ShorterBetter: Guiding Reasoning Models to Find Optimal
Inference Length for Efficient Reasoning
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Background & Contributions

Large reasoning models (LRMs, e.g. OpenAl O1 models)
have shown 1impressive performance in complicated bench-
marks 1n math, programming, logic, etc.

¥ However, LRMs exhibit overthinking phenomenon that
both (1) 1s computationally inefficient, and (2) hurts
performance (see below analysis).

We propose ShorterBetter, a novel reinforcement learn-
ing method that guides reasoning model to autonomously
learn 1ts optimal reasoning lengths.

‘lll We introduce novel reasoning trace analysis methods to
- demonstrate how ShorterBetter enhances reasoning
efficiency.

Efficient Reasoning

Overthinking

Source: [Su et al. 2025]
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First, the user asked: "What is 1 + 1?" That's a very basic math question. |
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As an Al, | should respond accurately and helpfully. Since this is

straightforward, | can answer directly. But | should also be engaging and not
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just robotic. Maybe | can add a bit of context or humor to make it interesting,
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Existing Methods

For a comprehensive review, see : [Qu et al. 2025]

&: explicit thinking budgets

Qwen Gemini :

|
1 o

4+ &2 Thinking ~ | @ Search Thinking : @ Requ1res manual
- control

Thinking budget Thinking mode Q :

Control the maximum length of thinking. o :

Set thinking budaet N Does not adapt to the
B ¢ et thinking budge
o : prompt/problem

I [}

38,912 tokens ﬂ 8192 : dlfﬁculty
|

E: use reference models @ Requires external

Reward Function o1-rruner [Luo et al. 2025] reference model

*+" The target LLM it-self

Jingyang Yi!" | Jiazheng Wang!”, Sida Li!

A Theoretical Framework to Model Optimal Inference Length

» For a prompt x;, let y = (y!,...,y") be sampled auto-regressively from
LLM,ie.,y~ pg(-|x;), with £(y) := ¢ be its length.

» Lety; be the reference response for x; and .# be a verifier that assigns
a correctness score s »(y,y’) € |0, 1] (higher better).

» Let c > 0 be a correctness threshold and € > 0 be probability thresh-
old, the optimal reasoning length (OL) is defined as

U ¢(xi30) :==min{l(y) : y € . ¢(xi;0)},
where

Yee(xi50) :={y:pe(y| xi) > € A s2(3,57) > c}.

» Interpretation: /; .(x;; 6) represents the minimal length at which the
model reliably (probability above €) produces a sufficiently correct
(score above c) response.
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Correctness reward

where a, B are hyperpar,
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Optimal Length & Sample Optimal Lengh

A Practical Implementation of Sample-based Optimal Length

» For a prompt x;, the LLM samples m rollouts of candidate responses
G(Xi) — {yl y Y2y ,Yn}-

» We then define the sample optimal length (SOL) for G(x;) as:

£(y;)

if at least one correct response exists

otherwise

» The corresponding reward function for y; is:

r(y;) = a-1(y; =yf)— B [£(y;) — €°(G(x))|,
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m To find the acute angle between two lines,
we can use the formula tan6 = |(s; — s1)/(1 + s2 - 51)| >

What is the degree measure

...50 the final answer is 4

5°

of the acute angle formed by

lines with slopes 2 and 1/3?

...we finally have

arctan(2)=63°

Let me recall the trick to solve this problem
type. Start by checking intersection...

45

Here is a concise way to find the angle...
...and we easily obtain the result: |45°
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Compare performance of 7B-
scale models across diverse
benchmarks:

Metrics: Report both accuracy
and output length.

Models:
e DeepSeek-R1-Distill-Qwen-7B

e Qwen2.5-7B-Instruct (non-
reasoning baseline)

e ShorterBetter-7B with a =2

e Training Efficient-7B (Arora &
Zanette, 2025)

e O1-Pruner (Luo et al., 2025a)
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Exploring Alternatives

& Breakdown of Reasoning

Math Olympiad Minerva
( Output Length after First Iraces:
Correct Answer:
ShorterBetter generates 15—20%
fewer tokens after the first correct
answer, indicating less redundant

self-verification compared to the
DeepSeek-Distill model.

ShorterBetter produces more
concise, solution-driven
reasoning by increasing pivotal
steps and productive
calculations, while reducing
filler, self-corrections, and
exploratory detours.
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Training Steps

I, Naively adopting shortest response length destabilizes training

@ Sample Optimal Length (SOL) balances correctness and conciseness
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