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Abstract 

We explore different aspects of improving inference efficiency for reasoning LLMs. In particular, 
we study the impact of reasoning budgets, guided decoding and controlled steering on the 
accuracy of reasoning LLMs. Our approach is called AutoThink and it consists of two parts – a 
query complexity classifier which determines the number of reasoning tokens we allow during 
inference before generating the final response, and a dataset of control vectors we use to steer 
the response during inference. We derive the dataset of control vectors from pivotal tokens for 
the LLM that are discovered using a search procedure over the distribution of responses 
generated by the LLM on a calibration dataset. Our findings show that AutoThink can reduce the 
average number of output tokens by 55% while improving accuracy by 43% on GPQA-Diamond. 
Our implementation is open-source and available at https://github.com/codelion/optillm.  

Introduction 

Large language models (LLMs) have demonstrated remarkable reasoning capabilities, 
particularly when guided to "think step by step" or produce chains of thought [2,12,15]. However, 
these reasoning processes often generate excessive tokens, leading to computational 
inefficiency and occasionally producing redundant or even harmful content [7,8,9]. The 
challenge of optimizing inference for reasoning models has become increasingly important as 
LLMs are deployed in resource-constrained environments and time-sensitive applications. 

This paper introduces AutoThink, a novel approach to improving inference efficiency for 
reasoning LLMs. AutoThink addresses two critical aspects of efficient reasoning: determining 
the appropriate reasoning budget and steering the model toward more effective reasoning 
paths. Our approach comprises two key components: 

1.​ A query complexity classifier that dynamically determines the optimal number of 
reasoning tokens before generating the final response. 

2.​ A dataset of control vectors derived from pivotal tokens that steer the response during 
inference. 

https://github.com/codelion/optillm


 
 

Our experiments demonstrate that AutoThink significantly reduces the average number of 
output tokens while simultaneously improving accuracy on challenging reasoning tasks. The 
implementation is open-source and available at https://github.com/codelion/optillm. 

Related Work 
There have been a number of papers recently that address the issue of improving accuracy of 
reasoning LLMs [20,21] using inference time techniques. In this section, we briefly review most 
closely related papers, doing a more detailed survey on the topic is beyond the scope of this 
work. 

Reasoning Capabilities in LLMs 

Recent work has focused on enhancing reasoning capabilities in LLMs through techniques like 
reinforcement learning from human feedback (RLHF) [1,2]. DeepSeek-R1 [2] has shown how 
reinforcement learning can incentivize reasoning behavior in LLMs. However, Yang et al. [1] 
question whether RLHF genuinely improves reasoning or merely optimizes for surface-level 
patterns that mimic reasoning. 

Inference Optimization 

Several approaches aim to optimize inference efficiency for LLMs. Test-time scaling [3] provides 
a simple yet effective method for improving model performance without retraining. Sharma [5] 
developed optiLLM, a framework for optimizing inference proxies for LLMs, showing significant 
performance improvements on diverse tasks [4,10]. 

Thinking Efficiency in LLMs 

Recent research has identified both "overthinking" and "underthinking" issues in LLMs [7,8,22]. 
Models like o1 have been observed to exhibit underthinking, where they rush to conclusions 
without sufficient deliberation [7]. Conversely, other studies have identified overthinking, where 
models generate excessive tokens that don't contribute to improved reasoning [8]. 

ThinkPrune [9] and LightThinker [13] address this by pruning redundant reasoning steps. Yu et 
al. [14] propose inference-aware optimization to achieve adaptive reasoning, while Ma et al. [15] 
question whether explicit reasoning is necessary at all. Lin et al. [16] introduce "sleep-time 
compute" as an alternative to traditional inference scaling. 

Token Budget Approaches 

Han et al. [17] propose token-budget-aware reasoning for LLMs, demonstrating that strategic 
allocation of token budgets can improve efficiency. Similarly, Chuang et al. [18,19] explore 
confidence-based routing of LLMs to optimize resource allocation during inference. 

https://github.com/codelion/optillm


 
 

Model Steering and Control 

Recent advances in model steering and control [23,24] provide mechanisms for guiding LLM 
outputs. Konen et al. [23] introduced style vectors for steering generative LLMs, while Im and Li 
[24] offer a unified understanding and evaluation of steering methods. These approaches inform 
our development of control vectors for guiding reasoning paths. 

Methodology 

AutoThink is designed to optimize inference efficiency while maintaining or improving reasoning 
accuracy. The system operates in two phases: a preprocessing phase and an inference phase 
(Figure 1). 

 

In the preprocessing phase: 

1.​ We collect a calibration dataset of query-response pairs. 
2.​ We conduct a search procedure to identify pivotal tokens that influence reasoning 

quality. 
3.​ We derive control vectors from these pivotal tokens. 
4.​ We train a query complexity classifier on the calibration dataset. 



 
 

During inference: 

1.​ The query complexity classifier determines the appropriate token budget. 
2.​ The control vectors guide the decoding process toward effective reasoning paths. 
3.​ Once the token budget is reached, the model generates the final response. 

Query Complexity Classification 

The query complexity classifier estimates the number of reasoning tokens needed for a given 
query. We formulate this as a regression problem, training a classifier on a calibration dataset 
where each query is associated with the number of tokens in successful reasoning paths. 

The classifier architecture is based on an adaptive classification approach [11], allowing 
continuous learning and adjustment as new data becomes available. We use a pre-trained 
language model as the feature extractor and fine-tune it to predict token budgets. 

The classifier categorizes queries into complexity levels: 

●​ Low complexity: 0-500 tokens 
●​ Medium complexity: 500-1500 tokens 
●​ High complexity: 1500+ tokens 

Pivotal Token Discovery 

Pivotal tokens [25] are those that significantly influence the reasoning path quality. We identify 
these tokens through a search procedure over the distribution of responses generated by the 
LLM on a calibration dataset. For our experiments, we use the optiLLMbench dataset as it 
contains a diverse set of queries from logic, reasoning and math problems. Any other similar 
dataset can be used to discover the pivotal tokens. 

Our pivotal token search algorithm, is open-source and implemented in the 
https://github.com/codelion/pts repository [6], it works as follows: 

1.​ Generate multiple reasoning paths for each query in the calibration dataset. 
2.​ Classify paths as successful or unsuccessful based on accuracy. 
3.​ Compare token distributions between successful and unsuccessful paths. 
4.​ Identify tokens that appear significantly more often in successful paths. 
5.​ Rank tokens by their impact on reasoning quality. 

Control Vector Generation 

From the identified pivotal tokens, we derive control vectors that can steer the model during 
inference. These vectors represent directions in the embedding space that guide the model 
toward more effective reasoning. 

https://huggingface.co/datasets/codelion/optillmbench
https://github.com/codelion/pts


 
 

For each pivotal token, we: 

1.​ Extract its corresponding embedding from the model. 
2.​ Compute the difference between this embedding and the average embedding of 

non-pivotal tokens. 
3.​ Normalize the resulting vector. 
4.​ Store the vector in our control vector dataset. 

During inference, these control vectors are applied selectively based on the query type and 
current decoding state. 

Guided Decoding with Token Budget 

During inference, we implement a guided decoding process with a token budget constraint: 

1.​ The query complexity classifier determines the token budget T for the query. 
2.​ As decoding proceeds, we maintain a counter of tokens generated. 
3.​ At each decoding step, we apply the relevant control vectors to steer the generation. 
4.​ When the token counter reaches T, we signal the model to generate a final answer. 
5.​ The final answer is extracted from the generated text. 

This approach ensures that the model allocates computational resources efficiently while 
maintaining reasoning quality. 

Experimental Setup 

Datasets 

We evaluate AutoThink on two challenging reasoning datasets: 

1.​ GPQA-Diamond: A subset of GPQA focusing on difficult questions requiring advanced 
reasoning. 

2.​ MMLU-Pro: An enhanced version of the MMLU benchmark with more complex 
questions across various domains. 

These datasets were chosen because they require sophisticated reasoning and are sensitive to 
the quality of the reasoning process. 

Models and Baselines 

We use the following model for our experiments: 

●​ DeepSeek-R1-Distill-Qwen-1.5B [2]: A distilled version of DeepSeek-R1, specifically 
designed for reasoning tasks. 



 
 

We compare AutoThink against the following baselines: 

1.​ Vanilla: The base model with recommended temperature (0.6) setting. 
2.​ Fixed Budget: Vanilla with a token budget based on query complexity. 

Evaluation Metrics 

We evaluate our approach using the following metrics: 

1.​ Accuracy: The percentage of correctly answered questions. 
2.​ Token Efficiency: The average number of tokens generated per query. 

Implementation Details 

Our experiments use the following configuration: 

●​ Temperature: 0.6 
●​ Top-p: 0.95 
●​ Maximum query processing time: 600 seconds 
●​ Each experiment is repeated 10 times, and we report the average results. 

The implementation is built on top of the optiILLM framework [5], with extensions for query 
complexity classification and control vector application. 

Results and Analysis 

Performance Comparison 

Table 1 shows the performance comparison between AutoThink and the baselines on 
GPQA-Diamond and MMLU-Pro. 

Table 1: Performance Comparison on GPQA-Diamond and MMLU-Pro 

 
 
 

Method 

GPQA-Diamond MMLU-Pro 

Accuracy (%) Avg. Tokens Accuracy (%) Avg. Tokens 

Vanilla 21.72 7868.26 25.58 2842.75 

Fixed Budget 28.47  3570.00 26.18 1815.67 

AutoThink 31.06 3520.52 26.38 1792.50 



 
 

On GPQA-Diamond, AutoThink achieves a 43% improvement in accuracy over the vanilla 
baseline while reducing the average number of tokens by 55%. We also observe improvements 
on MMLU-Pro, with a 3% accuracy improvement and 37% token reduction. 

Query Complexity Distribution 

Figure 2 shows the distribution of queries across complexity categories as determined by our 
classifier. 

 

For GPQA-Diamond: 

●​ Low complexity: 23% 
●​ Medium complexity: 52% 
●​ High complexity: 25% 

For MMLU-Pro: 

●​ Low complexity: 31% 
●​ Medium complexity: 47% 
●​ High complexity: 22% 



 
 

This distribution highlights the diversity of reasoning requirements across different queries, 
supporting the need for adaptive token budgeting. 

Qualitative Analysis 

We conducted a qualitative analysis of the reasoning paths produced by AutoThink compared to 
the baseline methods. Figure 3 illustrates example outputs for a complex query from 
GPQA-Diamond. 

 



 
 

The analysis reveals that: 

1.​ The vanilla model often produces redundant reasoning steps and sometimes meanders 
without reaching a conclusion. 

2.​ Fixed budget approaches may cut off reasoning prematurely for complex queries. 
3.​ AutoThink produces more focused reasoning paths, targeting the most relevant aspects 

of the problem and efficiently reaching accurate conclusions. 

Discussion 

Efficiency-Accuracy Tradeoff 

Our results demonstrate that the traditional tradeoff between efficiency and accuracy can be 
overcome with appropriate techniques. By dynamically allocating resources based on query 
complexity and steering the model toward effective reasoning paths, AutoThink achieves both 
higher efficiency and better accuracy. 

This challenges the assumption that more computation necessarily leads to better reasoning 
[15]. Instead, we show that strategic allocation of computational resources is more important 
than the total amount of computation. 

Implications for Model Scaling 

The success of AutoThink has implications for model scaling strategies. Rather than simply 
increasing model size or computation, focusing on inference optimization can yield substantial 
improvements in both efficiency and effectiveness [16]. This is particularly relevant for deploying 
reasoning LLMs in resource-constrained environments. 

Limitations and Future Work 

Despite its strong performance, AutoThink has several limitations: 

1.​ The query complexity classifier's effectiveness depends on the quality and diversity of 
the calibration dataset. 

2.​ The pivotal token discovery process is computationally intensive and may need to be 
repeated for different domains or models. 

3.​ The control vectors may not generalize well across substantially different model 
architectures. 

Future work could address these limitations by: 

1.​ Developing more efficient methods for pivotal token discovery. 
2.​ Exploring transfer learning approaches for the query complexity classifier. 



 
 

3.​ Investigating domain-adaptive control vectors that adjust to different application contexts. 
4.​ Extending the approach to multi-modal reasoning tasks. 

Conclusion 
This paper introduced AutoThink, a novel approach to improving inference efficiency for 
reasoning LLMs. By combining query complexity classification and control vector steering, 
AutoThink achieves significant improvements in both efficiency and accuracy on challenging 
reasoning tasks. 

Our results demonstrate a 55% reduction in token generation while improving accuracy by 43% 
on GPQA-Diamond, challenging the notion that more computation necessarily leads to better 
reasoning. The open-source implementation of AutoThink provides a foundation for further 
research and applications in efficient reasoning with LLMs. 

As LLMs continue to be deployed in diverse environments with varying resource constraints, 
approaches like AutoThink that optimize the reasoning process will be increasingly important. 
Future work will focus on improving the generalizability and adaptability of the approach across 
different domains and model architectures. 
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