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Abstract

The quality of text generated by large language
models depends critically on the decoding sam-
pling strategy. While mainstream methods
such as Top-k, Top-p, and Min-p achieve a bal-
ance between diversity and accuracy through
probability-space truncation, they share an in-
herent limitation: extreme sensitivity to the
temperature parameter. Recent logit-space ap-
proaches like Top-nσ achieve temperature in-
variance but rely on global statistics that are
susceptible to long-tail noise, failing to cap-
ture fine-grained confidence structures among
top candidates. We propose Min-k Sampling,
a novel dynamic truncation strategy that ana-
lyzes the local shape of the sorted logit dis-
tribution to identify "semantic cliffs": sharp
transitions from high-confidence core tokens
to uncertain long-tail tokens. By computing a
position-weighted relative decay rate, Min-k
dynamically determines truncation boundaries
at each generation step. We formally prove that
Min-k achieves strict temperature invariance
and empirically demonstrate its low sensitiv-
ity to hyperparameter choices. Experiments
on multiple reasoning benchmarks, creative
writing tasks, and human evaluation show that
Min-k consistently improves text quality, main-
taining robust performance even under extreme
temperature settings where probability-based
methods collapse. We make our code, models,
and analysis tools publicly available. 1

1 Introduction

The quality of texts generated by large language
models (LLMs) crucially depends on the sampling
strategy used during decoding. Established meth-
ods such as Top-k (Fan et al., 2018), Top-p (nu-

* Corresponding author
1https://github.com/YecanLee/Mink

cleus sampling) (Holtzman et al., 2020), and Min-
p (Nguyen et al., 2025) strike a balance between
diversity and accuracy by truncating the probabil-
ity space. However, these probability-based ap-
proaches share an inherent limitation: they are
still extremely sensitive to the temperature param-
eter T , whose magnitude controls the probabil-
ity distribution over candidate tokens and thus di-
rectly influences the stochasticity of next-token
sampling (Ackley et al., 1985; Chen and Ding,
2023; Bellemare-Pepin et al., 2024). As illustrated
in Figure 1 (b, d, f, h), using the LLaMA-3-8B-
Instruct model (Dubey et al., 2024), we evaluate
different probability-based sampling methods un-
der both a high-confidence context ("The capital
of France is") and a low-confidence context ("The
next word could be"). As T increases, the prob-
ability distribution becomes flatter, and Top-p as
well as Min-p are more likely to (mistakenly) in-
clude a large number of low-quality noise tokens
within the sampling space. Although Top-k main-
tains a fixed number of candidates, its reliance on a
static k makes it insensitive to dynamic confidence,
and its stochasticity remains subject to T , which
consequently degrades the overall quality of the
generated text. As will be shown quantitatively in
Section 5.5, these methods experience near-total
semantic collapse (noise rate > 90%) when temper-
ature exceeds 2.0.

To alleviate this issue, recent work has intro-
duced the Top-nσ sampling (Tang et al., 2025),
which operates directly in the logit space. This
approach establishes a threshold determined by the
maximum logit value and the global standard devi-
ation, thereby achieving invariance to temperature
scaling. However, Top-nσ relies on the global σ,
making its truncation decision susceptible to inter-
ference from background noise within the long-tail
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(a) (b) (c) (d)

(e) (f) (g) (h)
Figure 1: Comparison of decoding methods under different temperature and confidence conditions. See Appendix A
for detailed token information. Top: High-confidence case, where Min-k accurately selects correct tokens and
remains temperature-invariant. Bottom: Low-confidence case, where Min-k identifies semantic boundaries while
reducing noise tokens.

logit distribution. Consequently, it fails to accu-
rately locate the "semantic cliff "—a phenomenon
characterizing the sharp drop in probability mass
that separates high-confidence candidates from the
unreliable long-tail noise (Holtzman et al., 2020;
Hewitt et al., 2022; Zhu et al., 2024; Nguyen et al.,
2025). Furthermore, the choice of the hyperpa-
rameter n directly influences the trade-off between
exploration and precision. As illustrated in Figure 1
(a, c, e, g), under both high-confidence and low-
confidence semantic contexts, the default setting
of n = 1.0 (as in the original paper) introduces
semantically irrelevant noise, while n = 2.0 (still
within the range of the paper) further enlarges the
candidate pool and amplifies the presence of noise
tokens. Desired properties of an improved sam-
pling method include (1) preserving temperature
invariance and reducing sensitivity to hyperparam-
eter tuning, and (2) faithfully reflecting internal
confidence cliffs among top candidates. Existing
truncation methods conflate two distinct effects of
temperature scaling: diversifying among plausible
candidates and admitting noise tokens from the tail.
An ideal truncation mechanism should decouple
these two effects, allowing temperature to control
only diversity within the plausible candidate set.

To this end, we propose Min-k Sampling, a dy-
namic truncation strategy that directly analyzes the

local shape of the sorted logit distribution to de-
termine the optimal truncation point. Our method
computes a position-weighted relative decay rate
to detect the most pronounced semantic cliff within
the logit sequence and applies truncation at this
dynamically determined boundary. Because this
method is relative in nature, it achieves temperature
invariance. More importantly, by focusing on the
local head structure of the distribution, it allows
the sampling decision to dynamically adapt to the
model’s confidence variation at each generation
step, effectively identifying semantic boundaries.

Contributions.

1. We propose Min-k sampling, a novel method
that analyzes the local shape of the logit dis-
tribution to locate the "semantic cliff," en-
abling adaptive truncation and reducing se-
mantic noise in generated texts.

2. We show that Min-k is temperature-
invariant (§3.4) and exhibits low sensitivity
to hyperparameters, maintaining stable perfor-
mance across different settings (§B, §5.4).

3. Experiments on multiple datasets and the Al-
paca2.0 benchmark demonstrate that Min-k
consistently improves text quality and diver-
sity under both low and high temperatures.
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2 Related Work

We categorize existing sampling-based decoding
strategies into three broad families: probability-
based, entropy-based, and logit-space-based:

Probability-based Sampling. LLMs generate
text by sampling from the probability distribution
over their vocabulary. Classical temperature scal-
ing (Ackley et al., 1985) aims to balance gener-
ation diversity and determinism by adjusting the
smoothness of this distribution. To further filter
long-tail noise, the most straightforward approach,
Top-k sampling (Fan et al., 2018), restricts the can-
didate set to the k most likely tokens, but its fixed
size cannot adapt to different contexts. To address
this issue, Top-p (nucleus) sampling (Holtzman
et al., 2020) dynamically selects the smallest set
of tokens whose cumulative probability exceeds a
given threshold, thereby achieving context adap-
tivity. However, Top-p is sensitive to temperature
and tends to introduce low-quality tokens at high
temperatures. More recently, Min-p (Nguyen et al.,
2025) mitigates this issue to some extent via a dy-
namic threshold, but still fails to fully overcome the
challenges posed by high temperatures (Tang et al.,
2025). These widely used sampling methods share
a common limitation: their decision criteria directly
depend on probability values that are themselves
temperature-sensitive, leading to unstable perfor-
mance under extreme temperatures. Moreover, Ma
et al. (2025) argue that probabilities only capture
the relative strength between tokens rather than the
model’s absolute confidence, which fundamentally
limits the reliability of all these methods.

Entropy-based Sampling. Entropy-based sam-
pling methods adopt an information-theoretic per-
spective, utilizing entropy to guide token selection,
thereby aiming to achieve a more principled bal-
ance between diversity and quality. Mirostat (Basu
et al., 2021) adaptively adjusts the temperature pa-
rameter in real time to keep the generation perplex-
ity close to a target value T , maintaining consis-
tent generation quality. η-sampling (Hewitt et al.,
2022) introduces a gradient truncation mechanism
based on token-level entropy thresholds, dynami-
cally adjusting the sampling space according to the
uncertainty of the distribution. REAL (Chang et al.,
2024) aims to optimize the asymptotic entropy of
the sampling process to achieve long-term optimal
diversity. In addition, entropy has been incorpo-
rated into advanced decoding strategies. Adap-

tive Contrastive Search (ACS, Garces Arias et al.,
2024) uses local uncertainty (with entropy as a
proxy) to dynamically adjust the size of the can-
didate set and the weight of degeneration penal-
ties. Glocal Uncertainty-Aware Robust Decoding
(GUARD, Ding et al., 2025) combines global and
local entropy estimates into a glocal uncertainty
signal that adaptively tunes contrastive-search pa-
rameters, improving both efficiency and text diver-
sity. Guide-to-Generation (G2, Ruan et al., 2025)
employs token-level entropy as a gating signal to se-
lectively apply contrastive logit perturbations from
diversity-steering prompts, thereby enhancing vari-
ability only when the model exhibits high uncer-
tainty. Locally typical sampling (Meister et al.,
2023) takes a complementary approach by select-
ing tokens whose information content is close to
the conditional entropy, aiming to maintain a nat-
ural information rate. However, as its selection
criterion operates in probability space, it remains
inherently temperature-sensitive. Despite their the-
oretical appeal, these strategies have seen limited
adoption in practice. A key reason is that they
typically involve more complex implementations,
additional computational overhead, and more chal-
lenging hyperparameter tuning, while the resulting
performance gains often fail to justify the added
complexity (Zhou et al., 2025; Nguyen et al., 2025;
Tang et al., 2025).

Logit-space-based Sampling. Given the inher-
ent temperature sensitivity and reliability issues of
probability-space sampling methods, recent work
has shifted toward the upstream logit space. The
goal is to design strategies that are insensitive to
temperature scaling, since the magnitude of log-
its is believed to more directly reflect the model’s
accumulated "evidence" and thus encode richer
information than probabilities (Ma et al., 2025).
Top-nσ is a representative method in this line of
research: it truncates the candidate set by apply-
ing a threshold in logit space that depends on the
maximum logit and the global standard deviation
σ, thereby achieving temperature invariance (Tang
et al., 2025). However, this approach introduces
new challenges: Its decision rule heavily relies on
σ, a global statistic that captures the dispersion of
logits over the entire vocabulary. Because σ is eas-
ily dominated by numerous low-score "background
noise" tokens that are largely unrelated to the cur-
rent context, the method may become less precise
in capturing subtle confidence differences among
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top-ranked, high-quality candidates. Moreover, its
performance is markedly sensitive to the hyperpa-
rameter n (cf. §1). Consequently, new methods
simultaneously need to preserve temperature invari-
ance, reduce hyperparameter sensitivity, and more
faithfully reflect the model’s semantic boundaries
among key candidate tokens.

3 Methodology

The key idea of Min-k Sampling is to dynamically
determine the candidate set size k by analyzing the
intrinsic structure of the sorted logit values, thereby
identifying the semantic cliff. Unlike conventional
truncation strategies, Min-k performs this analysis
locally without relying on global statistics such as
σ or thresholds. Furthermore, the entire design is
naturally temperature-invariant, ensuring consis-
tent behavior across temperature settings.

3.1 Core Principle: Identifying Semantic
Cliffs via Weighted Logit Decay

Given the model’s raw logit vector I ∈ R|V | at a
decoding step (where |V | is the vocabulary size),
our goal is to detect a critical drop within the sorted
logits sequence.

Step 1: Sorting and Normalization. We first
sort the logits in descending order:

Isorted = (l1, l2, . . . , l|V |), l1 ≥ l2 ≥ · · · ≥ l|V |.

To ensure invariance to linear transformations such
as temperature scaling, we compute the dynamic
range Rl

2:
Rl = l1 − l|V |. (1)

Step 2: Weighted Relative Decay. Empirically,
the most meaningful probability drops occur near
the head of the distribution. To capture this pattern,
we define a weighted relative decay measure:

wi =
(li − li+1)

Rl
· 1
i
, (2)

where wi normalizes the local drop by the dynamic
range Rl while weighting earlier positions with 1/i
to emphasize changes near the head. Both com-
ponents are critical: our ablation study (cf. Ap-
pendix D.1) confirms that omitting the weighting
term 1/i significantly degrades performance by in-
troducing tail noise, while removing the normal-
ization factor Rl leads to model collapse under

2In our practical implementation, we add a small constant
(ε = 1e−8) to the denominator to ensure numerical stability
in the rare case of a uniform distribution (l1 = l|V |).

high-temperature settings. Furthermore, we em-
pirically validate the choice of the linear decay
function in Appendix D.2, showing that 1/i offers
superior generalization across tasks compared to
logarithmic or quadratic alternatives.

Step 3: Cliff Detection. We then locate the posi-
tion of the steepest relative decay, which marks the
semantic boundary:

kcliff = i∗ = arg max
i∈{1,...,|V |−1}

wi. (3)

This position determines the structural boundary
between confident and uncertain tokens, and the
initial candidate size is thus kcliff = i∗.

3.2 Enhancing Robustness: Dynamic Fallback
Mechanism

While the above mechanism performs well when
the logits distribution exhibits a clear hierarchy,
LLMs sometimes produce extremely flat logits un-
der high uncertainty (e.g., ambiguous inputs). In
such cases, adjacent logit values are nearly iden-
tical, and the sequence {wi} lacks a clear peak,
causing argmaxwi to collapse to i∗ = 1, which
undesirably yields k = 1. To avoid this degen-
eracy, we design a dynamic fallback mechanism
based on the empirical observation that the logit
range Rl is inversely correlated with model uncer-
tainty—flatter distributions imply smaller Rl. We
thus define a fallback candidate size:

kfallback = ⌊τ ·R−1
l ⌋, (4)

where τ is a small constant hyperparameter acti-
vated only when the distribution is nearly uniform
(i.e., when the dynamic range Rl is minimal). As
shown later in Appendix B and §5.4, the algorithm
is largely insensitive to τ ; our ablation study (Ap-
pendix D.1) also shows that removing this fallback
mechanism does not affect performance on struc-
tured reasoning tasks. This empirically confirms
that the primary weighted-decay method (§3.1) is
sufficiently robust to identify semantic boundaries
in most cases. However, we retain the fallback
mechanism as a safeguard to prevent collapse (i.e.,
k = 1) in high-entropy scenarios without a distinct
cliff.

3.3 Final Candidate Set and Sampling
Procedure

The final candidate size k is determined as the max-
imum of the cliff-based and fallback mechanisms:

k = max(kcliff, kfallback). (5)
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This ensures that when a distinct semantic cliff
exists, kcliff dominates, while in degenerate cases,
the fallback mechanism provides a reasonable min-
imum level of exploration. After determining k, we
retain the top-k logits and set all remaining logits
to −∞:

li =

{
li, if i ≤ k,

−∞, otherwise.
(6)

The truncated logits vector is then scaled by temper-
ature T and passed through the softmax function
to form the final sampling distribution:

P (xi) =
exp(li/T )∑|V |
j=1 exp(lj/T )

. (7)

Because k is independent of T , Min-k maintains
strict temperature invariance.

3.4 Temperature Invariance
To guarantee consistent decoding behavior across
different temperature settings, we formally prove
that Min-k sampling is strictly temperature-
invariant. That is, for any temperature coefficient
T > 0, the final candidate set size k and the corre-
sponding token indices remain unchanged.
Proposition (Temperature Invariance). Let the
original logit vector be I ∈ R|V | and let the
temperature-scaled logits be I′ = I/T , where
T > 0 is the temperature coefficient. Let K(I) ⊆
{1, 2, . . . , V } denote the candidate token indices
selected by Min-k on the logits I. Then for any
T > 0, we have:

K(I) = K(I′). (8)

Proof. Let Isorted = (l1, l2, . . . , l|V |) be the logits
sorted in descending order with the dynamic range
as defined in Eq. (1) and the normalized relative
decay (without weighting, cf. Eq. (2)) defined as

di =
li − li+1

Rl
, i = 1, 2, . . . , |V | − 1. (9)

The Min-k method uses the weighted decay defined
in Eq. (2) to identify the steepest "semantic cliff".

Now consider temperature scaling of the logits,
which results in l′i = li/T and preserves the order-
ing (since T > 0), i.e., l′1 ≥ l′2 ≥ · · · ≥ l′V , such
that the new dynamic range becomes:

Rl′ = l′1 − l′V =
l1 − lV

T
=

Rl

T
. (10)

Algorithm 1 Min-k Sampling

1: Input: Context x, T , fallback τ
2: Output: Next token
3: Compute logits: l← LLM(x)
4: Sort logits: l← sort(l)
5: Find rank i∗ with maximum relative drop:

i∗ ← argmax
i

li − li+1

i · (max(l)−min(l))

6: Determine candidate size k:

k ← int

(
max

(
i∗,

τ

max(l)−min(l)

))

7: Filter logits: lj ←
{
lj if j ∈ {l1, . . . , lk}
−∞ otherwise

8: Scale logits: l′ ← l/T
9: p← softmax(l′)

10: return next token from distribution p

This results in the normalized relative decay for
the scaled logits being equal to that for the raw
logits

d′i =
l′i − l′i+1

Rl′
=

(li/T − li+1/T )

Rl/T
(11)

=
li − li+1

Rl
= di

and hence, the weighted decay remains unchanged:

w′
i =

d′i
i
=

di
i
= wi. (12)

Therefore, the position of the maximum i∗ is in-
variant with respect to T :

i∗
′
= argmax

i
w′
i = argmax

i
wi = i∗. (13)

Since both the ordering of tokens and the cut-off
size i∗ are invariant to T , the selected candidate set
K is identical, as outlined in Algorithm 1.

4 Experimental Setup

Models. We evaluate our method on several mod-
els from the LLaMA-3 (Dubey et al., 2024) family,
including LLaMA-3-8B-Instruct, which serves as
our primary evaluation model, and LLaMA-3-70B-
Instruct. We also include Qwen3 (Qwen Team,
2025) models, specifically Qwen3-4B-Instruct and
Qwen3-30B-Instruct, for completeness.
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Datasets. Following the setup of Tang et al.
(2025), we evaluate Min-k on both reasoning and
creative writing datasets. For reasoning tasks,
we include AQuA (254 samples, Ling et al.,
2017), GSM8K (1319 samples, Cobbe et al., 2021),
GPQA-main (448 samples, Rein et al., 2024), and
MATH500 (500 samples, Lightman et al., 2024;
Hendrycks et al., 2021). Each dataset is converted
into an open-ended generation task for fair com-
parison (cf. Appendix C.1). For creative writing
(Nguyen et al., 2025), we select 500 diverse sam-
ples designed to assess creativity, depth, quality,
and robustness (cf. Appendix C.2).

Baselines. We compare Min-k against several
widely used decoding strategies Top-k (Fan et al.,
2018) (k = 20), Top-p (Holtzman et al., 2020)
(p = 0.9), Mirostat (Basu et al., 2021) (τ = 5.0),
η-sampling (Hewitt et al., 2022) (η = 9 × 10−4),
Min-p (Nguyen et al., 2025) (p = 0.1), and Top-nσ
(Tang et al., 2025) (n = 1.0). The hyperparameters
are chosen as optimal according to previous empir-
ical studies and implementation guidelines (Hewitt
et al., 2022; Nguyen et al., 2025; Siml, 2024; Tang
et al., 2025; Garces Arias et al., 2025). For Min-k,
we use a default fallback parameter of τ = 3.0,
which was shown in Section 3.4 and Section 5.4 to
have a negligible impact (cf. Appendix D.1).

Evaluation Metrics. For reasoning tasks, we
adopt the Exact Match (EM) metric to assess ac-
curacy. For creative writing tasks, we follow the
evaluation framework of Alpaca2.0 (Li et al., 2023)
using DeepSeek-V3.2-Exp (DeepSeek-AI, 2025a)
to compute win rates against greedy decoding out-
puts (cf. Appendix C.2).

Human Evaluation To assess generation qual-
ity, we conducted a human evaluation with four
native English speakers on 200 pairs of text contin-
uations. Raters indicated a preference for Method
A, Method B, or a tie (detailed guidelines in
Appendix F). Annotators were compensated at
$20/hour. The presentation order of the outputs
was randomized to avoid positional bias. We re-
port inter-rater agreement via Fleiss’ Kappa and
statistical significance using exact binomial tests.

5 Results

5.1 Mathematical Reasoning

Table 1 presents a comprehensive performance
comparison of various sampling strategies across

four challenging mathematical reasoning bench-
marks, utilizing two instruction-tuned models of
varying scales (LLaMA-3-8B-Instruct and Qwen3-
4B-Instruct) under different temperature settings.
Overall, the experimental results allow for sev-
eral interesting observations: Traditional trunca-
tion strategies—namely Top-k, Top-p, and Min-
p—demonstrate extreme sensitivity to temperature
variations. As T increases, these methods suffer
from severe performance degradation, culminating
in a near-total collapse (with accuracy approaching
0%) in the high-entropy setting of T = 10.0. In
stark contrast, both Top-nσ and Min-k demonstrate
superior resilience; even under extremely high-
temperature conditions, they effectively circumvent
the logical collapse of model outputs, thereby main-
taining the feasibility of the reasoning process. No-
tably, Min-k exhibits superior performance and sta-
bility, achieving higher reasoning accuracy across
the majority of experimental configurations. This
consistent superiority across diverse models and
datasets provides compelling evidence of the effec-
tiveness of Min-k in suppressing long-tail distri-
butional noise, enabling it to preserve the model’s
core reasoning capabilities to the maximum extent
while simultaneously ensuring generation quality.

Main Takeaways
Empirically, Min-k exhibits three key bene-
fits: (1) superior stability in mid-temperature
regimes where accuracy and coherence are both
crucial, (2) resilience against high-temperature
degradation, and (3) improved logical coher-
ence in reasoning-centric tasks.

5.2 Creative Writing

To evaluate the generalization capabilities and qual-
ity of sampling strategies in open-domain instruc-
tion following tasks, Table 2 reports results from an
LLM-as-a-Judge evaluation, with DeepSeek-V3.2-
Exp serving as the judge. Following Tang et al.
(2025), we assessed the Win Rate of responses
generated by various sampling strategies against
a Greedy Decoding baseline on the AlpacaEval
dataset. The overall results exhibit a notable per-
formance divergence: As T increases from 1.0 to
3.0, the win rates of most methods (Top-k, Top-
p, and Mirostat) plummet to single digits or near-
zero levels. This collapse highlights the limita-
tions of traditional static or cumulative probability-
based truncation mechanisms in effectively iso-
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Dataset
Model LLaMA3-8B-Instruct Qwen3-4B-Instruct

T 1.0 2.0 3.0 4.0 5.0 10.0 1.0 2.0 3.0 4.0 5.0 10.0

AQuA

Top-k 46.85 40.94 17.72 8.66 6.69 0.00 75.20 77.56 71.65 62.20 44.09 0.00
Top-p 49.61 31.10 12.99 3.54 1.18 0.00 77.95 77.17 70.87 52.76 19.29 0.00
Min-p 50.00 32.68 24.02 7.48 7.08 0.00 77.56 76.77 74.41 69.69 55.12 0.00
Top-nσ 48.03 47.24 46.06 46.06 44.49 49.61 78.35 77.17 77.17 78.35 77.17 77.17
Min-k 50.00 48.03 44.49 52.76 50.39 46.06 79.13 79.13 79.13 79.92 78.35 79.13

GPQA-main

Top-k 28.35 26.79 15.18 5.58 2.23 0.00 17.19 18.75 12.28 9.60 3.57 0.00
Top-p 28.57 21.21 7.59 0.45 0.00 0.00 17.19 16.07 10.71 5.36 3.57 0.00
Min-p 29.02 26.34 21.21 6.92 2.68 0.00 19.20 16.96 14.73 10.04 5.58 0.00
Top-nσ 26.56 29.69 29.02 26.79 27.46 28.35 17.41 18.75 17.86 17.41 17.41 16.07
Min-k 29.02 30.80 26.56 27.46 29.24 29.69 18.97 18.97 17.41 19.20 18.53 18.97

GSM8K

Top-k 75.44 54.13 9.86 1.06 0.08 0.00 93.33 92.72 92.49 89.61 79.08 0.00
Top-p 76.27 46.63 2.50 0.15 0.00 0.00 92.80 93.56 91.74 88.76 56.25 0.00
Min-p 75.36 62.70 28.81 3.94 0.38 0.00 93.18 92.80 91.74 89.92 85.14 0.45
Top-nσ 75.44 73.69 72.55 73.09 74.07 73.77 93.40 93.03 92.87 92.87 92.72 93.18
Min-k 77.39 76.65 76.02 76.15 76.48 74.79 93.63 93.10 92.65 93.18 93.56 93.10

MATH500

Top-k 21.40 11.60 2.20 0.20 0.00 0.00 60.00 58.80 55.20 42.60 20.40 0.00
Top-p 22.00 9.20 0.60 0.00 0.00 0.00 60.60 58.80 50.00 29.20 7.20 0.00
Min-p 22.00 13.40 3.40 0.00 0.00 0.00 60.60 58.80 55.40 48.80 33.20 0.00
Top-nσ 24.60 23.40 21.80 20.20 17.60 21.20 60.40 57.40 57.80 57.20 57.60 57.40
Min-k 24.00 23.00 25.00 22.00 22.00 21.60 59.20 59.20 58.80 59.80 59.40 59.00

Table 1: Exact Match (%) for different temperatures (1.0–10.0) and sampling strategies on AQuA, GPQA-main,
GSM8K and MATH500 using the LLaMA-3-8B-Instruct and Qwen3-4B-Instruct models. The detailed results for
LLaMA-3-70B-Instruct and Qwen3-30B-Instruct are provided in Appendix G. Best results in bold.

Method
LLaMA3-8B-Instruct Qwen3-4B-Instruct

T = 1.0 T = 3.0 T = 1.0 T = 3.0

Top-k 50.80 1.40 50.00 13.80
Top-p 49.60 0.00 54.60 0.40

Mirostat 48.20 1.40 48.40 18.00
η-sampling 52.60 0.00 49.80 0.20

Min-p 53.40 51.60 49.40 46.60
Top-nσ 52.40 51.40 54.80 50.80
Min-k 58.60 53.60 56.00 55.40

T = 5.0 T = 10.0 T = 5.0 T = 10.0

Top-nσ 54.20 50.00 50.60 51.20
Min-k 53.20 52.80 52.20 52.80

Table 2: Win rates (%) on creative writing for both
models. Best results in bold.

Method LLaMA3-8B-Instruct Qwen3-4B-Instruct Total (%)

Top-nσ 33 34 67 (33.5)
Tie 26 32 58 (29.0)
Min-k 41 34 75 (37.5)

Total 100 100 200 (100)

Table 3: Human evaluation outcomes for Min-k and
Top-nσ, stratified by model. Best results in bold.

lating long-tail noise within high-variance distri-
butions. Again, Min-k demonstrates resilience
as it not only achieves peak win rates in low-
temperature settings (T = 1.0)—reaching 58.60%

on LLaMA-3 by precisely capturing high-quality
candidates—but also establishes a distinct advan-
tage over the Top-nσ baseline under extremely
high-temperature conditions (T = 10.0), main-
taining a remarkable win rate of 52.80%.

Main Takeaways
These results demonstrate the ability of Min-k
to maintain high quality, i.e., striking a balance
between generative creativity and logical coher-
ence, thereby providing a robust strategy that
can adapt to the fluctuating uncertainty inherent
in token generation.

5.3 Human Evaluation

The human evaluation comprises 200 pairwise com-
parisons between Min-k and Top-nσ. Overall, Min-
k is preferred in 75 cases (37.5%), Top-nσ in 67
cases (33.5%), while there are 58 (29.0%) ties (cf.
Table 3). This preference for Min-k is more pro-
nounced for LLaMA-3 outputs (41% vs. 33%) than
for Qwen3, where judgments show no clear prefer-
ence. Excluding ties yields higher agreement (33%
to 75%) and slightly improved Fleiss’ κ values
(−0.20 to 0.33), though agreement remains in the
slight-to-fair range. A binomial test (at α = 0.05)
revealed no statistically significant difference in
human preferences between the two methods.
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5.4 Sensitivity Analysis with Respect to τ

To assess the sensitivity of Min-k Sampling with
respect to its core hyperparameter τ and to investi-
gate its robustness under different temperature set-
tings, we conduct a comprehensive grid-search ex-
periment. Using the LLaMA-3-8B-Instruct model,
we evaluate combinations of τ and temperature T
(both 1.0 to 10.0) on GSM8K. The results are vi-
sualized as a heatmap in Figure 2. Our analysis
reveals two key insights: Min-k sampling exhibits
remarkable overall robustness. As shown in Fig-
ure 2, across the entire hyperparameter space, the
model’s accuracy consistently lies within a very nar-
row high-performance range (approximately 74%–
79%). We do not observe any sharp drops in ac-
curacy, indicating that the method is largely insen-
sitive to hyperparameter choices and thus highly
convenient for practical deployment. In contrast,
the Top-nσ method (Tang et al., 2025), as shown in
its original paper’s heatmap, exhibits significantly
larger performance fluctuations on GSM8K as the
parameter n varies within its reasonable range.

Main Takeaways
The ability of Min-k to maintain high con-
sistency across a broad hyperparameter space
shows its strong intrinsic stability. This sug-
gests that Min-k is a broadly applicable decod-
ing strategy that significantly reduces reliance
on hyperparameter search, while offering im-
proved ease of deployment and generalization
relative to the baselines.

5.5 Semantic Noise Analysis

To further investigate why Min-k maintains robust-
ness under high-temperature settings, we conduct
a quantitative analysis of the semantic noise rate
across different decoding strategies. Unlike tradi-
tional metrics that rely on lexical overlap, we de-
fine semantic noise as the proportion of generated
content that becomes incoherent, repetitive, or irrel-
evant after a semantic collapse threshold is reached.
We employed DeepSeek-V3.2-Exp (DeepSeek-AI,
2025b) as an impartial judge to identify the exact
onset of semantic collapse for each generated re-
sponse (see Appendix E for detailed evaluation pro-
tocols). Figure 3 illustrates the noise rate trends as
T increases from 1.0 to 10.0. Standard probability-
based methods (Top-k, Top-p, and Min-p) exhibit
a sharp increase in noise accumulation as the distri-
bution flattens, with Top-p and Min-p reaching near

Figure 2: Sensitivity analysis of Min-k with respect to τ
on GSM8K. The heatmap shows accuracy (%) under dif-
ferent combinations of τ and temperature. The method
maintains highly stable performance (∼74-79%) across
the entire tested parameter space, demonstrating strong
robustness without a clear degradation threshold even at
very high temperatures.

Figure 3: Semantic Noise Rate Comparison (Log Scale).
We evaluate the ratio of incoherent tokens generated by
different methods across temperatures ranging from 1.0
to 10.0 on GSM8K (128 samples). While traditional
methods collapse (noise rate→ 1.0) as temperature rises,
Min-k remains remarkably stable, consistently filtering
out long-tail noise without manual tuning.

100% noise saturation at T ≥ 2.0. While Top-nσ
and Min-k both effectively suppress noise, Min-
k even more consistently maintains a negligible
noise rate (< 10%) even at extreme temperatures
(T = 10.0), demonstrating its unique ability to dy-
namically identify and truncate at the true semantic
boundary, regardless of distributional smoothness.

5.6 Computational Efficiency

To quantify the runtime overhead of Min-k, we
benchmark all methods on LLaMA-3-8B-Instruct.
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Method Tokens/s Latency (ms) Slowdown

Greedy 39.33 25.43 0.00%
Top-k 38.28 26.13 2.67%
Top-nσ 38.22 26.16 2.81%
Min-p 38.10 26.24 3.11%
Top-p 37.97 26.34 3.46%
Min-k 37.86 26.41 3.73%

Table 4: Latency benchmark on LLaMA-3-8B-Instruct
(single A100). Relative slowdown is computed against
greedy decoding.

Table 4 reports throughput and per-token latency.
Min-k introduces a 3.73% relative slowdown over
greedy decoding, comparable to Top-p (3.46%)
and Top-nσ (2.81%). Although Min-k requires
sorting the full logit vector (O(|V | log |V |)), this
operation is highly optimized on modern GPUs
and negligible relative to the model’s forward pass
(<0.3 ms per step on a 32K vocabulary). These
results confirm that Min-k is suitable for real-time
deployment without specialized kernels.

6 Conclusion

In this work, we introduced Min-k Sampling, a
novel and robust decoding algorithm designed to
overcome the inherent temperature sensitivity of
probability-based truncation methods for LLM de-
coding. By analyzing the intrinsic local geometric
structure of the sorted logits through a position-
weighted decay mechanism, Min-k dynamically
locates the semantic boundaries of candidate to-
kens independently of temperature scaling. Our
theoretical analysis confirms its strict temperature
invariance, while extensive empirical results across
mathematical reasoning and creative writing bench-
marks demonstrate its superiority in striking a bal-
ance between precision and exploration. Crucially,
Min-k serves as a reliable "safety rail" for high-
temperature settings, effectively suppressing long-
tail semantic noise where traditional methods fail.
Min-k provides a new perspective on logit-space
truncation, enabling more stable and diverse decod-
ing strategies in large language models.

Limitations

While Min-k Sampling demonstrates strong robust-
ness and performance across diverse tasks, we ac-
knowledge two primary limitations:
(1) Similar to Top-p and Min-p, our method re-
lies on sorting or scanning the full logit distribu-
tion to compute relative variations, which incurs

a marginal computational overhead compared to
static Top-k selection, although this is negligible
relative to the model’s forward pass.
(2) The core assumption of Min-k—that a semantic
boundary manifests as a distinct "cliff" in the logit
curve—may be less effective in scenarios requiring
the retrieval of extremely long-tail knowledge enti-
ties where the correct token possesses a very low
probability indistinguishable from noise. In such
rare cases, aggressive truncation (by any method)
might inadvertently filter out the correct answer.
Future work could explore integrating retrieval-
augmented mechanisms to mitigate this trade-off.
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Appendix

A Token Details

In Figure 1, for the high-confidence prompt "The
capital of France is", the model’s top-13 candidate
tokens are shown in Figure 4 (only the top 13 are
displayed due to space constraints and the presence
of noise tokens beyond this point). As illustrated in
Figure 1, the Min-k method consistently selects the
correct answer—"Paris"—under both temperature
settings (T = 1.0 and T = 5.0), whereas other
methods introduce varying degrees of noise tokens.

Figure 4: Detailed probabilities and logits of the model’s
top-13 candidate tokens under the high-confidence
prompt, at temperatures T = 1.0 and T = 5.0.

For the low-confidence prompt "The next word
could be" in Figure 1, the model’s top-13 candidate
tokens are shown in Figure 5. As illustrated in Fig-
ure 1, the Min-k method selects 8 tokens. Although
some of these candidates exhibit weak semantic
relevance, they still lie within the model’s high-
confidence region. In contrast, other methods place
their truncation thresholds farther out, thereby in-
cluding a larger number of low-confidence tokens
with weak semantic coherence. This demonstrates
that Min-k effectively identifies the pronounced
drop in semantic confidence and selects an adaptive
truncation point that suppresses semantically irrel-
evant noise tokens—prioritizing the overall quality
of the candidate set over the perfection of individ-
ual tokens.

B Visualization and Dynamic Behavior

To empirically validate the dominance of kcliff over
kfallback and observe dynamic adaptation, we con-
ducted a study using 500 random samples from the

Figure 5: Detailed probabilities and logits of the model’s
top-13 candidate tokens under the low-confidence
prompt, at temperatures T = 1.0 and T = 5.0.

Wikitext-103 (Merity et al., 2017), with 256 gen-
erated tokens each, setting τ = 30 to highlight the
fallback. Figure 6 shows the distribution of k val-
ues during generation under temperature T = 1.0
and T = 5.0. The results demonstrate that the fi-
nal decisions are primarily governed by kcliff; the
fallback mechanism is rarely triggered except in
extremely flat distributions. Moreover, the k values
adapt dynamically from 1 to 20+ and remain almost
identical across different temperatures, confirming
the strong temperature invariance of our approach.

Figure 6: Visualization of candidate set size k across de-
coding steps under different temperature settings. Left:
T = 1.0. Right: T = 5.0. The distributions are nearly
identical, indicating strong temperature invariance.

C Dataset Processing

C.1 Reasoning Datasets
We follow the datasets adopted in Tang et al.
(2025), but our data preprocessing procedures dif-
fer slightly. Each dataset is handled according to
its specific structural characteristics. The common
principle is to formulate every problem as an open-
ended generation task, from which the model’s
predicted answer is extracted and compared with
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the ground-truth label to compute accuracy. The
code for the following four evaluation methods has
been publicly released.

AQuA Dataset

The AQuA dataset focuses on algebraic word prob-
lems, each accompanied by five multiple-choice
options. It primarily evaluates a model’s ability
to comprehend and make decisions in a multiple-
choice setting. For each instance, we structure
the question and its five options (A–E) within the
prompt, and introduce a clear output instruction:
Your response must end with "The answer is (X)"
where X is one of A, B, C, D, or E. This instruc-
tion enforces the model to provide a definitive and
unique choice after its reasoning process, avoiding
vague or uncertain responses. To parse the model’s
final choice, we employ a flexible regular expres-
sion:

The answer is\s*\(?([A-E])\)?

This pattern not only matches the guiding phrase
but also reliably captures the target letter represent-
ing the model’s selected option. The extracted pre-
diction is then compared against the gold answer
through exact string matching to determine correct-
ness. This design improves parsing robustness and
ensures accurate evaluation.

GSM8K Dataset

The GSM8K dataset centers on elementary-level
mathematical word problems, emphasizing multi-
step arithmetic reasoning. To ensure consistent and
automatable evaluation, we use careful prompt en-
gineering to constrain the model’s output. Each
prompt concludes with a mandatory instruction:
Your response must end with "The final answer
is (answer)". This directive guides the model to
clearly separate its reasoning process from the fi-
nal numerical answer. We extract the final answer
using the following regular expression:

The final answer is\s*([-]?\d{1,3}(?:,
\d{3})*\.?\d*)

This pattern accurately captures numerical out-
puts, including negative numbers, thousand sepa-
rators, and decimals. The ground-truth answer is
taken from the dataset’s field marked with ####.
Correctness is determined by comparing the ex-
tracted prediction with the reference value.

GPQA-main Dataset
The GPQA-main dataset consists of highly special-
ized and challenging questions in biology, physics,
and chemistry, designed to test a model’s ability to
solve complex problems. We convert the columns
Correct Answer and Incorrect Answer 1/2/3 into a
multiple-choice format. In our implementation, we
randomly shuffle the four answer options to ensure
that the position of the correct answer is unpre-
dictable, thereby mitigating the model’s positional
bias toward specific choices. This design enforces
the model to rely on its inherent knowledge and
reasoning capabilities to make accurate selections.
We add a strict instruction to the prompt: Your
response *must* end with "The final answer is
(answer)". For example: (Question and your rea-
soning) The final answer is (A). Example prompts
are also provided to reduce deviation in model be-
havior. For answer extraction, we use the regex:
The final answer is\s*\(([A-D])\)\.?\s*$

This mechanism not only enforces that option
identifiers are enclosed within parentheses but also
employs the ?̇\s*$ assertion to guarantee that the
response adheres to a strictly defined ending format.
Consequently, this allows for a fairer and more pre-
cise evaluation of the model’s genuine capabilities
in expert-level question answering tasks. Accuracy
is computed through exact matching between the
predicted and ground-truth options.

MATH500 Dataset
The MATH500 dataset focuses on complex mathe-
matical competition problems, which often require
advanced reasoning and produce diverse answer
formats, including LaTeX fractions, radicals, and
symbolic expressions. To ensure reliable evalua-
tion, we implement a comprehensive answer nor-
malization pipeline. All LaTeX-specific commands
(e.g., \frac, \left, \right) are removed, sym-
bolic formats are converted to standard text forms
(e.g., \frac → /), excessive spaces are stripped,
and the entire text is lowercased. This procedure
maps mathematically equivalent expressions to a
unique canonical representation. The prompt en-
forces the same instruction as before: Your re-
sponse must end with "The final answer is (an-
swer)". After generation, we extract the answer
using the following regular expression:
The final answer is[:\s]+(.+?)(?:\.|$)

We then apply a two-stage matching strategy:
Exact string comparison between normalized pre-
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dictions and references. If the strings do not match,
both are parsed as floating-point numbers, and cor-
rectness is determined by checking whether they
are equal within a very small tolerance. This dual
validation mechanism ensures both robustness and
fairness when evaluating complex mathematical
answers.

C.2 Creative Writing
We adopt the Tang et al. (2025) and Nguyen et al.
(2025) creative writing evaluation paradigms to
assess the generative quality of our model on open-
ended, creative writing tasks. To ensure a more
comprehensive and fair evaluation, we employ an
advanced large language model (DeepSeek-V3.2-
Exp) as the judge. Unlike traditional word-overlap-
based metrics (e.g., BLEU, ROUGE), our method
focuses on qualitative aspects of text generation,
such as creativity, depth, relevance, and instruc-
tion adherence. Our evaluation follows a core A/B
comparison framework. Each decoding strategy
under evaluation generates a "candidate" response,
which is then pairwise-compared with a unified,
high-quality "reference" response.

Specifically, we adopt 500 instruction prompts
from the AlpacaEval2.0 (Li et al., 2023) dataset
as creative-writing inputs, following Tang et al.
(2025) and Nguyen et al. (2025). For each prompt,
we generate a reference answer using greedy de-
coding, which serves as the baseline. We then
evaluate various stochastic decoding strategies by
generating candidate responses under different tem-
perature settings (T = 1.0, 2.0, 5.0 and 10.0).

The core of the evaluation process is conducted
by the DeepSeek-V3.2-Exp model acting as an im-
partial judge. Each comparison includes the instruc-
tion, the reference answer (A), and the candidate
answer (B). To eliminate position bias, the presen-
tation order of A and B is randomized. The judging
LLM is provided with detailed evaluation instruc-
tions, guiding it to compare both responses holis-
tically across multiple dimensions—helpfulness,
relevance, accuracy, creativity, and level of de-
tail—and to determine which response is superior.

The evaluation metric is the Win Rate, defined
as the percentage of test prompts where a candidate
response generated by a specific decoding strategy
is preferred over the greedy baseline by the judging
LLM. This metric not only quantifies the relative
improvement of each decoding algorithm but also
provides insights into their effectiveness in eliciting
creativity and generating richer, more profound

content.

D Ablation Study

D.1 Component Analysis

To rigorously evaluate the contribution of each de-
sign choice within the Min-k framework, we con-
duct an ablation study on the GSM8K dataset under
a high-temperature setting (T = 4.0), with results
shown in Table 5. The results provide strong evi-
dence for the necessity of our geometric constraints.
Specifically, removing the positional weighting
decay (1/i) leads to a sharp performance drop
from 74.53% to 64.14%, confirming that seman-
tic boundaries predominantly reside near the head
of the distribution and that penalizing tail fluctua-
tions is critical for noise filtering. Additionally, dy-
namic range normalization (Rl) is indispensable
for achieving temperature invariance; its absence
causes catastrophic degradation (down to 41.02%)
because the raw logit gradients vanish under tem-
perature scaling, rendering "cliffs" undetectable.
Omitting the fallback mechanism yields identi-
cal performance (74.53%), indicating that the core
cliff-detection mechanism is already sufficiently ro-
bust for structured reasoning tasks and can operate
independently, while the fallback serves as a the-
oretical safety guardrail that prevents degradation
without interfering with correct reasoning paths.
Rationale for the default τ = 3.0: While our
sensitivity analysis (Sec B and 5.4) shows stable
performance across a wide range of τ values (1.0–
10.0), we select 3.0 as the default. Intuitively, a
candidate set size of k < 3 approaches determin-
istic behavior, limiting creativity. Setting τ ≈ 3
guarantees a minimal degree of freedom for the
sampling without requiring complex tuning.

D.2 Sensitivity to Decay Functions

We investigated the impact of the weighting func-
tion form on model performance, comparing power-
law decays (wi ∝ 1/iα with varying α) and a
logarithmic alternative (wi ∝ 1/ log(i)). Table 6
presents the results across reasoning (GSM8K) and
open-ended generation (Creative Writing) tasks.

The results reveal an intriguing trade-off be-
tween precision and diversity governed by the de-
cay speed. Aggressive decay (e.g., 1/i2) yields
the highest accuracy on GSM8K by rigorously sup-
pressing long-tail noise, which is beneficial for
strict reasoning. However, this comes at the cost
of creativity: 1/i2 underperforms on the Creative
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Analysis of Component Contributions

Full-Min-k 76.15 Complete methodical, and balances all factors.
w/o Weight (1/i) 64.14 Validate the necessity of Head-bias. Removing it increases k and introduces more noise.

w/o Range Norm (Rl) 41.02 Validate Temperature Invariance. Performance drops significantly at high T when removed.
w/o Fallback 76.15 Validate Robustness. Prevents degradation under extremely flat distributions caused by k = 1.

Table 5: Ablation study of Min-k design components on the GSM8K dataset (T = 4.0). We compare the
proposed Full Min-k against variants without position weighting (1/i), range normalization (Rl), and the fallback
mechanism. The results demonstrate that range normalization is fundamental for temperature invariance (as seen in
the collapse of the "w/o Range Norm" variant), while position weighting effectively filters tail noise.

Decay Function GSM8K Accuracy (%) Creative Writing Win Rate (%)

T = 1.0 T = 4.0 T = 1.0 T = 4.0

1/i0 (No Weighting) 75.97 64.14 52.80 11.00
1/i0.5 (Sqrt) 77.41 71.57 49.00 49.20
1/i1 (Linear, Ours) 77.39 76.15 58.60 53.20
1/i2 (Square) 78.54 76.04 50.20 50.40
log(i) 74.07 72.71 51.60 48.20

Table 6: Impact of different decay functions on reasoning (GSM8K) and creative writing (AlpacaEval) tasks.
While aggressive decay (1/i2) slightly favors strict reasoning by filtering tail noise, it harms generation quality. The
proposed linear decay (1/i) achieves the best overall generalization across domains and temperatures.

Writing task, likely because it over-truncates plau-
sible but lower-ranked tokens that contribute to
linguistic diversity. Conversely, weak decay func-
tions—including 1/i0, 1/i0.5, and 1/ log(i)—fail
to sufficiently filter noise, particularly at high tem-
peratures. For instance, the unweighted variant
(1/i0) collapses to an 11.00% win rate at T = 4.0,
and log(i) consistently lags behind linear.

Our proposed linear decay (1/i) emerges as
the most robust strategy. It achieves the high-
est win rates in Creative Writing (up to 58.60%)
while maintaining competitive reasoning accuracy
(within 1.5% of the aggressive optimum). This
confirms that 1/i strikes the optimal balance for
general-purpose LLM decoding.

E Semantic Noise Evaluation Protocol

To rigorously quantify the “semantic collapse” phe-
nomenon observed in high-temperature generation,
we designed an LLM-based evaluation pipeline.

Definition of Semantic Noise. We define the “Se-
mantic Collapse Point” as the index of the first
sentence where the generated text transitions from
logical reasoning into degeneracy. Degeneracy ex-
plicitly includes:

• Nonsense/Gibberish: Sequences of unrelated
words, garbled text, or non-linguistic symbols.

• Infinite Repetition: Repeating the same
phrase, sentence, or reasoning step in an infi-
nite loop.

• Irrelevant Hallucination: Discussing topics
or contexts completely unrelated to the given
mathematical problem.

Metric Calculation. For a generated response
R consisting of a sequence of sentences S =
[s1, s2, . . . , sn], let k be the index of the collapse
point identified by the judge. The Semantic Noise
Rate (SNR) is calculated as the length ratio of the
collapsed text segment to the total text length:

SNR(R) =

{
0 if R is coherent,∑n

i=k len(si)∑n
j=1 len(sj)

if collapse starts at k.
(14)

LLM-as-a-Judge Implementation. We utilized
the DeepSeek-V3.2-Exp model as the evaluator due
to its strong instruction-following and reasoning ca-
pabilities. The model was prompted to analyze the
generated text sentence-by-sentence and output the
exact index of collapse in a structured JSON for-
mat. We processed 128 samples from the GSM8K
dataset for each method-temperature pair (5 meth-
ods × 5 temperatures = 25 configurations), ensur-
ing statistical significance. The core instruction
prompt used for evaluation is as follows: "You are
an expert evaluator of mathematical reasoning
quality. Your task is to identify the exact ‘Seman-
tic Collapse Point’ in a model-generated solution.
It occurs when the text transitions from logical
reasoning into nonsense, infinite repetitive loops,
or irrelevant topics. You must output the index of
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the FIRST sentence where the collapse begins, or
-1 if the entire solution is coherent."

F Human Evaluation Instructions

Evaluation Instructions

Thank you for participating in this evalua-
tion!

Task Overview
You will compare pairs of AI-generated re-
sponses and indicate which one is better.
Each row contains a prompt and two re-
sponses (A and B) from different generation
methods.

Evaluation Criteria
Consider the following factors when making
your judgment:

1. Relevance – Does the response ad-
dress the prompt appropriately?

2. Coherence – Is the response well-
organized and logically structured?

3. Completeness – Does the response
fully answer the question?

4. Accuracy – Is the information pro-
vided correct?

5. Quality – Is the writing clear, fluent,
and human-like?

How to Respond
In the ‘Your Preference’ column, enter:

• A – if Response A is clearly better

• B – if Response B is clearly better

• Tie – if both responses are roughly
equal in quality

Important Notes
• Read both responses completely before

deciding

• Focus on overall quality, not just length

• Ideally, use ‘Tie’ only when you gen-
uinely cannot distinguish quality

G Additional model reasoning results

We also evaluated the inference results on LLaMA-
70B-Instruct and Qwen3-30B-Instruct, as shown in
Table 7.

Table 6 presents a comprehensive empirical eval-
uation of exact match accuracy across diverse rea-
soning benchmarks, elucidating the critical im-
pact of temperature scaling on various sampling
strategies. A prominent observation is the excep-
tional resilience of the Min-k method against the
catastrophic degradation typically observed in con-
ventional sampling techniques at high tempera-
tures. While standard approaches such as Top-k,
Top-p, and Min-p suffer a precipitous decline in
performance as temperature (T ) increases—often
plummeting to near-zero accuracy at T = 5.0
and T = 10.0 due to the flattening of the prob-
ability distribution and the intrusion of long-tail
noise—Min-k maintains robust performance lev-
els remarkably consistent with, or even exceed-
ing, those at lower temperature settings. For in-
stance, on the AQuA dataset utilizing LLaMA-3-
70B-Instruct, while Top-p accuracy collapses from
74.02% at T = 1.0 to 0.00% at T = 10.0, Min-k
retains a high accuracy of 73.62%, effectively neu-
tralizing the adverse effects of excessive stochastic-
ity while preserving the model’s reasoning capabil-
ities.

Furthermore, Min-k demonstrates superior effi-
cacy compared to the robust Top-nσ baseline, es-
tablishing itself as the dominant strategy across
both model architectures and all evaluated datasets.
As evidenced by the concentration of bolded val-
ues in the Min-k rows, this method consistently
achieves state-of-the-art results, particularly in chal-
lenging scenarios requiring complex reasoning,
such as GPQA-main. In this specific benchmark,
under the extreme condition of T = 10.0 for
LLaMA-3-70B, Min-k not only outperforms Top-
nσ (40.85% vs. 38.39%) but also surpasses the
peak performance of Top-k and Top-p achieved at
standard temperatures. This trend is mirrored in
the Qwen3-30B-Instruct experiments, where Min-k
dominates the MATH500 benchmark at high tem-
peratures (59.40% at T = 10.0 versus 0.00% for
Top-p), validating Min-k as a highly generalizable
and effective truncation mechanism that enables
models to leverage the generation quality of high
temperatures without sacrificing semantic coher-
ence or logical precision.
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Dataset
Model LLaMA3-70B-Instruct Qwen3-30B-Instruct

T 1.0 2.0 3.0 4.0 5.0 10.0 1.0 2.0 3.0 4.0 5.0 10.0

AQuA

Top-k 73.23 70.87 54.33 27.56 15.75 3.54 54.55 50.26 42.62 19.23 4.23 1.24
Top-p 74.02 68.90 35.83 10.24 4.33 0.00 57.02 55.26 37.95 5.83 1.79 0.00
Min-p 74.41 70.87 65.35 42.52 16.54 0.79 59.67 56.84 49.57 29.63 10.35 0.68
Top-nσ 74.80 74.80 70.47 71.65 72.83 72.83 61.26 60.83 59.87 59.23 60.22 60.12
Min-k 73.23 73.62 72.83 72.83 72.05 73.62 59.46 59.06 60.24 60.63 60.79 59.84

GPQA-main

Top-k 39.73 38.17 34.82 20.76 8.26 0.22 26.56 21.87 14.73 7.81 3.34 0.00
Top-p 35.71 37.50 30.13 8.93 3.35 0.00 22.54 21.20 11.16 3.34 0.00 0.00
Min-p 39.73 37.95 39.06 29.01 17.19 0.00 22.55 22.43 20.11 14.88 8.56 0.51
Top-nσ 37.72 38.39 38.62 39.95 38.84 38.39 23.66 23.88 23.43 23.21 23.43 23.88
Min-k 38.62 37.95 39.96 39.39 40.85 40.85 25.00 25.22 24.33 24.33 24.55 24.33

GSM8K

Top-k 92.64 91.13 81.20 36.92 8.57 0.00 95.83 95.15 94.62 89.46 62.02 0.00
Top-p 92.95 92.04 64.22 9.63 0.83 0.00 95.60 95.00 92.95 77.56 52.34 0.00
Min-p 92.87 91.66 87.95 58.98 20.77 0.00 95.60 95.00 94.92 92.57 84.69 0.45
Top-nσ 92.87 93.25 94.01 92.79 92.49 92.95 95.68 95.60 95.37 95.45 95.30 94.69
Min-k 92.95 92.34 92.65 92.42 91.96 91.89 95.60 95.07 95.60 95.45 95.37 95.37

MATH500

Top-k 44.00 35.60 21.40 3.40 1.40 0.00 61.20 58.80 53.40 44.40 15.80 0.00
Top-p 44.20 36.80 12.20 0.60 0.00 0.00 59.40 58.00 53.00 29.80 2.40 0.00
Min-p 43.80 40.60 29.40 10.20 1.40 0.00 59.80 59.20 57.00 49.00 12.20 0.00
Top-nσ 43.40 43.20 42.40 41.80 43.40 42.20 60.60 59.20 58.00 58.80 59.00 57.80
Min-k 46.40 43.60 43.00 43.20 41.40 46.40 61.20 60.00 61.00 60.00 59.80 59.40

Table 7: Exact Match (%) for different temperatures (1.0–10.0) and sampling strategies on AQuA, GPQA-main,
GSM8K and MATH500 using the LLaMA-70B-Instruct and Qwen3-30B-Instruct. Best results in bold.

Universality Across Model Scales. To inves-
tigate the generalizability of our findings, we
extended the evaluation to smaller architectures,
specifically LLaMA-3-8B-Instruct and Qwen3-
4B-Instruct, as detailed in Table 1. A cross-
examination of the results for both large-scale
(Table 6) and smaller-scale models reveals that
the efficacy of the Min-k strategy is remarkably
scale-invariant. Despite the reduced parameter
count, which typically renders models more suscep-
tible to incoherence under high-entropy conditions,
Min-k consistently prevents the catastrophic per-
formance collapse observed in standard sampling
methods. For instance, on the GSM8K bench-
mark, the LLaMA-3-8B model with Top-p sam-
pling degrades to 0.00% accuracy at T = 10.0,
whereas Min-k sustains a robust performance of
74.79%, effectively mirroring the stability seen in
its 70B counterpart. Furthermore, comparisons
against the Top-nσ baseline on the Qwen3-4B
model reinforce the superiority of our approach;
on the AQuA dataset at T = 10.0, Min-k achieves
79.13%, surpassing both Top-nσ (77.17%) and the
collapsed standard baselines. This consistent domi-
nance across varying model capacities suggests that
Min-k functions as a fundamental correction to the
sampling distribution tail, allowing even resource-
constrained models to benefit from the accuracy

of high temperatures without succumbing to noise,
thereby establishing Min-k as a universally robust
truncation mechanism for large language models.
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