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Current samplers: from rank to entropy
Probability-driven rules: each picks a different signal — rank, mass, or entropy.

Greedy
𝑎𝑟𝑔𝑚𝑎𝑥𝑖𝑝𝑖  : one-token confidence

No crop to tune:
always take the highest-probability token.

Top−𝒌
𝑻𝒐𝒑𝒌 𝒑 : rank cutoff

keep the k highest-probability 
tokens, Fixed width; simple but 

ignores confidence and distribution 
shape.

Min−𝒑
𝑝𝑖 ≥ 𝑝𝑏𝑎𝑠𝑒 ∗ 𝑝max: adds confidence

Adaptive threshold tied to the leading 
token; one scalar can miss uncertainty 

shape.

Top−𝑯

considers distribution uncertainty

max
𝑆

Γ𝑆 𝑠. 𝑡. 𝐻 𝑞 ≤ 𝛼𝐻 𝑝

determine a subset 𝑆 ⊂ 𝑉 from which 
the next token will be sampled

Γ𝑆 = ෍

𝑖

𝑝𝑖 1𝑣𝑖∈𝑆 ,  𝑞𝑖 = ቐ

𝑝𝑖

Γ𝑆
 𝑣𝑖 ∈ 𝑆

 0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

What's missing?
All four samplers only see probability.

Duplicates count twice.
answer / solution / reply crowd the crop and 
starve other meanings.

Distinct ideas dropped.
a plausible proof or derivation falls just below the 
threshold and is lost.

No notion of distance.
the crop can't tell whether removed mass moved 
0.1 or 10 in embedding space.

Next:

read probability, but also ask how far the dropped 
mass had to travel — Top-W.

The cost: repetition, mode collapse, and lost 
diversity — even when temperature is raised.



Why Top−𝑾 changes the crop
Probability-only looks only at 𝒑𝒊. Top−𝑾 still respects 𝒑𝒊, but also asks whether dropped tokens are 

nearby in embedding space.

Probability-only crop
top tokens can all come from one family

Top−𝑾 crop
geometry can keep coverage across families

same probabilities

answer 0.18 kept

solution 0.14 kept

reply 0.12 kept

result 0.10 kept

proof 0.06 drop

reason 0.04 drop

embedding geometry

answer family proof family

answer

solution

reply

result

proof

derive

reason

same probabilities

answer 0.18 kept

solution 0.14 drop

reply 0.12 drop

result 0.10 drop

proof 0.06 kept

reason 0.04 drop

embedding geometry

answer family

Only probability matters, so answer / solution / reply / result 
can crowd the crop.

Nearby neighbors are cheaper to drop; a distant proof-family 
token can stay.

answer

solution

reply

result

proof

derive

reason

proof family



Top−𝑾 : Optimization problem

Top-W objective:
min

𝑆
𝑭𝝀,𝜷 𝑺 = min

𝑆
𝑾𝟏 𝒑, 𝒒𝑺 + 𝝀𝑯 𝒒𝑺 − 𝜷 log 𝚪𝑺 

𝑾𝟏 𝒑, 𝒒𝑺 : Geometry cost

Cost of moving dropped mass in token-
embedding space.

Small when dropped tokens are near the 
kept ones — preserves meaning.

𝝀𝑯 𝒒𝑺 : Diversity

Entropy of the renormalized kept set.

λ controls sharpness vs. spread of the crop.

−𝜷 log 𝚪𝑺 : Mass reward

Reward for keeping more probability 
mass 𝚪𝑺.

𝜷 controls how aggressive the truncation 
is.

What we prove  →  what we get

Optimal crop = a prefix sorted by  𝝓ᵢ =  𝒇ᵢ +  𝝀 log 𝒑ᵢ   (Theorem 3.4) O(n) prefix scan



Top−𝑾 : what the algorithm changes
Top-W reads probability and embedding geometry — keeps tokens that span distinct meanings.

=

answer family proof family

off-track

answer

✓

solution

result

explain

proof

✓

derive reason

story

kept by Top-W dropped  (covered nearby) bubble size  ∝ probability

1
Score each token

𝝓ᵢ =  𝒇ᵢ +  𝝀 log 𝒑ᵢ
f = embedding-distance term;  p = probability.

2
Keep the top prefix

Sort tokens by 𝝓ᵢ, the optimal subset, 
i.e., crop S★ is a prefix  (Thm 3.4).

3
Sample as usual

Outside S★→ −∞ logits; standard 
renormalize and sample inside.

Not a new distribution — a geometry-aware 
crop mask.



Benchmark wins: each block is one setting

winning settings out of 15 tuples of
5 temperatures T ∈ 0.7,1.0,1.5,2.0  ×

 3 models M ∈
𝑄𝑤𝑒𝑛 2.5 3𝐵, 𝐿𝑙𝑎𝑚𝑎 3.1 8𝐵 𝐼𝑛𝑠𝑡, 𝑃ℎ𝑖3 𝑚𝑖𝑛𝑖 𝐼𝑛𝑠𝑡  

GSM8K

GPQA

AlpacaEval

MT-Bench
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Top-W/All
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Higher temperature ⇒ larger Top-W gain (up to 33.7% gain).

Min-p and Top-p collapse as T rises (Top-p drops to single digits on GSM8K at T=2.0); Top-W stays stable across T ∈ {0.5, 0.7, 1.0, 1.5, 2.0}.



Beyond accuracy: judged creative writing
LLM-as-a-judge rubric — diversity, originality, narrative flow, emotional impact, imagery.

C R E A T I V E  W R I T I N G  —  J U D G E  W I N S

12 / 27
(LLM, T, prompt) triplets won by Top-W 
with higher β.

Min-p : 6     Top-p : 5     Top-H : 5

Larger β  →  broader support  →  more 
creative rubric gains.
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Creative-writing rubric wins  (higher-β Top-W)
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