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Abstract

We introduce Mahalanobis-Ensemble Decod-
ing (ME-Decoding), a novel Large Language
Model (LLM) decoding framework that frames
candidate token selection as ensemble pruning.
Existing selection strategies rely predominantly
on scalar probabilities, ignoring geometric se-
mantic relationships and causing candidate re-
dundancy. Meanwhile, current geometry-aware
methods often require complex optimization or
directly reweighting the original token probabil-
ities, leading to significant computational over-
head or inference instability. To address this,
we formulate decoding as a subset optimiza-
tion problem using a Mahalanobis distance-
driven objective to enhance semantic diversity
while preserving high probabilities. Specifi-
cally, we dynamically discount redundant gen-
eration paths using a token similarity matrix,
constructed via an adaptive-bandwidth kernel
over token embeddings. We further devise an
efficient greedy selection algorithm with near-
linear complexity in the candidate size under
early stopping, while establishing its theoretical
approximation guarantees. This renders ME-
Decoding a robust, plug-and-play module with
negligible inference overhead. Extensive exper-
iments across diverse reasoning and generation
tasks demonstrate that our method consistently
achieves strong performance.

1 Introduction

Large Language Models (LLMs) have demon-
strated strong capabilities in mathematical reason-
ing, instruction following, and open-ended gener-
ation (Brown et al., 2020; Touvron et al., 2023;
Chowdhery et al., 2023; OpenAl, 2023). Besides
model scaling and post-training alignment, the
inference-time decoding strategy also plays a cru-
cial role in determining generation quality. At each
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step, an autoregressive LLM produces a next-token
distribution, from which the decoder selects or sam-
ples the next token. Deterministic methods such
as greedy decoding and beam search (Holtzman
et al., 2020) favor high-probability continuations
but often produce repetitive or overly conserva-
tive outputs. Sampling-based methods introduce
stochasticity and improve generation diversity, but
they may also assign non-negligible probability
to low-quality tokens, increasing inference uncer-
tainty and potentially leading to illogical continua-
tions or hallucinations.

To control this quality—diversity trade-off, many
decoding methods perform probability-based trun-
cation and reshaping of the next-token distribution.
Classical approaches such as Top-k and nucleus
sampling restrict sampling to high-probability to-
kens (Fan et al., 2018; Holtzman et al., 2020), while
later methods such as Min-p, entropy-aware sam-
pling, and p-less adapt the truncation rule accord-
ing to model confidence or distributional statistics
(Hewitt et al., 2022; Nguyen et al., 2025; Tan et al.,
2026). Despite their effectiveness, these methods
mainly operate on token probabilities and treat can-
didates as independent categorical outcomes. As a
result, they overlook the semantic geometry among
tokens, which may retain redundant candidates and
limit the effectiveness of the selected sampling sup-
port (Yang et al., 2026).

Although recent geometry-aware methods in-
corporate token-space structure, they continue to
face significant challenges. For example, Top-W
formulates a Wasserstein-regularized distribution-
matching problem (Davoodi et al., 2026), which re-
quires approximating the Wasserstein objective and
careful hyperparameter tuning, while not explicitly
optimizing redundancy within the selected token
support. Alternatively, CraEG penalizes tokens
in crowded regions via a lightweight reweighting
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Table 1: Comparison of different decoding methods.

Method Decoding Geometry Adaptive Redundancy

Strategy Aware! Selection  Control®
Greedy  Determin. X X X
Top-k  Prob. Trunc. X X X
Min-p  Prob. Trunc. X X X
p-less  Prob. Trunc. X v X
Top-W Dist. Match. v v X
CraEG Reweighting v X v
Ours Ensemble v v v

! Embedding Geometry: Uses token embedding geome-
try in the decoding process.

%> Redundancy Control: Explicitly controls redundancy
among candidate tokens.

mechanism (Yang et al., 2026). However, the ap-
proach still relies on an auxiliary decoding method
for post-processing, making its behavior dependent
on the properties of the downstream method. These
limitations motivate our key question:

How can we design a simple and efficient
framework that selects a compact yet
informative token set while preserving

high-confidence candidates?

In this work, we address this question from the
perspective of ensemble pruning, a paradigm that
entails selecting a compact subset of learners from
a larger pool to optimize predictive outcomes. This
paradigm closely mirrors the token selection prob-
lem in LLM decoding. Extensive research in en-
semble learning shows that effective ensembles
should balance individual accuracy with collec-
tive complementarity (Krogh and Vedelsby, 1994;
Opitz and Maclin, 1999). Consequently, simply se-
lecting the highest-scoring learners may introduce
redundancy and hurt overall performance (Zhou
et al., 2002; Li et al., 2012). Similarly, LLM de-
coding encounters an analogous challenge of token
redundancy. Building on this insight, we introduce
ME-Decoding, a novel framework that incorporates
token geometry to reformulate decoding as a subset
maximization problem driven by the Mahalanobis
distance. By approximately solving this objective
with an efficient greedy procedure, ME-Decoding
mitigates redundancy within the selected token set
during generation with negligible inference over-
head, thereby improving token selection quality
while maintaining reasoning performance.

Our contributions are summarized as follows:

* We reformulate LLM decoding through the

novel lens of ensemble pruning.

* We define a Mahalanobis distance-driven ob-
jective to adaptively select a compact, infor-
mative candidate set while preserving token
probabilities.

* We devise an efficient greedy selection algo-
rithm with candidate-linear complexity under
early stopping, while establishing its trajec-
tory unimodality and theoretical approxima-
tion guarantees.

Extensive experiments across diverse reason-
ing and generation tasks show that our method
consistently outperforms strong existing base-
lines.

2 Motivation

2.1 Background of LLM Decoding

Large Language Models (LLMs) generate text au-
toregressively by predicting the next token from
the preceding context. At each step, an LLM out-
puts a probability distribution P € A1 over
the full vocabulary 2. To avoid sampling from
the unreliable long tail, modern decoding methods
usually first form a candidate pool V; C €, then
select a final subset S C V; and sample from the
renormalized distribution:

~  pil{ie S}
ps(i) = =—— —-
> jes Pj
This process can be viewed as a subset selection

problem aiming to preserve the original distribution
under a probability-based criterion:

§* = arg min f(ps),
st. S={i:p; >7(P)},

where f(-) denotes a generalized decoding objec-
tive and 7(P) is a probability-based truncation
threshold.

Most prevailing decoding methods follow this
probability-driven paradigm. Top-k and nucleus
sampling truncate the distribution using fixed prob-
ability or cumulative-mass thresholds, while adap-
tive methods such as p-less and entropy-aware sam-
pling adjust the threshold based on distributional
statistics. Despite different truncation rules, these
methods remain probability-centric and treat can-
didate tokens as independent outputs. They there-
fore overlook semantic dependencies among to-
kens, motivating us to incorporate inter-token se-
mantics into the subset selection objective.
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Figure 1: Comparison between probability-based truncation methods (left) and our ME-Decoding framework (right).
ME-Decoding extends standard probability-only token selection by incorporating embedding-based similarity into
the MES score and selecting a compact geometry-aware subset for sampling.

2.2 Connection to Ensemble Pruning

Ensemble pruning aims to select a compact sub-
ensemble that preserves or improves the predictive
performance of the full ensemble. Classical error
analysis (Breiman, 2001) characterizes ensemble
performance as a trade-off between individual ac-
curacy and inter-model diversity. Following this
idea, Zhang et al. (2006) formulate pruning as a
quadratic subset-selection problem. Given a binary
error indicator matrix F, they construct the error
co-occurrence matrix C = E " E, where diagonal
entries measure individual errors and off-diagonal
entries measure shared failures. After normaliza-
tion, the pruning objective can be written as

i Cs st Z S;
1

min s

— N, si€{0,1}. (D)

This objective selects a size-N sub-ensemble by
jointly penalizing individual inaccuracy and pair-
wise redundancy.

This paradigm naturally parallels token selection
in LLM decoding. Candidate tokens can be viewed
as ensemble members: their probabilities mea-
sure individual confidence, while their embedding-
space similarities measure semantic redundancy.
Therefore, an ideal decoding subset should retain
high-likelihood tokens while suppressing redun-
dant candidates, mirroring the accuracy—diversity
trade-off in ensemble pruning.

2.3 Generalizing Ensemble Pruning to LLM
Decoding via Mahalanobis Distance

The quadratic objective in Eq. 1 leverages second-
order statistics to penalize redundant candidates.
Motivated by this, we aim to extend this diversity-
aware framework to LLM decoding. To achieve

this, we observe that for any representation vec-
tor p and a symmetric positive definite matrix, this
quadratic structure naturally corresponds to the Ma-
halanobis distance.

In machine learning, the Mahalanobis distance is
widely used to construct discriminative representa-
tions, such as in metric learning, out-of-distribution
detection, and representation regularization (Wein-
berger and Saul, 2009; Lee et al., 2018; Wan et al.,
2018; Kang et al., 2026). Formally, given two vec-
tors =,y € R? and a symmetric positive definite
matrix M > 0, it is defined as

Dysla,y; M) = /(@ —y) TM " (a — y).

In particular, setting y = 0 and letting M be the
token similarity matrix K gives the Mahalanobis

norm
VaTK lz.

Mathematically, by explicitly incorporating the
inverse matrix K ~', the Mahalanobis norm inher-
ently downweights correlated directions and sepa-
rates information along non-redundant axes. This
geometric property aligns perfectly with our overar-
ching goal: to suppress repetitive generation paths
and enhance token diversity during decoding.

]| 5 =

3 Method: ME-Decoding

In this section, we propose Mahalanobis-Ensemble
Decoding (ME-Decoding), a geometry-aware de-
coding framework inspired by ensemble pruning.
ME-Decoding selects a compact token subset by
optimizing a Mahalanobis-style objective that com-
bines token probabilities with embedding-based
similarities. The overall structure of ME-Decoding
is illustrated on the right side of Figure 1.

17231



3.1 Mahalanobis-Ensemble Score.

Inspired by ensemble pruning, we view the can-
didate tokens at each decoding step as a pool of
weak semantic predictors. Instead of retaining a
fixed number of high-probability tokens, our goal
is to construct a compact token ensemble that pre-
serves high-confidence candidates while reducing
redundancy in the token embedding space. At
each decoding step, ME-Decoding is applied to
a probability-based candidate pool V; C €Q; for
simplicity, we omit ¢ and write V hereafter.

We first define the Mahalanobis-Ensemble En-
ergy (MEE) for a selected token subset S C V
as

MEE(S) = pl K 5'ps.

where pg denotes the vector of token probabili-
ties indexed by S, and K s is the token similarity
matrix restricted to S. The inverse matrix K 51 dis-
counts redundant tokens and rewards subsets with
high collective quality.

However, unlike standard ensemble pruning, the
optimal subset size in decoding is unknown a pri-
ori. This requires us to maximize the MEE of
the selected tokens while avoiding unnecessarily
large subsets, thereby filtering out redundant tokens
that contribute only marginally to the overall MEE.
To this end, we define the Mahalanobis-Ensemble
Score (MES) as follows:

MEE(S)
[1+ XHT (p)]*

MES(S) =

where HY (p) =1 — 3., p? is the order-2 Tsal-
lis entropy measuring the uncertainty of the next-
token distribution, and A > 0 controls the entropy-
dependent size penalty.

Intuitively, the numerator rewards tokens with
large non-redundant contributions, while the de-
nominator discourages excessive subset expansion.
When the distribution is flat, the unregularized
MEE may keep increasing by accumulating weak
marginal gains from many uncertain candidates.
The entropy-dependent penalty raises the inclusion
threshold, retaining only tokens with sufficiently
large non-redundant contributions. Consequently,
the decoding objective is given by:

S = MES,\(S). 2
arg max MES, (5) 2
By optimizing the MES, we can effectively extract

a highly representative token subset from the can-
didate distribution.

3.2 Construction of Similarity Matrix

To measure token similarity in the embedding space
while maintaining numerical stability, we construct
K using a Gaussian kernel on normalized token
embeddings. Let e; € R4 denote the normalized
embedding of token . We define
Cz‘j =1- eiTej, Kij = exp{—Cij/e}. (3)

Here, C;; measures the semantic distance be-
tween tokens, and € > 0 is a bandwidth parameter
controlling the smoothness of the kernel.

In our implementation, the bandwidth € is chosen
adaptively according to the probability-weighted
semantic dispersion of the candidate tokens:

1
€= > pipiCij,

1,j€V

where ZZ jey PiDj Cjj is the expected pairwise se-
mantic distance between tokens sampled from the
candidate distribution. When the candidate tokens
are semantically concentrated, the adaptive band-
width becomes smaller, yielding a localized kernel
and making the selection more probability-driven.
Conversely, when the candidates are semantically
dispersed, the bandwidth becomes larger, preserv-
ing semantic relations over a broader range and
making the selection more geometry-aware. Thus,
the adaptive bandwidth balances probability and
semantic structure according to the local geometry
of the decoding distribution.

3.3 Optimization Strategy

Directly solving the maximization problem for-
mulated in Eq. 2 is an NP-hard combinatorial task.
To maintain computational feasibility, we use a
greedy forward-selection procedure and maintain
the inverse Cholesky factor of K 51 incrementally
(Golub and Van Loan, 2013), which avoids re-
peated matrix inversions during subset construc-
tion.

The greedy selection in Algorithm 1 is conceptu-
ally related to Orthogonal Matching Pursuit (OMP)
(Pati et al., 1993). At each step, (p; — a;—z) repre-
sents the conditional residual score of token j after
accounting for its correlation with the selected to-
kens, while r; normalizes it by the corresponding
conditional variance. The marginal contribution

2
is therefore measured by {rj (pj — a;z)} . The
algorithm selects the token with the largest contri-
bution and accepts it only when the penalized MES
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Algorithm 1 Greedy Algorithm for ME-Decoding

1: Input: Candidate token pool V with N =
|V|; candidate token scores p € RY: nor-
malized candidate token embeddings £ =
[e1,...,en]" € RV*4 MES penalty \.

2: Initialize S = @.

3: Setcy + 1+ AHY (p).

Select the first token j; = argmax; p; and

update S < {j1}.

5: Compute K s s using Eq. 3.

6: R+ (K¢2)™'. =+ Rps.

7. MESY « ||z| 3/,

8

9

»

:fort=1to N —1do
forj e {1,...,N}\ Sdo

10: Compute 3; < [Kjjlics using Eq. 3, and
set bj — ij.
11 aj < RB;, 1 (b —|ay)3)72
12: Compute the MEE after adding token j:
2
3 gzl | - af2)]

14:  end for

15:  Select j, = argmax;g¢s ¢, let ¢ = ¢y, .
16:  Compute the candidate MES score:

17 MES? |« c*/c'le.

18:  if MES? , < MESY then

19: break

20:  end if

21: g —rj*RTaj*.

22: Vj, < Tj, (pj* —ajT*z).

23:  Update R and z:

re | B 0] se 2]
YT Vg

MESY <+ MES?

cand"’

24 S+ SU{jxts
25: end for
26: Output: Selected token set S.

objective improves, favoring high-probability to-
kens while discounting redundant candidates.

3.4 Theoretical Properties

Furthermore, to rigorously validate the effective-
ness of our proposed strategy, we establish theoret-
ical properties of the greedy algorithm, showing its
unimodality along the search path and deriving an
approximation bound to the global optimum.

The following theorem states that, under a condi-
tioning assumption on the token-similarity matrix,
the greedy MES sequence cannot increase again
once it stops increasing.

Theorem 3.1 (Greedy Unimodality of Maha-
lanobis-Ensemble Decoding). Let |V| = N and
MES{ = MES(S;), where {S;}IY. is the greedy
path generated by Algorithm 1. For any T C
V, let Kr = (Kij)ijer and define kn(K) =

)\max K
Il’laXTgV’ |T|<N W(K-;)) If IQN(K) S 1+

)\HQT(p), once for some t < N,

MES?, ; < MES,
then for all s > t, MES?, , < MESY{. Conse-
quently, with 7 = min{t : MES{, | < MES{}, we
have

MES? = max MESY.
0<r<N

Theorem 3.1 justifies the early stopping rule
in Algorithm 1: the greedy search can terminate
once the MES score drops, without traversing
all candidates. Appendix B.3 complements this
sufficient-condition result by disabling early stop-
ping and recording complete greedy trajectories
on Qwen2.5-1.5B. All 512 trajectories on each of
GSMSK and GPQA are unimodal, providing em-
pirical support for the stopping behavior character-
ized by Theorem 3.1. The next theorem compares
the stopped greedy value with the global optimum,
showing that it provides an effective approximation
to the optimal subset.

Theorem 3.2 (Approximation Guarantee for Ma-
halanobis-Ensemble Decoding). Let

MES = max MES(S),  [V| =N,

Let {Si}Y, be the greedy path generated by Al-
gorithm 1, and let T be the stopping time defined
in Theorem 3.1. Under the assumptions of Theo-
rem 3.1, we have

MES? > (1 — exp{—Amin (K, N)}) MES},

where Apin(K,r) 2 minpcy, 7= Amin (K1)
denotes the smallest eigenvalue among all v X r
principal submatrices of K.

Theorem 3.2 establishes the relation between
the optimal greedy value and the globally optimal
MES value. The approximation factor depends on
the restricted minimum eigenvalue of K, which
reflects the non-redundancy and conditioning of
the selected token representations.
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Qwen3-4B-Inst. |

Phi-4-mini-Inst.

Mistral-7B-Inst.

Method T=1.0 T=15 T=20|T7T=10 T=15 T=20|T=10 T=15 T=20]| Avg
Minp 7074 6202 5406 | 79.68  70.81  30.86 | 4867 3632 1797 | 5235
Topp 6801 5519 2100 | 80.06 1175 030 | 4890 2305 045 | 3430
pless 7892 7271 6315 | 8405  83.09  69.52 | 5406 5080 4647 | 66.97
Top-H 7680  67.17 5853 | 8165 7377 3465 | 5201 4678 2252 | 57.10
Top-W 7771 7665 7498 | 8264  83.24 8218 | 5398  53.15 5102 | 70.62
Ours  80.67 7976  80.06 | 84.08 8423 8241 | 5534 5345 5390 | 72.66

Table 2: GSMS8K accuracy (%) across different temperatures and decoding methods. The Avg. column reports the
average accuracy over all models and temperatures. The best result is in bold and the second best is underlined.

Qwen3-4B-Inst. |

Phi-4-mini-Inst. |

Mistral-7B-Inst. |

Method T=10 T=15 T=20|T=10 T=15 T=20|T=10 T=15 T=20] Avg.

Min-p 34.38 32.59 35.04 27.01
Top-p 34.60 3549 30.58 31.25
p-less 35.27 34.82 35.49 33.26
Top-H 34.38 33.93 34.15 34.38
Top-W 34.82 36.83 35.27 31.70
Ours 35.49 3549 35.71 34.38

29.02 26.56 26.12 28.12 2522 | 29.34
27.01 15.40 25.89 26.41 14.06 | 26.74
33.26 27.90 27.68 27.01 24.78 | 31.08
33.93 2991 28.12 27.23 23.88 | 31.10
29.46 31.47 27.23 29.02 28.23 | 31.56
36.16 33.93 28.35 28.79 28.35 | 32.96

Table 3: GPQA accuracy (%) across different temperatures and decoding methods. The Avg. column reports the
average accuracy over all models and temperatures. The best result is in bold and the second best is underlined.

4 [Experiments

4.1 Experimental Details

Models and Baselines. We evaluate ME-
Decoding on three instruction-tuned language mod-
els: Qwen3-4B-Instruct (Yang et al., 2025), Phi-
4-mini-Instruct (Abouelenin et al., 2025), and
Mistral-7B-Instruct (Jiang et al., 2023). We com-
pare our method with several representative de-
coding methods, including Min-p (Nguyen et al.,
2025), Top-p (Holtzman et al., 2020), p-less (Tan
et al., 2026), Top-H (Baghaei Potraghloo et al.,
2025), and Top-W (Davoodi et al., 2026). For a
fair comparison, all methods are evaluated under
the same prompts, temperature settings, maximum
generation length, and stopping criteria. Unless
otherwise specified, we evaluate all methods at
temperatures 7' € {1.0,1.5,2.0}. All reported
experiments use N = 512. We additionally imple-
ment CraEG (Yang et al., 2026) and combine its
post-softmax reweighting with p-less, following its
plug-in formulation. Repeated results for selected
methods are reported in Appendix B.1.

Benchmarks and Metrics. We consider two
types of tasks. First, for reasoning benchmarks,
we evaluate on GSM8K (Cobbe et al., 2021) and
GPQA (Rein et al., 2024), where performance is
measured by answer accuracy after extracting the
final answer. These benchmarks test whether a de-

coding method can maintain reliable reasoning per-
formance under different sampling temperatures.
Second, for instruction-following and chat-style
generation, we evaluate on AlpacaEval (Li et al.,
2023) and MT-Bench (Zheng et al., 2023). For
AlpacaEval, we report the candidate win-rate (%),
and for MT-Bench, we report the average judge
score. Since these tasks involve open-ended gen-
eration, we use DeepSeek-V4-Pro (DeepSeek-Al,
2026) as the judge to compare the generated re-
sponses under a fixed evaluation protocol. For re-
producibility, AlpacaEval compares each response
with a fixed reference for the same prompt, whereas
MT-Bench independently scores each response on
a 1-10 scale. Appendix B.7 reports an additional
evaluation using GLM-5.2 as a second judge, to-
gether with paired prompt-level bootstrap confi-
dence intervals.

ME-Decoding Configuration. ME-Decoding se-
lects a compact token subset by optimizing a
Mabhalanobis-style objective that balances token
probability and embedding geometry. For Top-
W and ME-Decoding, both of which require
an explicit candidate pool, we use the same
top-N pool with N = 512. Except for the
candidate-pool size, Top-W uses its default hy-
perparameters. Top-p, Min-p, and Top-H fol-
low Davoodi et al. (2026), and p-less is evalu-
ated under its original parameter-free rule. ME-
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Decoding uses A = 0.9 by default, following Ap-
pendix B. The official implementation is available
at https://github.com/sapphirexdy/ME_decoding.

Temperature Placement. At temperature 7, ev-
ery method operates on the same distribution pr =
softmax(z/T"). ME-Decoding uses pr for candi-
date scoring and samples from the renormalized se-
lected support, while each baseline applies its trun-
cation or reweighting rule to the same temperature-
adjusted distribution.

4.2 Main Results

Reasoning Benchmarks. We first evaluate ME-
Decoding on GSMS8K and GPQA across three mod-
els and three temperatures. The results are re-
ported in Tables 2 and 3. Overall, ME-Decoding
achieves the best average performance across both
datasets. Appendix B.1 reports three-seed repe-
titions as mean + sample standard deviation and
includes CraEG combined with p-less following its
plug-in formulation.

Figure 2 further shows the accuracy—temperature
curves of different decoding methods. Compared
with existing baselines, ME-Decoding maintains a
more stable accuracy profile as the temperature in-
creases. Higher temperatures enlarge the sampling
space, making probability-only truncation meth-
ods more prone to noisy tokens. By incorporat-
ing token geometry, ME-Decoding better preserves
high-confidence candidates while filtering out unin-
formative ones, leading to a better balance between
exploration and reasoning reliability.

Instruction-following and Chat. We further
evaluate ME-Decoding on instruction-following
and chat-style generation tasks using MT-Bench
and AlpacaEval. Experiments are conducted on
Qwen3-4B, Phi-4-mini, and Mistral-7B under T" €
{1.0,1.5,2.0}. Figure 3 summarizes the results.
The left and middle panels report the average Al-
pacaEval win rate and MT-Bench score over the
three models at each temperature, while the right
panel presents the overall average rank across all
models, temperatures, and benchmarks. Detailed
numerical results are provided in the Appendix.
As shown in Figure 3, ME-Decoding achieves
strong performance on both open-ended bench-
marks. It obtains the best averaged AlpacaEval win
rate and MT-Bench score. The overall rank com-
parison further shows that ME-Decoding attains
the best average rank among all compared decod-
ing methods, indicating its stable advantage across

models, temperatures, and benchmarks. These
results suggest that ME-Decoding is not limited
to accuracy-oriented reasoning tasks, but also im-
proves open-ended generation by selecting a com-
pact and informative token set. The same conclu-
sion holds under a second automatic judge. Paired
prompt-level bootstrap intervals against Top-W, p-
less, and Top-H are positive for both benchmarks
and both judges, as reported in Appendix B.7.

4.3 Analysis

Complexity Analysis. We analyze the time com-
plexity of ME-Decoding in Algorithm 1. Let N
be the candidate-pool size, d the embedding di-
mension, and 7 the number of selected tokens be-
fore early stopping. The kernel computation costs
O(NTd), and the greedy evaluation costs O(N73),
leading to O(N7(d + 72)). Since early stopping
usually yields a small 7 with 7 < N, the practical
cost scales nearly linearly with NV and approaches
O(Nd) when 7 is treated as a small constant. A
detailed analysis is provided in Appendix B.4.

Efficiency Analysis. To compare inference-time
efficiency, we use a CPU-only synthetic log-
its benchmark that isolates sampling and logits-
processing overhead. We measure the average time
for filtering logits and sampling one token under
two settings: Medium with vocabulary size 32,000,
embedding dimension 256, and top-/N = 512; and
Large with vocabulary size 128,000, embedding
dimension 1024, and top-N = 2048. All experi-
ments use batch size 1, one CPU thread, tempera-
ture 1.0, 50 warm-up steps, and 500 measured steps
over 10 repeats. Results are reported in Table 4.

As shown in Table 4, ME-Decoding intro-
duces moderate overhead compared with purely
probability-based methods due to its use of to-
ken embeddings, but remains highly efficient. It
is about 2.7x faster than Top-W in the Medium
setting and 7.4x faster in the Large setting. In
the Large setting, its overhead is also compara-
ble to Top-p and Top-H, demonstrating that ME-
Decoding can exploit token-geometry informa-
tion with substantially lower cost than existing
geometry-aware decoding methods. Appendix B.4
additionally reports end-to-end GPU latency and
shows that model inference remains the dominant
cost under the measured settings.

Diversity Analysis. We analyze the accuracy—
diversity trade-off on GSM8K with Qwen3-4B. For
each method, we randomly sample 500 questions

17235


https://github.com/sapphirexdy/ME_decoding

0.85 4

0.75 4

0.60 A

Accuracy

-8~ ME-Decoding \".‘
0.45 - —a- p-less AN
—~+ Top-W N
-¢ Top-H \

0.30 4 - Min-p \T

T T
0.5 0.75 1.0 1.25 1.5
Temperature

GPQA

0.37 A
0.34 4
>
)
o
5 K
S | LA
< 0.30 A -e- ME-Decoding Ne—" \\ *
A= p-less s - ,—l\\ \
—+ Top-W \ /," S~n N
.4 Top-H \r/ \\\
0.26 A -a- Min-p -
’ T T T T T T T
0.5 0.75 1.0 1.25 1.5 1.75 2.0
Temperature

Figure 2: Accuracy vs. temperature curves of different decoding methods on GSM8K and GPQA.
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Figure 3: Open-ended generation performance and overall ranking comparison. The left and middle panels report
AlpacaEval win rate and MT-Bench score across different temperatures, averaged over three models and aggregated
over 3 runs. The right panel summarizes the average rank of each decoding method across all models, temperatures,
and benchmarks, with bold numbers indicating the best overall rank.

and generate 10 responses per question. Accuracy
is computed over all generations, and diversity is
measured by Distinct-1/2 (Li et al., 2016) and Self-
BLEU (Zhu et al., 2018). We further average the
min-max normalized Distinct-1, Distinct-2, and
1 — Self-BLEU within each temperature as an ag-
gregated diversity score.

Figure 4 shows a clear accuracy—diversity trade-
off. More exploratory methods, such as Top-p,
achieve higher diversity, especially at high tempera-
tures, but suffer from notable accuracy degradation.
In contrast, ME-Decoding consistently achieves the
highest accuracy and maintains stronger reasoning
performance at comparable diversity levels. This
suggests that the proposed Mahalanobis-Ensemble
objective improves token selection reliability by
constructing a compact and informative sampling
support, rather than simply increasing output ran-
domness. Detailed results are provided in Table 14.

To further test whether ME-Decoding constructs
an informative geometry-aware support rather than
merely truncating more aggressively, we compare

Temp
A T=1.0
¢ T=15
N v T=2.0
NN
N,
N\,
AN
>80 AN
@) . ‘<
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) . N
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0.00 0.05 0.10 0.15 0.20 0.25
Diversity

Figure 4: Accuracy—diversity trade-off on GSM8K us-
ing Qwen3-4B. Each method generates 10 responses for
500 sampled questions under each temperature.

it with probability-only controls calibrated on in-
dependent prompts to match its average support
size, post-pruning entropy, or support-level pair-
wise cosine. At each step with |S| > 2, Cos. is
the mean cosine over all unordered pairs of L2-
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Setting Statistic Top-p Min-p p-less  Top-H Top-W ME-Decoding

Lar Mean s/token 0.01407 0.00196 0.00314 0.01493 0.13337 0.01799
arge Standard Deviation 0.00006 0.00002 0.00000 0.00009 0.00098 0.00560

Medium Mean s/token 0.00335 0.00054 0.00080 0.00330 0.00487 0.00179
ediu Standard Deviation 0.00003 0.00001 0.00001 0.00005 0.00003 0.00010

Table 4: Average CPU sampling overhead per token on synthetic logits. Large: vocabulary size 128K, embedding

dimension 1024, top-N = 2048. Medium: vocabulary size 32K, embedding dimension 256, top-N = 512.

normalized selected-token embeddings; we then
average it across eligible steps. Table 5 reports
results on Qwen2.5-1.5B at T' = 1.0 over three
generation seeds.

Dataset Method Acc. (%)  Avg. |S| Cos. MES
ME-Decoding 63.20 +£0.57 1.076 0.151 0.756
GSM8K Size-matched 61.79+1.26 1.067 0.210 0.707
Entropy-matched 61.79 £0.99 1.070 0.208 0.708
Cosine-matched 62.70+£0.35 1.014 0.198 0.715
ME-Decoding 32.66 =1.05 1.134 0.243 0.589
GPQA Size-matched 2847+ 1.17 1.106 0.289 0.558
Entropy-matched 28.47 £1.17 1.106 0.289 0.558
Cosine-matched  29.25 £0.91 1.084 0.259 0.537

Table 5: ME-Decoding and approximately matched
probability-only controls on Qwen2.5-1.5B at 7" = 1.0.
Accuracy is reported as mean £ sample standard devia-
tion over three seeds.

Across both datasets, ME-Decoding achieves the
highest accuracy and MES under approximately
matched support size, entropy, or pairwise cosine.
This result is consistent with our design goal of
selecting a high-confidence support whose mem-
bers provide complementary geometric informa-
tion, and supports the effectiveness of directly opti-
mizing MES. Appendix B.6 reports the complete
diagnostics, including retained probability mass
and entropy before pruning. Appendix B.2 further
isolates the contribution of correctly aligned token
geometry using identity- and permuted-kernel con-
trols.

5 Conclusion

In this paper, we introduce ME-Decoding, a de-
coding framework that reformulates LLM token
selection as ensemble pruning. ME-Decoding max-
imizes the Mahalanobis-Ensemble Score (MES)
to select a compact token subset, combining token
probabilities with an embedding-based similarity
matrix to discount semantic redundancy. We fur-
ther develop an efficient greedy algorithm with
theoretical guarantees, including greedy-trajectory
unimodality and an approximation bound. Exper-

iments on reasoning and open-ended generation
tasks show that ME-Decoding improves over rep-
resentative probability-based and geometry-aware
baselines with low inference overhead.

These results demonstrate the potential of en-
semble pruning as a principled perspective for con-
structing compact, diverse, and reliable token candi-
date sets. Future work includes developing simpler
and more effective objectives under this perspec-
tive, and extending ME-Decoding to broader sce-
narios such as long-form generation, multi-sample
reasoning, and verification-augmented decoding.

Limitations

Although ME-Decoding introduces an ensemble-
pruning perspective for LLM decoding and
achieves strong performance on several tasks, it
still has several limitations. First, its performance
depends on the construction of the similarity ma-
trix, which controls the trade-off between token
confidence and redundancy. While we provide a
practical geometry-based kernel, more effective
and adaptive similarity designs may further im-
prove performance. The current kernel uses static
token embeddings as a soft redundancy signal
and may not capture all context-dependent seman-
tic distinctions. Contextualized or hidden-state-
conditioned kernels are therefore a useful direction
for future work. Second, although ME-Decoding
consistently achieves higher accuracy than compet-
ing methods under comparable diversity levels, its
output diversity is not always the highest among
all decoding strategies. This suggests that the cur-
rent kernel construction may still be conservative
in promoting diverse generations. How to further
improve generation diversity while preserving the
accuracy gains of ME-Decoding remains an impor-
tant direction for future work. Third, determining
the optimal subset size remains challenging, as in
existing truncation-based decoding methods. The
proposed MES criterion provides a principled se-
lection rule, but it may not be optimal for all token
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distributions. Exploring adaptive subset-size rules
and alternative objectives is another promising di-
rection.

Ethical Considerations

This work proposes ME-Decoding, a geometry-
aware decoding framework that reformulates can-
didate token selection from the perspective of en-
semble pruning. By selecting compact yet infor-
mative token sets, ME-Decoding aims to improve
generation quality and reasoning performance with-
out modifying model parameters or requiring addi-
tional training. A potential positive impact is that
such plug-and-play inference-time methods may
improve the usability of existing language models
with limited computational overhead, thereby re-
ducing deployment costs and the need for repeated
model retraining.

At the same time, improved decoding and rea-
soning performance may also amplify downstream
risks associated with generative systems. These
risks include misinformation generation, halluci-
nated but plausible outputs, biased or harmful con-
tent, and the automation of low-quality or mali-
cious text at scale. Since ME-Decoding operates at
inference time and can be applied to a wide range
of pretrained language models, its broader impact
depends strongly on the deployment context, ac-
cess control, and downstream use cases.

We encourage practitioners to use ME-Decoding
together with established responsible deployment
practices, including safety evaluation, bias and tox-
icity assessment, hallucination analysis, usage poli-
cies, and rate limits in open-ended settings. For
high-stakes applications such as medical, legal, fi-
nancial, or educational decision-making, model
outputs should be carefully verified by qualified
human experts. In addition, when ME-Decoding
is applied to models trained on copyrighted, pri-
vate, or sensitive data, developers should follow
appropriate data governance, documentation, and
licensing practices.

All datasets, models, and evaluation tools used
in this work are publicly available. We follow their
respective licenses and terms of use, and use them
solely for research evaluation purposes. Our use of
these artifacts is consistent with their intended use
as benchmarks, pretrained models, and evaluation
tools for research. We do not redistribute or repur-
pose any artifact beyond the scope allowed by its
original access conditions, and we cite the original

creators of all benchmarks, models, and baseline
methods used in our experiments.

We do not collect any new user data or person-
ally identifying information. The datasets used in
our experiments are publicly available benchmarks
released for research evaluation. We use them only
under their standard evaluation settings and do not
attempt to identify individuals or recover private
information from any dataset.
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A Proofs of Theoretical Results

Proof of Theorem 3.1. Let MEE(S) = K_ pg and ¢y = 1 + AHI (p). Write F; = MEE(S;) and
Ay = MEE(S¢41) — MEE(S;). Then the greedy objective is defined as MES/ = Ft

We first show that the restricted condition number controls the conditional remdual correlations. Fix
any subset S C V and two indices i,k ¢ S. Define the conditional residual covariance matrix of (7, k)
given S as the Schur complement:

Clims = Kpiny — Kin.sKs Ksfin-

_ Vi Cki|S
C{i’k}w_(%us vg )’

-1 -1 -1
where V; = K“' — KiSKS KSz'a Vg = Kkk — KkSKS ng, and ckzi|S = Kk:i — KkSKS KSi- The
corresponding conditional residual correlation is

Write

Cki|S
VU '

Pki|S =

Since Cy; 1y|s is the Schur complement of Kg in K gyy; k), its eigenvalues are bounded by those of
K 54 k). More precisely,

Amin (K sugiky) < Amax(Cikyls) < Amax (K sugiky)-

These inequalities follow from the variational characterization of eigenvalues and the Schur-complement
residualization argument. Therefore,

K(Clikys) < (K sugiry) < rnv(K).

On the other hand, for any 2 x 2 positive definite matrix

with correlation p = \/W’ we have:
o < )
~ k(C)+1’
which gives
1+ p|
SO 2 T
Applying this to C'y; 1y 5 gives
1+ |Pki|s|
7 < E(Clrys) < rn(K).
L — |pris| {3

By the assumption x (K) < ¢y, we obtain

1+ [pis|

< cy. “4)
1 — |pgis|

Next, we prove the one-step growth control of greedy marginal gains. Fix a greedy step ¢, let S = S, and
let 7 be the element added at step t, i.e., Sy+1 = S¢ U {i}. For any remaining token k ¢ S U {i}, define
the standardized residual scores

pPi — KZSKS DPs

\/Ku K’LSK KSZ
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and define zj, analogously. By the Schur-complement formula, AMEE(i | S) = 22 and AMEE(k | S) =
2. Since i is selected greedily, 27 < z2. If z; = 0, then all remaining marginal gains are zero and the
conclusion is immediate. Otherwise, define r;, = 'Z—’;, where |r;| < 1. After adding ¢, the marginal gain of
kis )
AMEE(k | S U {i}) = w
L= piis
Hence

AMEE(k | SU{i}) _ (% = prijs)” <+t lorits))® 1+ lpris] <o 5)
AMEE(i | S) L=phs — Ll=ns L= lprasl =7

where the last inequality follows from (4). Taking the maximum over all remaining k gives
A1 < exAy. (6)

Now suppose MES{, | < MES/. Since MES{ = %, this is equivalent to
A

Fin _ Fy
t+1 — .t
Cy (&

Using Fyy1 = Fy + Ay, we get Fy + Ay < ¢y F}. Define Ry = %. Then

MES;‘g+1 <MES! <<= R <c -1 @)
Using (6), we have
Ryt — A1 Ay
t+1 = =
Fy1 F+ A
VAV OV 7

— Fi 4+ A n 1+Rt
The function h(R) = SUEN increasing for R > 0. Therefore, if R; < c¢) — 1, then

1+R
Rt+1 < h(Rt) < h(C)\ — 1) = C) — 1.

By induction, Rs; < ¢y — 1 for all s > t. Using (7), we obtain
MES?, ; < MESY, Vs > t.
Finally, define
7 =min{t € {0,...,N — 1} : MES ;| < MES7},
the sequence increases strictly before 7 and is nonincreasing after 7. Hence

MES? = max MESY.
0<r<N

This completes the proof. O
Lemma A.1 (Approximation Guarantee for Greedy Selection). Ler f : 2V — R>o be a normalized
(f(0) = 0), nonnegative, monotone set function, and let OPT = max|g|<, f(S) denote the maximum

value obtained by any set of size at most k. Let S be the set selected by the Greedy algorithm. Then, the
solution satisfies the following approximation guarantee:

f(S) > (1 —e k). OPT, ®)

where yy i, is the submodularity ratio of f. Formally, yy . is defined as the minimum ratio of the marginal
gain of a set to the marginal gain of its individual elements:

2oea (f(LU{z}) — (L))

B LQU,A:\IILXI\HSIIIC, LNA=0 f(LUA)— f(L)

YUk )

The ratio is taken over pairs (L, A) such that f(L U A) > f(L); if the denominator is zero, the ratio is
defined as 1.
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Proof. This is the standard approximation guarantee for greedy maximization of a nonnegative monotone
set function with submodularity ratio 7 ;. Proof can be found in Das and Kempe (2018). O

While Lemma A.1 offers a general guarantee, the ratio 7y y, is typically intractable. We further provide a
concrete bound for our Mahalanobis-Ensemble Energy (MEE) by considering the specific objective

f(S) = MEE(S) = pi K5'pg.

The following lemma bounds 7y ;. via the restricted minimum eigenvalue of the kernel matrix K.

Lemma A.2 (Schur Complement Preserves the Minimum Eigenvalue). Let K € R™*"™ be a symmetric
positive definite matrix. Write

o <KT11 s ) Ky e RDX0-D | g e RO-DX1 g
s K

Define the Schur complement

Then

Amin(K) § )\min(K,)'

Proof. Let \] = Amin(K'), and choose a nonzero eigenvector €/ € R"~! such that K'e’ = \je’. We
/

e
construct e =
€n

> , where e,, = —%msTe’. Using the block form of K, we have:

[ K€ + se,
Ke= <3Te’ + Kpnen/

By the definition of e,, the lower block becomes s'e + Kypen = 0. For the upper block, we
have K€ + se, = K€ — K%mssTe’ = (KH — K%mssT> e = K'e’ = Ne'. Therefore,

e
Ke = < 0 )

: : : K 'K . T 2
By the Rayleigh quotient, we know Apin(K) = ming ©+% < ©°. Since e’ Ke = \|[€/[|3

and e e = ||€/||2 + €2 > ||€/||3, we can bound the quotient as follows:

T / 1112
e Ke Nle|
Amin K) < - L 2 < /~
B = e = e+ =N
Since K’ = 0, we have \] > 0, which implies A} = Apin(K’). This proves the claim. O

Lemma A.3 (Spectral Bound on Submodularity Ratio). Assume that K > 0 is a correlation ma-
trix. For f(S) = pgK glps and disjoint sets L, A, let Kya be partitioned naturally into blocks
K, K, Ky, Kar. Wedefine the residual statistics p and K (Schur complement) as:

p=ps—KaK;'p,, K=Kjs—KiyK['Kpa.

~Tra: N1 —1 ~
The submodularity ratio yy i, which involves minimizing the term p[(}f%%@lp, is bounded from

below by the eigenvalues of K :
W,k > min )\min(Ka ’LUAD > )\min(KaN)a

LCV, ACV\L
|A|<k

where Amin (K, k) = mMing.|g—x Amin (K s) denotes the smallest eigenvalue among all k X k principal
submatrices of K, and N = |V|.
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Proof. Consider disjoint L and A. Using the block inverse formula for K Z&J 4> one obtains the decompo-
sition

_ T =1
fILUA) =p K;'p, + p'K p,
hence

FLUA) -~ f(L)=p K P

For a singleton a € A, the same calculation with |A| = 1 gives

]52
FLU{a)) - £(E) = 22

Therefore, for any L C V and A with |A| < k and A N L = (), the ratio appearing in the definition of
the submodularity ratio becomes

-1

Yaea (F(LU{a}) = f(L)) _ p"[diag(K)]
f(LUA) - f(L) P K 'p

Then, let D = diag(K) and define the correlation matrix K, = D '2KD7 2 Letv = D"'/?p.
Then

P

-1

~ 1~ T~ —1_ -
P'D'p=v|}, DK p=vK,w
. vl v . . T —1 ~ 1 T 1 -
Hence the ratio equals TR, By Rayleigh-Ritz, v' K, v < Apax(K, )v' v = (KU
SO
T ~—1~
p D p -
~_|_~7_1~ > )\min(Kp)-
p K p

We can eliminate the elements of L one by one via residualization; each elimination replaces the current
covariance by the covariance of residuals. By Lemma A.2, each such residualization step cannot decrease
the smallest eigenvalue. After eliminating all of L, we obtain the Schur complement K corresponding to
conditioning on L, and thus

)\min(KLUA) S Amin(I{)-
Finally, normalizing K to unit variance gives K p» and )\min(f{ ) < )\min(f( »). Combining the last two
displays:
)\min(Kp) > )\min(KLUA) > Arrlirl(I{> |L U A|)

By definition of ~yy j, we conclude

> min Amin (K, |L U AJ).
Wz i (K, | )
|A|<k

Since K 1,44 is a principal submatrix of K, Cauchy’s interlacing theorem gives

)\min(KLUA) > >\min (K)

In our notation, Apyin () = Amin (K, N), which naturally completes the proof. O
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Lemma A.4 (Approximation Bound for Greedy MEE). Assume that K > 0 is a correlation matrix
defined on ground set V (|V| = N). Let S, be the greedy set after k steps. Then the approximation bound
holds:

f(Sk) = (1 — exp{—Amin (K, N)}) max f(S).
|SI<k

Proof. Let OPT £ maxgcy, 1s|<k MEE(S).

First, since the Mahalanobis-Ensemble Energy objective MEE(S) = pgK glps is a normalized,
nonnegative, and monotone set function, we can apply the general greedy guarantee from Lemma A.1.
This yields:

MEE(Sy) > (1 — e ™*) - OPT,

where vy 1 is the submodularity ratio of MEE on the ground set V.
Next, we lower bound the submodularity ratio vy ;. By Lemma A.3, the submodularity ratio satisfies:

> min Amin (K, |L U Al).
waz min (KLU A)
|AI<Kk

Since LU A C V, we have |L U A| < N. By the interlacing theorem, every principal submatrix of K
has a minimum eigenvalue at least Ay, (K, V). Hence:
MW,k > )\min(K7 N)

Substituting this spectral lower bound back into the greedy approximation guarantee gives:

MEE(Sg) > (1 — e uin(K-N)) . OPT.,
This completes the proof. O

Proof of Theorem 3.2. Let MEE(S) = pl K ¢'pg and ¢\ = 1+ AH{ (p). The objective can be written

as MES,(S) = M]jg‘(s). Define the greedy approximation factor as any = 1 — exp{—Amin (K, N)}.

A
By Lemma A4, forevery k = 1,..., N, the greedy set S, satisfies:

MEE(Sk) > ay max MEE(S). (10)
SCV |S|<k

Fix any k € {1,..., N}. Dividing both sides of (10) by ¢} gives:

MEE(Sg) o, JaXscv,jsi<k MEE(S)

MES,(S;) =
)\( k) le\ = C’;
maXSgVV‘S|:k MEE(S)
> an Z
D)
MEE(S)
= o max T = o max MES,(S).
IS|=k A |S|=k
Taking the maximum over all subset sizes K = 1,..., N on both sides, we obtain the global bound for
the greedy trajectory:
> .
12}%XNMES)\(S;€) > an 1r§1}€a§XN Sgﬁ?%:k MES\(S) (11)

By Theorem 3.1, the greedy saturation stopping point 7 achieves the exact maximum of the entire
greedy sequence, meaning MES? = maxg<,<ny MESY. Since MES? = MES, (S, ), we have:
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Combining this with (11) and substituting the definition of ay, we arrive at our final conclusion:
MES?— > (1 - exp{_)\min(Kv N)}) @#mbggv MESA(S)

This completes the proof.
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B Additional Experiments

This section provides repeated evaluations, con-
trolled ablations, diagnostic analyses, and effi-
ciency measurements. All experiments in this work
were conducted on a single NVIDIA GeForce RTX
4090 GPU. Unless stated otherwise, repeated gen-
eration results use three shared seeds and report the
mean + sample standard deviation.

B.1 Additional Results for Reasoning
Benchmarks

Tables 6 and 7 repeat the reasoning evaluation over
three seeds and report CraEG combined with p-less.
This composition follows CraEG’s plug-in role as
a post-softmax reweighting module rather than a
standalone support-selection rule, while the tables
use CraEG as the concise method name.

Across the nine model-temperature settings,
ME-Decoding achieves the highest average accu-
racy on both GSMS8K and GPQA. It leads in eight
of the nine settings on each benchmark, support-
ing stable improvements across seeds and tempera-
tures.

B.2 Ablation Studies

Probability and Kernel Controls. We use
Greedy decoding to test whether repeatedly select-
ing the locally most probable token is sufficient.
At T = 1.0, ME-Decoding improves GSM8K
accuracy from 61.41% to 63.20 + 0.57% and
GPQA accuracy from 32.37% to 32.66+1.05% on
Qwen2.5-1.5B. Greedy is deterministic, whereas
ME-Decoding results average three generation
seeds.

We then compare the semantic kernel with
two controlled alternatives. The identity kernel
K = I removes pairwise geometry, reducing the
MEE numerator to ), g p7. The permuted kernel
Kperm = PKyueP T preserves the eigenvalues,
condition number, entry multiset, and numerical
scale of the semantic kernel while disrupting its
alignment with token identities. All variants use
the same prompts, probabilities, generation seeds,
and pruning hyperparameters.

Dataset True K Permuted K K =1

GSMSK  62.32 61.15 60.85

GPQA 32.64 32.09 29.81
Table 8: Accuracy (%) averaged over T €

{1.0,1.5,2.0} in the Qwen2.5-1.5B kernel-control
experiment. Both controls reduce accuracy relative to
the correctly aligned semantic kernel.

The correctly aligned semantic kernel achieves
the highest average accuracy on both datasets,
while removing or permuting the geometry reduces
performance.

Component Ablations. We examine the contri-
bution of the adaptive bandwidth e and the kernel
matrix K. Removing the adaptive bandwidth de-
grades performance, especially at higher tempera-
tures, which indicates that an appropriately scaled
kernel is important for robust optimization. Re-
placing K with the identity matrix removes the
embedding-based similarity structure and also re-
duces accuracy.
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Qwen3-4B-Instruct ‘ Phi-4-mini-Instruct ‘ Mistral-7B-Instruct ‘
Method T=10 T=15 T=20 | T=10 T=15 T=20|T=10 T=15 T=20 |Avg

p—]CSS 78.82i0.24 72~53i0.50 64447i1,00 82~99i0.76 82.99i0<39 71414i0.99 53~53i0473 51.96i0,74 46407i1,30 67.17
Top-W 77.6310.35 76.6510.23 75.5440.72 | 83.2410.13 83.5210.23 82.9910.18| 53.0710.40 53.50+1.05 52.4411.96 |70.95
CraEG 72-23i1.71 65.071100 58-12i1A32 83.52:‘:0‘55 81.91i1‘07 65.38i126 52-72i0412 50.8210_57 40-56i1ﬁ4 63.37
Ours 80.04i059 79.56i035 80~04i0A80 83.90i024 83.95i()‘31 82.44i()‘12 54-18;t1A03 53~55i0A12 53.98i()‘57 72.40

Table 6: GSMSK flexible-extract accuracy (%) over three generation seeds. Subscripts report sample standard
deviations, and the Avg. column averages the nine model-temperature means.

Qwen3-4B-Instruct ‘ Phi-4-mini-Instruct ‘ Mistral-7B-Instruct ‘
Method T=10 T=15 T=20 | T=10 T=15 T=20|T=10 T=15 T=20 |Ave

p-leSS 35-57i2.29 35.86i1A57 33.851135 32.81;&177 32.66i0A73 30.06i2‘7g 28-421144 28.72i1‘23 27.68i1‘3g 31.74
Top-W 35.491045 34.90107s 35.8610.26 | 31.621078 30.581077 30.6541.49 | 28.7921.02 29.3910.34 29.3911.49|31.85
CraEG 35.714194 34.081217 33.934097 | 32224142 32.144080 29.541068 | 28.651068 28.724203 28.2047193|31.46
Ours 36.68.0.13 36.76:‘:0‘68 36.61.1059(34.30 068 34.45_ 078 34.08.056(29.091101 29.84 34 2932:!:0.46 33.46

Table 7: GPQA accuracy (%) over three generation seeds. Subscripts report sample standard deviations, and the
Avg. column averages the nine model-temperature means.

Dataset T  ME-Decoding Withoute K =1 submatrices.
1.0 84.08 —2.20 —0.15 . .
GSM8K 15 8423 462  —083 B.4 Efficiency and Complexity
2.0 8241 —819 —1.36 We benchmark 200 GSM8K problems, generating
GPOA }(5) ggig —(1)22 —ggg 64 tokens per problem with 7" = 1.5, batch size 1,
0 33.93 0.9 —0.89 and N = 512. Each method therefore generates

12,800 tokens. ME-Decoding uses a custom Triton

Table 9: Component ablations under different temper- ~ kernel, and all methods use identical filtering and
atures. The ME-Decoding column reports absolute ac-  sampling infrastructure.

curacy, while the remaining columns report changes

relative to ME-Decoding.

B.3 Empirical Validation of Theorem 3.1

The condition in Theorem 3.1 is sufficient rather
than necessary for trajectory unimodality. To exam-
ine whether the predicted behavior occurs in prac-
tice, we disable early stopping and record the com-
plete greedy MES trajectory for a 512-trajectory
probe from each benchmark using Qwen2.5-1.5B
atT = 1.0.

Dataset ~ Unimodal Trajectories ~ Rate

GSM8K 512/512 100%
GPQA 512/512 100%

Table 10: Empirical unimodality of complete greedy
MES trajectories.

The observation supports the practical relevance
of the stopping behavior without replacing the the-
orem’s sufficient-condition analysis. The approxi-
mation result has a separate scope and depends on
restricted minimum eigenvalues of selected kernel
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Model Method Model Inference (s) Decoding and Sampling (s) Other (s) Total (s) ms/token
Top-p 233.20 4.29 0.99 238.48 18.63
Min-p 233.19 2.17 0.57 235.93 18.43

Qwen2.5-1.5B p-less 233.23 2.17 0.63 236.03 18.44
Top-H 233.56 4.68 1.00 239.25 18.69
ME-Decoding 242.85 5.64 1.03 249.52 19.49
Top-p 358.20 2.89 0.50 361.58  28.25
Min-p 356.42 1.97 0.55 358.94  28.04

Qwen3-4B p-less 356.63 1.97 0.59 359.18  28.06
Top-H 359.14 2.91 0.63 362.68  28.33
ME-Decoding 360.29 3.01 1.15 364.45 28.47

Table 11: End-to-end GPU timing breakdown.

Table 11 shows that ME-Decoding increases to-
tal latency by approximately 5.8% on Qwen2.5-
1.5B and 1.5% on Qwen3-4B relative to the fastest
baseline, with model inference remaining the dom-
inant cost.

Detailed Complexity Analysis. Let /N denote
the size of the candidate token pool, d denote the
token embedding dimension, and 7 denote the num-
ber of tokens selected before the early stopping cri-
terion is triggered. ME-Decoding does not explic-
itly construct the full NV x N similarity matrix. The
adaptive bandwidth can also be computed without
any pairwise construction. Since we use normal-
ized token embeddings and C;; = 1 — eiTej, we
have

2

Z y =

ey

i,JEV 2
where p is normalized over the candidate pool.
Therefore, computing € only requires a probability-
weighted average of token embeddings, with com-
plexity O(Nd).

After obtaining €, kernel entries are dynamically
computed according to Eq. 3. Whenever a new to-
ken is selected, the algorithm computes and caches
its similarities to all candidate tokens, which costs
O(Nd) per selected token and therefore O(N7d)
in total. For the greedy selection stage, at the ¢-th
step, the selected set has size ¢, and the algorithm
evaluates at most N — ¢ remaining candidates. For
each candidate j, the dominant operation is com-
puting a; = R3;, where R € R"”** and 8; € R,
which costs O(#?). Hence, the total greedy evalua-
tion cost before stopping is

T—1 T—1
Y O((N-1)t*) <> O(Nt?) = O(NT?).
t=1 t=1

After each selected token, updating R and z
through the block update costs O(t2) at step ¢, giv-
ing an additional O(73) cost, which is dominated
by O(N73) since 7 < N. Therefore, the overall
time complexity of ME-Decoding is

O(Nd+ Ntd+ N7*) = O(N7(d +7?)).

The memory overhead is O(NN7) for cached kernel
entries and O(7?) for maintaining R. In contrast,
explicitly constructing the full kernel matrix would
require O(N?d) time and O(N?) memory. Since
the early stopping rule usually yields 7 < N, ME-
Decoding avoids the quadratic dependence on the
candidate pool size and remains efficient in prac-
tice.

B.S5 Hyperparameter Analysis

We study the sensitivity of ME-Decoding to the
hyperparameter A, which controls the compactness
of the selected token set. A larger A imposes a
stronger penalty on the subset size and therefore
encourages a tighter candidate set, while a smaller
A allows more tokens to be retained. Table 12 re-
ports the accuracy of ME-Decoding under different
values of A across three models, three temperatures,
and two reasoning datasets. The results show that
ME-Decoding is relatively stable over a range of
A values and consistently achieves strong perfor-
mance under different settings. Among the tested
values, A = 0.9 obtains the best average accuracy
on both GSM8K and GPQA. Therefore, unless oth-
erwise specified, we use A\ = 0.9 as the default
setting in the main experiments.

B.6 Diversity Analysis

Support-Level Diversity Diagnostics. Table 13
shows that ME-Decoding achieves the highest ac-
curacy and MES on both datasets, while retaining a
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Qwen3-4B-Inst.

Phi-4-mini-Inst.

Mistral-7B-Inst.

‘ Avg.

by
T=10 T=15 T=20|T=10 T=15 T=20|T=10 T=15 T=20|

GSMSK

1.0 8120 8135 7976 | 83.78 8438  82.03 | 5284 5277 5345 |7239

09 80.67 7976  80.06 | 8408 8423 8241 | 5534 5345 5390 | 72.66

0.8 8044 8006 8044 | 8370 8408 8165 | 5519 5345 5353 | 7250

07 7968  80.14 7998 | 8415 8355 8211 | 5345 5451 5375 |7237
GPQA

1.0 3482 3415 3482 | 3504 3527 3571 | 2790 2879 2723 |32.64

09 3549 3549 3571 | 3438 3616 3393 | 2835 2879 2835 | 3296

08 3616 3638 3527 | 3527 3326 3415 | 2790 2567  27.68 | 3242

07 3638 3504 3460 | 3371 3192 3393 | 2790 2924 2634 |32.12

Table 12: Detailed hyperparameter selection results for ME-Decoding. Accuracy is reported in percentage. The
highlighted row corresponds to the selected setting, A=0.9, which achieves the best average performance on both

GSMSK and GPQA.

compact support and comparable probability mass.
None of the approximately matched probability-
only controls reproduces both results, indicating
that the gain is not explained solely by stronger
truncation or one support statistic.

Detailed Diversity Results. Table 14 reports the
detailed numerical results corresponding to the di-
versity analysis in the main text. For each tem-
perature, we report Acc, Distinct-1, Distinct-2,
1 — Self-BLEU, and the aggregated Diversity Avg.
score. The diversity score is computed by min-
max normalizing the three diversity metrics within
each temperature and then taking their average.
Although Top-p often obtains the highest diver-
sity score, especially at high temperature, its accu-
racy drops substantially. In contrast, ME-Decoding
maintains the strongest accuracy across tempera-
tures, showing that it provides a better accuracy—
diversity trade-off for reasoning-oriented genera-
tion.

B.7 Additional Results for Open-Ended
Generation

In the main text, we report the averaged
instruction-following and chat performance over
three instruction-tuned models. Here, we provide
the corresponding per-model visualizations and de-
tailed numerical results. Figure 5 shows the per-
formance curves on MT-Bench and AlpacaEval
across temperatures for each model. Figure 6 fur-
ther summarizes the relative ranking of each decod-
ing method under every model-temperature setting,
averaged over MT-Bench and AlpacaEval. Lower
ranks indicate better performance. The heatmap

shows that ME-Decoding obtains competitive ranks
in multiple settings and achieves the best overall
average rank, suggesting that its improvement is
stable across models and temperatures. Tables 17
and 18 report the exact MT-Bench judge scores and
AlpacaEval candidate win-rates, respectively. ME-
Decoding achieves the highest overall averages,
with 7.17 on MT-Bench and 14.80% on AlpacaE-
val, although individual baselines lead in several
settings. All results are evaluated using the same
judge-based evaluation protocol as in the main text
and aggregated over 3 runs.

Evaluation Robustness. AlpacaEval-style eval-
uation compares each generated response with a
fixed reference for the same prompt, while MT-
Bench-style evaluation independently assigns a
score from 1 to 10. All methods use matched sam-
ples at T € {1.0,1.5,2.0} over three generation
runs. We evaluate the same outputs with DeepSeek-
V4-Pro and GLM-5.2 (Zeng et al., 2026). Table 15
shows that ME-Decoding achieves the highest re-
sult under both judges and evaluation protocols.
Table 16 further reports positive paired 95% confi-
dence intervals against Top-W, p-less, and Top-H,
supporting the consistency of the gains beyond ag-
gregate means. Additional length, style, and refusal
diagnostics indicate that the gains are not explained
by verbosity or conservative refusal behavior.
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Dataset Method Acc. (%)  Mass Cos. Avg. |S| Hpefore Hafter MES

ME-Decoding 63.20 £ 0.57 0.846 0.151 1.076 0.614 0.052 0.756
Top-W 61.64+1.19 0.841 0.208 1.093 0.692 0.057 0.688
p-less 61.33 £0.23 0.842 0.179 1.164 0.659 0.075 0.689
GSMBK Top-H 61.16 £0.42 0.847 0.241 2.240 0.736 0.191 0.660

Approx. size-matched 61.79 +£1.26 0.850 0.210 1.067 0.615 0.044 0.707
Approx. entropy-matched 61.79 £0.99 0.851 0.208 1.070 0.614 0.045 0.708
Approx. cosine-matched  62.70 £0.35 0.840 0.198 1.014 0.598 0.010 0.715

ME-Decoding 32.66 £1.05 0.759 0.243 1.134 0983 0.091 0.589
Top-W 27.69£091 0.692 0.185 1.213 1.454 0.124 0.498
p-less 28.21£1.05 0.770 0.192 1.265 1.002 0.144 0.553
GPQA  Top-H 27.52+£0.66 0.778 0.184 2.877 1.277 0.431 0475

Approx. size-matched 28.47+£1.17 0.760 0.289 1.106 0.947 0.069 0.558
Approx. entropy-matched 28.47 +1.17 0.760 0.289 1.106  0.947 0.069 0.558
Approx. cosine-matched  29.25+0.91 0.737 0.259 1.084 1.018 0.055 0.537

Table 13: Complete support diagnostics on Qwen2.5-1.5B at T" = 1.0. Cosine similarity is computed within the
selected support at each decoding step and then averaged across steps. The approximately matched Min-p controls
are calibrated on independent prompts. Accuracy reports the mean + sample standard deviation over three seeds.

Table 14: Accuracy and diversity comparison under different temperatures. Diversity Avg. is computed by first
min-max normalizing Distinct-1, Distinct-2, and 1 — Self-BLEU within each temperature, and then averaging the
three normalized scores.

T Method Acc T Distinct-171 Distinct-2 T 1 — Self-BLEU 1 Diversity Avg. 1
Top-p 0.8484  0.0050 0.0695 0.2570 0.9842
Min-p 0.8596  0.0050 0.0705 0.2595 1.0000
p-less 0.8906  0.0046 0.0445 0.0607 0.1012

10 Top-H 0.8832  0.0045 0.0418 0.0614 0.0043
Top-W 0.8996  0.0049 0.0480 0.0686 0.3550
ME-Decoding (A = 0.9) 0.9030  0.0049 0.0472 0.0588 0.3294
ME-Decoding (A = 0.8) 0.9008 0.0049 0.0504 0.0813 0.4039
ME-Decoding (A = 0.7) 0.9024  0.0049 0.0528 0.1014 0.4652
Top-p 0.6794  0.0224 0.1503 0.4136 1.0000
Min-p 0.7802  0.0054 0.0849 0.3421 0.3884
p-less 0.8682  0.0046 0.0546 0.1464 0.0783

L5 Top-H 0.8224  0.0047 0.0585 0.1974 0.1434
Top-W 0.8982  0.0049 0.0542 0.1148 0.0516
ME-Decoding (A = 0.9) 0.9026  0.0052 0.0526 0.0735 0.0112
ME-Decoding (A = 0.8) 0.9058 0.0051 0.0564 0.1046 0.0528
ME-Decoding (A = 0.7) 0.8996  0.0053 0.0592 0.1268 0.0879
Top-p 0.1886  0.2494 0.7750 0.9054 1.0000
Min-p 0.6600  0.0068 0.1122 0.4487 0.1833
p-less 0.8128 0.0049 0.0659 0.2454 0.0786

20 Top-H 0.7394  0.0053 0.0784 0.3209 0.1149
Top-W 0.8906  0.0047 0.0543 0.1397 0.0310
ME-Decoding (A = 0.9) 0.9068 0.0050 0.0499 0.0668 0.0004
ME-Decoding (A = 0.8) 0.9036  0.0051 0.0553 0.0959 0.0146
ME-Decoding (A = 0.7) 0.9034  0.0052 0.0573 0.1187 0.0247
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Judge Method AlpacaEval (%) MT-Bench
Top-p 13.04£2.07  6.34+0.89
Min-p 1414+ 0.60  6.86+0.41
Top-H 1436 £0.58  6.88+0.33

DeepSeek-Va-Pro 1o 143340.07  6.94+0.11
Top-W 14.1440.04  7.08+0.02
ME-Decoding  14.80 + 0.30  7.17 + 0.03
Top-H 948+£078  5.42+0.23
p-less 1018+ 0.24  5.54+0.05

GLM-5.2 Top-W 10114020  5.58+0.03
ME-Decoding  10.63+0.16  5.64 + 0.01

Table 15: Open-ended evaluation under two automatic judges. Results average temperature-level aggregates over
three generation runs.

Judge Baseline A AlpacaEval (pp) 95% CI A MT-Bench 95% CI
Top-W +0.656 [0.320, 0.980] +0.092 [0.018,0.169]

DeepSeek-V4-Pro  p-less +0.469 [0.115,0.810] +0.234 [0.158,0.305]
Top-H +0.440 [0.076,0.799] +0.297 [0.221,0.373]
Top-W +0.529 [0.239,0.819] +0.069 [0.018,0.120]

GLM-5.2 p-less +0.456 [0.138,0.782] +0.107 [0.052,0.163]
Top-H +1.157 [0.824,1.481] +0.221 [0.162,0.281]

Table 16: Paired-bootstrap gains of ME-Decoding. Resampling preserves

generation-run matching.

prompt, model, temperature, and
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Figure 5: Detailed instruction-following and chat performance across temperatures. Top: MT-Bench judge scores.
Bottom: AlpacaEval candidate win-rate. Results are reported for three instruction-tuned models and aggregated
over 3 runs.
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Qwen3-4B-Inst. | Phi-4-mini-Inst. | Mistral-7B-Inst. |
Method T =10 T =15 T =20 ‘ T=10 T=15 T=20 ‘ T=10 T=15 T=20 ‘ Avg.

Min-p 8.71 8.73 8.51 6.19 5.63 4.61 6.69 6.55 6.10 6.86
Top-p 8.76 8.69 8.47 5.79 4.85 2.37 6.63 6.27 5.19 6.34
p-less 8.70 8.62 8.75 591 591 5.15 6.42 6.47 6.53 6.94
Top-H 8.70 8.65 8.62 5.97 5.79 4.63 6.59 6.70 6.25 6.88
Top-W 8.62 8.72 8.64 6.12 5.96 6.16 6.44 6.55 6.51 7.08
Ours 8.84 8.76 8.87 5.93 5.94 6.05 6.78 6.72 6.68 7.17

Table 17: Detailed MT-Bench judge scores. Results are reported across three instruction-tuned models and three
temperatures, aggregated over 3 runs. The Avg. column gives the unweighted average over all model-temperature
combinations. Best results are shown in bold, and second-best results are underlined.

Qwen3-4B-Inst. | Phi-4-mini-Inst. | Mistral-7B-Inst. |
Method T=10 T=15 T=20|T=10 T=15 T=20|T=10 T=15 T=20]| Avg
Min-p 31.72 31.21 29.80 2.90 2.69 1.82 9.17 9.13 8.78 14.14
Top-p 32.08 31.28 27.00 2.73 2.40 0.17 8.43 8.49 4.82 13.04
p-less 31.93 31.68 32.09 2.73 2.94 2.65 8.30 8.59 8.05 14.33
Top-H 32.85 32.23 30.45 2.73 3.02 2.15 8.49 8.84 8.47 14.36
Top-W 32.26 32.05 31.76 2.61 2.57 2.32 7.56 7.95 8.22 14.14
Ours 34.00 31.93 33.42 2.90 3.31 2.65 8.36 8.20 8.43 14.80

Table 18: Detailed AlpacaEval candidate win-rate (%). Results are reported across three instruction-tuned models
and three temperatures, aggregated over 3 runs. The Avg. column gives the unweighted average over all model-
temperature combinations. Best results are shown in bold, and second-best results are underlined.

Rank by Model and Temperature
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Figure 6: Detailed average-rank comparison on open-ended generation benchmarks. The heatmap reports the rank
of each decoding method under each model-temperature setting, averaged over AlpacaEval and MT-Bench.
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