overall complex-
ity becomes O(|V|). However, in practice GPU-
optimized sorting outperforms heap-based extrac-
tion, so our implementation retains sorting.

Proof sketch: By writing p
(k+1)
i = p

(k)
i · Pk

Pk+1

for the first k tokens and expanding the entropy

sum, the cross-terms simplify to the stated formula.
The full derivation follows by expanding the renor-
malized entropy after adding the (k + 1)-st token.

Computational Efficiency. Table 5 compares
inference latency across methods on Qwen3-8B
(batch=128, max 128 tokens).

Method
Avg. Latency

(ms/step)
Sampling
(ms/step)

Relative
Slowdown

Temperature 69.65 0.02 1.00×
Top-p 71.54 0.01 1.03×
Top-k 69.38 0.78 1.00×
Typical 72.25 1.26 1.04×
Adaptive 118.11 75.25 1.70×
EES (ours) 90.59 47.42 1.30×

Table 5: Inference latency comparison. EES introduces
moderate overhead (1.30×) while being 23% faster than
Adaptive Sampling.

C Justification for θ = 1

We provide the detailed argument for why θ = 1 is
the natural principled default.

Symmetry. Both H̄k and Pk are normalized to
[0, 1] by construction: H̄k normalizes Shannon en-
tropy by log k, and Pk is a cumulative probability.
Because they already share the same scale, compar-
ing them directly (θ = 1) introduces no prior bias
toward either measure. Setting θ > 1 implicitly
prioritizes probability mass (exploitation); setting
θ < 1 implicitly prioritizes entropy (exploration).
θ = 1 lets the truncation decision be determined
entirely by the distribution itself. While nearby
values (e.g., θ ∈ [0.9, 1.2]) yield similar empiri-
cal performance (Table 6), θ = 1 is the natural
bias-free operating point.

Sequential interpretation. For θ = 1, EES
scans the ranked token prefixes in increasing or-
der of k. It stops at the first index κ satisfying
H̄κ < Pκ and retains k∗ = min{κ − 1, n}. Only
this first violation determines the selected candidate
set.

D Ablation Study on θ

We conducted comprehensive ab-
lation experiments across θ ∈
{0.6, 0.7, 0.8, 0.9, 1.0, 1.1, 1.2, 1.3, 1.4} on
multiple models and tasks, evaluating at three
temperature settings (τ ∈ {0.5, 0.8, 1.0}) and
reporting averaged results.
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LM Task θ=0.6 0.7 0.8 0.9 1.0 1.1 1.2 1.3 1.4

Qwen2.5-7B CSQA 82.50 82.95 83.33 83.72 84.00 83.92 83.96 83.99 84.01
SQA 75.53 75.62 75.67 75.94 76.28 76.15 76.23 76.24 76.22

Qwen2.5-32B CSQA 88.82 88.70 88.69 88.69 89.03 88.85 88.93 88.90 88.91
SQA 79.46 79.66 79.72 79.90 80.37 80.35 80.39 80.31 80.31

Llama3.1-8B CSQA 76.81 76.57 76.78 76.84 77.02 77.10 76.91 77.03 76.99
SQA 75.30 75.12 74.95 74.84 74.75 75.03 74.49 74.34 74.39

Qwen3-8B GSM8K (w/o) 61.76 62.03 62.03 62.31 62.53 62.37 62.55 62.48 62.15
GSM8K (w/) 66.15 66.60 66.40 66.56 66.72 66.86 66.71 66.81 66.66

Table 6: Accuracy (%) vs. θ, averaged across τ ∈
{0.5, 0.8, 1.0}. CSQA: CommonsenseQA; SQA: Strat-
egyQA. Bold: best per row.

Analysis. Table 6 shows that performance re-
mains broadly stable around θ = 1, although the
best value varies across models and tasks. Decreas-
ing θ tends to expand the candidate set, whereas
increasing θ tends to reduce it. The fixed choice
θ = 1 lies within a competitive neighborhood and
is used across all experiments without per-task or
per-temperature retuning.

E Dataset Statistics

Dataset Task Type Train Test

CommonsenseQA Multiple Choice QA 9,741 1,221
StrategyQA Boolean QA 2,290 490
WikiText-103 Open-Ended Generation 28,475 60
GSM8K Math Reasoning 7,473 1,319

Table 7: Dataset statistics.

We randomly sampled 20% of training data as
a validation set for hyperparameter tuning. For
WikiText-103, we filtered articles >256 tokens and
used 200 samples for validation, with MAUVE
score as the optimization target.

F Additional Analysis

F.1 Truncation Behavior on Individual Steps

To illustrate step-level behavior, we examine repre-
sentative generation steps from three qualitatively
different distribution shapes.

Method High-conf. Moderate High-unc.
(H=0.02) (H=0.68) (H=3.16)

Top-p (p=0.9) 1 2 76
Top-k (k=20) 20 20 20
Eta (η=0.001) 2 6 46
EES (ours) 1 1 5

Table 8: Number of tokens retained by each method
on three representative generation steps (Qwen2.5-7B-
Instruct, τ=1.0). EES provides conservative, entropy-
aware truncation.

As shown in Table 8, top-k is entirely static. Top-
p and eta adapt but can over-retain on uncertain
steps (76 and 46 tokens). EES applies conserva-
tive truncation: k∗=1 on confident and moderate
steps (where the top token holds >70% of mass),
expanding to only 5 on the high-uncertainty step.
The critical distinction from greedy decoding is
that EES does expand when genuinely needed.

F.2 Effect of Model Scale

Model Mean H Std H Median H

Qwen2.5-7B 1.42 1.60 0.96
Llama3.1-8B 1.58 1.86 0.84
Qwen2.5-32B 1.60 1.58 1.25

Table 9: Next-token entropy statistics (τ = 1.0) on
CommonsenseQA.

While mean entropy is similar across scales,
Llama3.1-8B has the highest entropy standard devi-
ation (1.86), indicating greater variation in entropy
across generation steps. Qwen2.5-32B has the low-
est standard deviation (1.58) and a higher median
entropy (1.25), indicating slightly more stable en-
tropy values across generation steps. Across the
evaluated models, EES shows a larger relative
performance advantage on the 7B/8B models,
while the gap narrows on Qwen2.5-32B.

G Hyperparameter Sensitivity
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Figure 5: Performance variance of baseline methods
under different hyperparameter settings at fixed temper-
atures. Methods with wider spread are more sensitive to
hyperparameter choice.

Figure 5 demonstrates that existing methods ex-
hibit substantial performance variance across hyper-
parameter configurations, with some configurations
degrading accuracy by over 5%. This motivates
methods that avoid temperature-specific retuning
of truncation hyperparameters.
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H Human Evaluation Protocol

Evaluators were presented with pairwise compar-
isons via a web interface displaying the prompt
alongside two anonymized generations, as shown
in Figure 6. They assessed outputs on Qual-
ity (coherence, relevance, fluency) and Diversity
(creativity, distinctiveness) using a 3-point scale
(+1/0/−1). We recruited 10 fluent English speak-
ers; each evaluated 500 pairs. Evaluators were
compensated at $15/hour, above local minimum
wage. Inter-annotator agreement (Fleiss’ κ) was
0.42 (moderate).

Figure 6: Screenshot of the human evaluation interface
used for pairwise comparison.

I Statistical Significance

To rigorously assess performance differences, we
conducted Welch’s t-tests comparing EES against
each baseline method. Per-temperature p-values
were combined using Fisher’s method and cor-
rected with Bonferroni adjustment for multiple
comparisons.

Key findings. EES shows significant improve-
ments (p < 0.05) over static methods (Tempera-
ture, Top-p, Top-k) and deterministic baselines (CS,
CD) on 7B/8B models. Against adaptive methods
(Mirostat, Adaptive), differences are generally not
significant, indicating that EES achieves compa-
rable performance without retuning a truncation

Method Setting τ = 0.5 τ = 0.8 τ = 1.0

Top-k
Per-τ optimal 77.33(k=20) 76.23(k=5) 74.76(k=5)

Fixed@τ=0.8 71.33(k=5) 76.23 —
∆ –6.00 0.00 —

Eta
Per-τ optimal 77.17(η=6e-4) 75.22(η=6e-4) 74.25(η=4e-3)

Fixed@τ=0.8 71.84(η=6e-4) 75.22 67.01(η=6e-4)

∆ –5.32 0.00 –7.24

Adaptive
Per-τ optimal 77.17(ϵ=0.01) 77.38(ϵ=5e-4) 77.20(ϵ=0.01)

Fixed@τ=0.8 72.32(ϵ=5e-4) 77.38 72.61(ϵ=5e-4)

∆ –4.85 0.00 –4.59

EES (ours) (fixed rule) 77.44 76.72 76.90

Table 10: Hyperparameter transfer across temperatures
on CommonsenseQA (Llama3.1-8B). “Per-τ optimal”
uses the best hyperparameter tuned at each temperature;
“Fixed@τ=0.8” fixes the τ=0.8-optimal value. ∆ is
the accuracy drop. “—” indicates that the fixed and
per-τ optimal hyperparameters coincide, so no transfer
degradation occurs. Baseline methods degrade by 4.6–
7.2% when transferred, while EES applies the same
fixed rule across temperatures.

hyperparameter. On Qwen2.5-32B, most differ-
ences are non-significant. As shown in Table 9,
this model also exhibits the lowest entropy variabil-
ity across generation steps, which may help explain
the narrower performance gap between EES and
the baselines.

J Hyperparameter Transfer Across
Temperatures

A key practical concern is whether hyperparam-
eters tuned at one temperature transfer to other
settings. We fix each method’s optimal hyperpa-
rameter from τ = 0.8 and evaluate at τ = 0.5 and
τ = 1.0 on CommonsenseQA using Llama3.1-8B
(5 runs each).

Table 10 shows that all baseline methods suf-
fer substantial accuracy degradation (4.6–7.2%)
when their hyperparameters are transferred across
temperatures. Eta sampling is especially sensi-
tive, dropping 7.24% at τ=1.0 because the entropy
threshold tuned for lower temperatures becomes
overly restrictive at higher temperatures. EES
avoids this failure mode entirely by deriving the
truncation threshold directly from the distribution
at each step.

K Licensing Information

All datasets and models are publicly available:
GSM8K (MIT), WikiText-103 (CC BY-SA 3.0),
CommonsenseQA (MIT), StrategyQA (Apache
2.0), Qwen2.5/Qwen3 (Apache 2.0), Llama3.1
(Llama 3 Community License).
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Baseline CommonsenseQA StrategyQA GSM8K

Qwen2.5-7B Llama3.1-8B Qwen2.5-32B Qwen2.5-7B Llama3.1-8B Qwen2.5-32B Qwen3-8B

Temperature <.001** <.001** .022* .139 .003** .200 .030*
Top-p <.001** .005** .002** .044* .008** .652 .958
Top-k <.001** .232 .266 .040* .161 .266 .042*
Eta <.001** <.001** .067 .042* <.001** .042* 1.00
Mirostat .302 1.00 1.00 1.00 1.00 1.00 1.00
Typical .026* .007** 1.00 .040* .073 1.00 1.00
Adaptive .006** 1.00 1.00 .403 1.00 1.00 1.00
Min-p .030* <.001** 1.00 .031* <.001** 1.00 1.00
CS <.001** <.001** .013* <.001** <.001** .036* .016*
CD .001** — .005** <.001** — .168 .001**
*p < 0.05, **p < 0.01. “—”: CD not evaluated on Llama3.1-8B (no same-family small model).

Table 11: Statistical significance (Bonferroni-corrected p-values) of EES vs. baseline methods. Bold indicates
p < 0.05. P -values are computed per temperature via Welch’s t-test, combined with Fisher’s method, and
Bonferroni-corrected. For every statistically significant comparison, EES achieves higher mean accuracy than the
corresponding baseline.

L Full Standard Deviation Tables
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LM Method CommonsenseQA StrategyQA

τ=0.5 τ=0.8 τ=1.0 τ=0.5 τ=0.8 τ=1.0

Q
w

en
2.

5-
7B

Temperature 83.70±1.05 82.39±0.74 82.01±0.50 75.75±0.62 75.90±1.21 74.67±0.74
Top-p 83.77±0.56 82.64±0.26 81.93±0.41 74.79±0.83 75.87±0.72 75.05±1.56
Top-k 82.75±0.48 82.42±0.44 82.65±0.58 75.87±0.72 75.11±1.47 74.44±0.61
Eta 82.98±0.56 81.88±0.80 82.10±0.55 75.43±1.10 74.99±0.95 75.11±0.91
Mirostat 83.88±0.49 83.23±0.82 83.55±0.63 75.72±0.98 76.33±0.75 75.37±0.89
Typical 83.36±0.50 84.11±0.25 82.95±0.52 75.34±0.77 75.57±0.64 75.23±0.56
Adaptive 83.62±0.15 83.46±0.61 83.39±0.33 75.63±0.92 75.52±1.14 75.46±0.85
Min-p 83.87±0.51 83.16±1.02 83.16±0.31 75.02±0.89 75.52±0.80 75.02±1.21
Ours 84.42±0.29 83.95±0.38 83.64±0.27 76.33±0.66 76.56±0.72 75.95±0.92
CS 83.31±0.39 83.05±0.38 81.43±0.50 73.25±0.49 72.75±0.56 72.37±1.32
CD 82.85±0.91 82.72±0.91 82.18±0.69 72.98±0.73 72.90±0.96 73.65±0.44

L
la

m
a3

.1
-8

B

Temperature 76.69±0.60 75.71±0.74 73.63±0.82 73.80±1.02 72.34±1.24 69.02±2.58
Top-p 76.81±0.09 76.25±0.46 75.28±0.88 73.54±1.17 73.54±0.81 72.66±0.83
Top-k 77.33±0.36 76.23±0.94 74.76±1.43 75.28±1.05 72.20±1.16 72.52±1.57
Eta 77.17±0.67 75.22±0.67 74.25±0.72 74.06±1.48 71.99±0.94 70.39±0.91
Mirostat 77.20±0.44 76.38±0.51 76.54±0.59 74.12±1.21 75.46±1.18 74.50±1.70
Typical 77.22±0.27 75.81±0.33 75.18±0.38 75.05±0.86 73.57±0.75 72.02±1.11
Adaptive 77.17±0.21 77.38±0.30 77.20±0.09 75.11±0.81 75.17±0.56 75.14±0.98
Min-p 71.76±0.48 71.33±0.89 70.73±1.11 67.42±1.17 67.71±1.19 67.80±2.10
Ours 77.44±0.35 76.72±0.63 76.90±0.88 75.14±0.58 74.50±2.16 74.61±0.89
CS 71.70±0.63 70.38±1.47 67.96±1.37 67.57±1.09 67.13±0.86 63.23±1.64

Q
w

en
2.

5-
32

B

Temperature 88.98±0.23 88.27±0.16 88.52±0.29 80.29±0.85 79.39±0.77 79.04±1.12
Top-p 88.63±0.29 88.21±0.46 88.19±0.38 80.44±0.68 79.42±1.01 79.24±1.32
Top-k 88.83±0.38 89.12±0.56 88.11±0.58 79.77±0.61 80.38±0.71 78.57±0.81
Eta 88.99±0.30 88.48±0.17 88.47±0.26 80.15±1.34 78.95±0.63 79.39±0.34
Mirostat 89.24±0.32 88.75±0.39 89.09±0.37 80.32±0.86 80.12±1.04 80.15±0.26
Typical 89.19±0.12 88.85±0.27 88.70±0.24 80.06±0.95 80.32±0.63 79.45±1.29
Adaptive 88.98±0.44 88.76±0.33 88.83±0.15 80.32±0.75 80.79±0.94 80.99±0.60
Min-p 89.39±0.18 88.78±0.56 88.40±0.37 79.62±0.97 80.55±0.91 79.91±0.59
Ours 89.30±0.46 88.85±0.33 88.94±0.40 80.35±0.99 80.52±0.65 80.23±1.09
CS 88.75±0.47 88.39±0.64 88.14±0.27 79.59±0.79 79.33±0.61 79.30±0.22
CD 88.52±0.47 88.52±0.57 87.98±0.40 79.77±1.15 79.45±0.68 79.33±1.15

Table 12: Full per-cell accuracy (mean ± std, %) for Table 1. All values from 5 independent runs.

Method w/o thinking w/ thinking

τ=0.5 τ=0.8 τ=1.0 τ=0.5 τ=0.8 τ=1.0

Temperature 61.49±0.67 61.83±0.78 61.91±0.38 66.87±0.24 66.55±0.19 66.16±0.61
Top-p 62.64±0.55 62.38±0.26 61.61±0.54 66.94±0.53 66.64±0.71 66.31±0.72
Top-k 61.93±0.25 62.11±0.59 61.59±0.85 66.50±0.23 66.10±0.39 66.26±0.54
Eta 62.58±0.41 62.30±0.46 62.44±0.58 66.72±0.40 66.75±0.74 66.70±0.34
Mirostat 62.71±0.22 62.52±0.72 62.70±0.54 66.61±0.50 66.64±0.29 66.55±0.21
Typical 62.56±0.29 62.00±0.48 62.09±0.70 66.96±0.22 66.35±0.55 66.54±0.23
Adaptive 62.68±0.83 61.93±0.78 62.08±0.49 66.49±0.31 66.73±0.39 66.22±0.44
Min-p 62.15±0.65 62.87±0.41 62.05±0.76 66.84±0.46 66.78±0.31 66.75±0.30
Ours 62.85±0.48 62.55±0.69 62.18±0.45 66.64±0.29 66.76±0.25 66.75±0.45
CS 62.03±0.59 62.00±0.49 61.33±0.50 66.61±0.14 66.63±0.58 66.16±0.23
CD 60.58±0.73 61.46±0.54 62.02±0.27 66.49±0.43 66.64±0.32 66.31±0.59

Table 13: Full per-cell accuracy (mean ± std, %) for Table 2. All values from 5 independent runs.
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