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Ablation

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

However, LRMs exhibit overthinking phenomenon that 
both (1) is computationally inefficient, and (2) hurts 
performance (see below analysis).
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We propose ShorterBetter, a novel reinforcement learn-
ing method that guides reasoning model to autonomously 
learn its optimal reasoning lengths.

We introduce novel reasoning trace analysis methods to 
demonstrate how ShorterBetter enhances reasoning 
efficiency.
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Overthinking 
Source: [Su et al. 2025]

Existing Methods 
1⃣: explicit thinking budgets

Qwen

2⃣: use reference models

Gemini
Requires manual 
control

😐

Does not adapt to the 
prompt/problem 
difficulty

O1-Pruner: [Luo et al. 2025]Name RL Algorithm On/Off Policy Reward Function

O1-Pruner (2025a) PPO Off-policy Lref

L(y) � 1 + �(S(y)� S(yref ))

Efficient reasoning (2025) PPO On-policy I(S(y) = 1)(1� ↵ · �(L(y)�Mean(L)
STD(L) ))

L1 (2025) GRPO On-policy I(S(y) = 1)� ↵ · |L(y)� Lbudget|

Kimi-1.5 (2025) Online Policy
Mirror Descent

On-policy S(y) +

(
0.5� L(y)�Lmin

Lmax�Lmin
if S(y) = 1

min(0, 0.5� L(y)�Lmin
Lmax�Lmin

) if S(y) = 0

DAST (2025b) SimPO Off-policy
max(�0.5 · L(y)�Lbudget

Lbudget
+ 0.5, 0.1) if S(y) = 1

min(0.9 · L(y)�Lbudget
Lbudget

� 0.1,�0.1) if S(y) = 0

Demystifying (2025) PPO On-Policy

CosFn(L(y), Lmax, r
c
0, r

c
L) if S(y) = 1

CosFn(L(y), Lmax, r
w
0 , r

w
L ) if S(y) = 0

re if L(y) = Lmax

Table 2: Comparison of RL Methods with length reward for Efficient Reasoning. S(y) 2 0, 1 denotes the correctness
of the generated answer and L(y) is the length.

accuracy. Depending on the approach to modeling
reasoning length, we classify current approaches
that leverage RL for efficient reasoning into two
distinct categories, as shown in Figure 7.

5.1 Efficient Reinforcement Learning with
Length Reward

Introducing a length reward alongside the rule-
based reward provides a natural approach to ef-
ficiency. As shown in Table 2, several research ef-
forts have explored the effectiveness of this method.
Some studies establish the generation token bud-
get, by either formulating correlations between task
difficulty and the generation length or specifying
in prompt. DAST (Shen et al., 2025b) introduces
Difficulty-Adaptive Slow-Thinking that empowers
models to modulate CoT length based on prob-
lem complexity autonomously. They first define
a Token Length Budget (TLB) metric, quantify-
ing the difficulty of a problem by its success rate,
then leverage length-aware reward shaping and
length preference optimization to realize DAST.
LCPO (Aggarwal and Welleck, 2025) controls the
length budget by introducing a target length instruc-
tion in the prompt, i.e., “Think for ngold tokens”,
and designs a target-aware length reward that pe-
nalizes the length violation.

Other approaches incorporate the length reward
normalized by a baseline budget. O1-Pruner (Luo

et al., 2025a) designs an efficient fine-tuning
method that begins by estimating the LLM’s base-
line performance through presampling from its ref-
erence model. Different from O1-Pruner, Arora
and Zanette (2025) introduce a length penalty nor-
malized in the per-prompt group. This strategy
encourages the model to produce correct responses
with a minimum amount of tokens while maintain-
ing that correct responses are always preferred over
incorrect ones. Kimi 1.5 technical report (Team
et al., 2025) discusses an observation of the over-
thinking phenomenon and introduces a length re-
ward to restrain the rapid growth of token length.
The length reward they defined is a normalized
length factor compared to the maximum and mini-
mum lengths of the different generated solutions.

Yeo et al. (2025) analyzes RL design choices for
reasoning, revealing that extremely long CoT rea-
soning (approaching context limits) paradoxically
reduces accuracy. Their proposed cosine reward
function provides intuitive guidance - gradually in-
creasing rewards for meaningful reasoning steps
while penalizing excessive length. They also iden-
tify “length hacking”, where models artificially ex-
tend reasoning on difficult questions through repeti-
tion rather than genuine problem-solving, highlight-
ing the challenge of aligning length-based rewards
with actual reasoning quality.
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Correctness rewardLength reward

Requires external 
reference model

💭 The target LLM it-self 
should know its own 
“budget”the best

For a comprehensive review, see : [Qu et al. 2025]
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A Theoretical Framework to Model Optimal Inference Length A Practical Implementation of Sample-based Optimal Length

Correctness reward Length reward

Prompt

What is the degree measure
of the acute angle formed by
lines with slopes 2 and 1/3?

i = 1

i = 2

i = N

To find the acute angle between two lines,
we can use the formula

...so the final answer is 45°

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

...we finally have arctan(2)≈63°

Here is a concise way to find the angle...
...and we easily obtain the result: 45°

728 tokens

644 tokens

417 tokens

sample optimal length

GRPO

Reward

R = 0.6

R = -0.3

R = 1.0
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Compare performance of 7B-
scale models across diverse 
benchmarks: 
Metrics: Report both accuracy 
and output length. 
Models: 

• DeepSeek-R1-Distill-Qwen-7B 

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

• ShorterBetter-7B with α = 2 

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

• O1-Pruner (Luo et al., 2025a)

🔍 Output Length after First 
Correct Answer:
ShorterBetter generates 15–20% 
fewer tokens after the first correct 
answer, indicating less redundant 
self-verification compared to the 
DeepSeek-Distill model.

🧠 Breakdown of Reasoning 
Traces:
ShorterBetter produces more 
concise, solution-driven 
reasoning by increasing pivotal 
steps and productive 
calculations, while reducing 
filler, self-corrections, and 
exploratory detours.

⚠ Naively adopting shortest response length destabilizes training

🎯 Sample Optimal Length (SOL) balances correctness and conciseness
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