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Abstract

Recent studies empirically reveal that large reasoning models (LRMs) can auto-
matically allocate more reasoning strengths (i.e., the number of reasoning tokens)
for harder problems, exhibiting difficulty-awareness for better task performance.
While this automatic reasoning strength allocation phenomenon has been widely
observed, its underlying mechanism remains largely unexplored. To this end, we
provide explanations for this phenomenon from the perspective of model activa-
tions. We find evidence that LRMs pre-plan the reasoning strengths in their
activations even before generation, with this reasoning strength causally con-
trolled by the magnitude of a pre-allocated directional vector. Specifically,
we show that the number of reasoning tokens is predictable solely based on the
question activations using linear probes, indicating that LRMs estimate the re-
quired reasoning strength in advance. We then uncover that LRMs encode this
reasoning strength through a pre-allocated directional vector embedded in the
activations of the model, where the vector’s magnitude modulates the reasoning
strength. Subtracting this vector can lead to reduced reasoning token number
and performance, while adding this vector can lead to increased reasoning token
number and even improved performance. We further reveal that this direction
vector consistently yields positive reasoning length prediction, and it modifies the
logits of end-of-reasoning token </think> to affect the reasoning length. Finally,
we demonstrate two potential applications of our findings: overthinking behavior
detection and enabling efficient reasoning on simple problems. Our work pro-
vides new insights into the internal mechanisms of reasoning in LRMs and offers
practical tools for controlling their reasoning behaviors. Our code is available at
https://github.com/AlphaLab-USTC/LRM-plans-CoT.

1 Introduction

Large reasoning models (LRMs) [1–3] have demonstrated exceptional performance across a variety
of complex reasoning tasks, such as mathematical problem solving [4–6], code generation [7, 8],
and scientific question answering [9]. Here we take a closer look at LRMs’ ability to allocate
reasoning strength commonly quantified by the number of reasoning tokens generated during infer-
ence. Increasing reasoning strength has been shown to substantially improve model performance on

∗An Zhang is the corresponding author.

39th Conference on Neural Information Processing Systems (NeurIPS 2025).

https://github.com/AlphaLab-USTC/LRM-plans-CoT


(a) Reasoning length prediction (b) Activation shift direction (c) Reasoning length manipulation

Figure 1: (1a) The reasoning length is predictable before the generation of the �rst reasoning token.
(1b) The activations of questions shift towards a pre-allocated direction as dif�culty increases. Orange
stars denote mean activations of different dif�culty levels. (1c) Steering activations of LRMs with this
direction vector can causally affect the reasoning token numbers, thereby affecting the performance.

complex reasoning tasks [2, 10]. As a result, it has emerged as a critical factor for both performance
optimization and controllable model behavior [11–13].

Recent �ndings have revealed two key properties of reasoning strength in LRMs: it can be auto-
matically allocated based on problem dif�culty [1, 14, 2, 15] and it can be manually controlled
through intervention [16–20]. On the one hand, LRMs tend to allocate more reasoning tokens to
harder questions, re�ecting an implicit adaptation to task complexity [12, 21–24]. On the other hand,
reasoning strength can also be explicitly manipulated by prompting a desired length, typically enabled
through supervised �ne-tuning (SFT) [17] or reinforcement learning (RL) [16] with strength-aware
objectives. These empirical observations suggest that LRMs may have automatic and controllable
mechanisms for reasoning strength modulation. However, the underlying nature and internal structure
of these mechanisms remain largely unexplored.

To �ll this research gap, we investigate the underlying mechanism of reasoning strength in LRMs
by asking two key questions: (1) Do LRMs pre-plan their reasoning strength before generation?
(2) If so, in what form is this control encoded in advance? We approach these questions from the
perspective of model activations — that is, how the activations (i.e., latent representations of the
question prompt) vary in response to different levels of reasoning strength. For the �rst, we examine
whether the number of reasoning tokens can be predicted solely from the activations corresponding
to the input question. For the second, we explore how LRMs encode pre-allocation signals within
activations that modulate reasoning strength. Speci�cally, we employ a linear probe to predict the
reasoning token count from question activations, and further extract a pre-allocated direction vector
(i.e.,pre-allocation vector), such that manipulating this vector within the activation space enables
control over the reasoning strength. Positive �ndings would indicate that LRMs plan reasoning
strength ahead of generation through speci�c pre-allocated activations.

Here we conduct preliminary experiments using DeepSeek-R1-distilled-Qwen on the MATH [5]
dataset, which contains math questions across �ve dif�culty levels. As visualized in Figure 1, we
summarize three key empirical �ndings from the activation distribution of the LRM:

� Figure 1a shows that a well-trained linear predictor can estimate the number of reasoning tokens
from input activations, achieving a correlation of 0.84 between predicted and actual values. This
result indicates that the number of reasoning tokens is predictable prior to generation, suggesting
that LRMs pre-plan their reasoning strength in advance.

� As the question dif�culty increases, activations consistently shift in a shared direction, as Figure
1b depicts. The activations of math problems exhibit a consistent trend shifting towards the
same direction. Speci�cally, mean difference vectors between high- and low-dif�culty questions
consistently point in a similar direction, with magnitudes that correlate with question dif�culty.

� As shown in Figure 1c, manipulating activations along this direction vector — with varying
magnitudes — causally modulates reasoning strength, leading to corresponding changes in LRM
performance on reasoning tasks.
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These �ndings suggest that LRMs pre-plan their reasoning strength through pre-allocating a direction
vector, whose magnitude encodes the intended strength. To further investigate, we show that this
direction vector consistently produces positive predictions of reasoning token numbers, closely
aligning with actual values. Moreover, we observe that manipulating activations along this direction
in�uences the logit of the end-of-reasoning token</think> , indicating a causal role in terminating
the reasoning process. Based on these �ndings, we further discover two possible potentials of such
underlying mechanism of reasoning strength: overthink detection with the predictor and ef�cient
reasoning with activation steering [25].

2 Related Works

2.1 Large Reasoning Models

Large reasoning models (LRMs) [2, 1] have recently emerged as a new paradigm of large language
models for complex task solving through step-by-step reasoning [26, 27, 22]. These models conduct
explicit reasoning processes between special tokens of<think> and</think> before producing
�nal answers [10]. Recent studies have shown that LRMs can adaptively allocate reasoning strength
(i.e., the number of reasoning tokens) based on problem dif�culty—they tend to allocate more
reasoning strength to harder questions to improve accuracy [12, 21–23]. Moreover, it is even possible
to specify the reasoning strength via prompting a desired number of reasoning tokens, which can be
realized through post-training with length-aware objectives [16, 17]. These phenomena suggest that
LRMs may possess some underlying mechanisms to plan and control the strength of their reasoning.

2.2 Planning in Language Models

Recent works show that, despite being trained solely on next-token prediction [28], large language
models (LLMs) exhibit certain planning capabilities [29–32]. For example, there is evidence that
LLMs can anticipate future tokens—such as planning rhyme schemes several lines ahead when
composing poems [31]. Moreover, studies have found that models may even pre-plan answer
con�dence levels or the choices in multiple-choice questions [32]. Despite these �ndings, the
underlying mechanisms behind such planning capabilities remain largely unexplored, and it is still
unclear whether similar planning capabilities occur in LRMs. Inspired by these observations, this
work presents the �rst investigation into the reasoning planning capabilities of LRMs, and uncovers
the underlying mechanisms that control such planning.

2.3 Activation Steering with Linear Direction

Activation steering is one research line among the representation learning [33–39]. Recent advances
in mechanism explainability reveal that there exist linear directions inside the activation space of
language models that control speci�c semantical behaviors [40–42]. These directions are typically
derived from activation differences between contrasting semantics, such as refusal versus compliance
in responses [42]. Manipulating directions via activation addition or subtraction enables behavior
modi�cation of language models during inference. It has been evidenced that response style [25,
43, 44], refusal behaviors [42, 45, 46], and memory extraction capabilities [47] have been encoded
in linear directions. Recent studies �nd evidence that by concatenating question prompts with
their corresponding chain-of-thought (CoT) answers and computing activation differences between
responses of varying reasoning token numbers, it is possible to identify linear directions that control
the length of reasoning [19, 48, 49]. In this work, we take an important step further, by demonstrating
that such directions have been pre-allocated by LRMs upon observing the question for reasoning
strength control, even before generating the answer.

3 Reasoning Strength in LRMs is Pre-Planned

In this section, we explore the hypothesis that LRM plans the reasoning strength (e.g.,the length of
the reasoning process) even before the beginning of the reasoning process [41, 32]. We use linear
probing to test this hypothesis [50, 41, 51, 32], predicting the length of reasoning with the activations
of the question solely. A good probing result will support our hypothesis [50].
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(a) R1-Distill-Qwen-1.5B (b) R1-Distill-Qwen-7B (c) QwQ-32B
Figure 2: Layer-wise linear regression results

3.1 Experimental Setup

Linear probing. For each question, we extract thed-dimentional residual stream activationh ( l ) 2 Rd

at the position of the start-of-reasoning<think> token, and aim to predict the subsequent reasoning
token numbery 2 R using a linear regression model based onh ( l ) at each layerl . We calculatey as
the number of tokens between the start-of-reasoning token<think> and the end-of-reasoning token
</think> . Formally, given a dataset ofn samples, we construct an activation matrixH ( l ) 2 Rn � d

where each row corresponds to the activation of one question, and corresponding scalar reasoning
token numberY 2 Rn . We then learn a linear regression functionŶ = H ( l ) W ( l ) + b ( l ) by
minimizing the following regularized loss:

Ŵ ( l ) ; b̂ ( l ) = arg min
W ( l ) ;b ( l )






 Y � (H ( l ) W ( l ) + b ( l ) )
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Equation(3) denotes the Lasso regression [52], whereW ( l ) 2 Rd andb ( l ) 2 R are the learnable
parameters of this linear regression. A regularization term�




 W ( l )






1 is introduced for avoiding
over�tting, where� is a hyperparameter controlling the regularization strength. To implement this
Lasso regression, we use the Python package ofscikit-learn [53]. The illustration and details of
this probing process can be found in Appendix B.

Datasets. We conduct the linear regression experiments on the MATH [5] dataset, where math
questions are divided into �ve groups according to their dif�culty. We randomly split the dataset with
a ratio of 9:1 for training and testing.

Models. We conduct experiments on a wide range of open-source LRMs, including the distilled R1
model series [2] and the QwQ model [3]. The models we evaluate span a variety of scales, ranging
from 1.5B to 32B parameter sizes.

3.2 Results

Based on the linear regression experiments, we have the following observations:

LRMs plan their reasoning strength even before the generation of the �rst reasoning token,
and this planning capability becomes more evident as the layer depth increases.We visualize
the layer-wise prediction results in Figure 2. As shown in this �gure, our linear probe can yield high
prediction results with correlation coef�cients over 0.8 across a range of model sizes and different
model kinds, suggesting that the reasoning strength planning is possibly encoded in the model's
internal activations before the generation of the �rst reasoning token. Moreover, as the layer becomes
deeper, the prediction results become better. This indicates that the reasoning planning capabilities
may be developed in the later layers of these models. The above observations suggest that LRMs
may have the capability of planning the reasoning strength in advance. We provide more similar
experimental results in the Appendix B.

4 LRMs Encode Reasoning Strength via Pre-allocated Direction Vectors

We investigate the underlying mechanism behind this planning capability, given the observation that
LRMs may plan their reasoning strength in advance as revealed above. Speci�cally, inspired by the
emerging phenomenon that linear representations can control speci�c behaviors in language models
[40, 42], we hypothesize that LRMs may modulate their reasoning planning through pre-allocated
direction vectors embedded within their activation space. We organize this section as follows: We
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(a) R1-Distill-Qwen-1.5B (b) R1-Distill-Qwen-7B (c) QwQ-32B
Figure 3: Cosine similarity between pre-allocated vectors across different dif�culties. These vectors
exhibit extremely high cosine similarities, indicating LRMs pre-allocate single direction vector for
distinguishing different question dif�culties.

(a) R1-Distill-Qwen-1.5B (b) R1-Distill-Qwen-7B (c) QwQ-32B

Figure 4: Layer-wise cosine similarities between four pre-allocated vectors

�rst describe how to �nd the existence of such pre-allocated direction vectors using the difference-
in-means approach [54] in Section 4.1. After that, in Section 4.2, we reveal that such pre-allocated
direction vectors are indeed used for planning reasoning strengths, through their causal effects with
activation steering. Then, in Section 4.3, we point out that such pre-allocated direction vectors can be
used for predicting the reasoning strengths with the linear predictors we obtained above. Finally, in
Section 4.4, we uncover that the mechanism of length planning is ultimately achieved by adjusting
the logits of the end-of-think token</think> with such pre-allocated direction vectors.

4.1 Pre-allocated Direction Vectors Exist for Reasoning Strength Planning

In this section, we test the existence of pre-allocated direction vectors (i.e.,pre-allocation vectors) for
reasoning strength control. Motivated by the observation that LRMs automatically allocate longer
reasoning strength for more dif�cult questions, we suspect that LRMs use linear activation directions
for this control. Therefore, we �nd such vectors using the difference-in-means approach between
questions of varying dif�culties.

Difference in Means [54]. The difference-in-means method [54] effectively extracts activation
direction vectors associated with speci�c model behaviors—such as refusal to answer [42]—by
computing the difference between the mean activations associated by two contrasting behaviors of
input data pairs (e.g.,refusal and compliance). In our case, we construct contrasting data pairs with
questions of different dif�culties, since LRMs behave in automatically allocating more reasoning
strengths on harder tasks. In this way, we may isolate direction vectors related speci�cally to
reasoning strength control, by applying the difference-in-means method. Speci�cally, we compute
the difference-in-means vectorr ( l )

i  1 between dif�culty the hardest leveli and easiest level 1 on the
MATH dataset [5] as:

r ( l )
i  1 =

1
jD i j

X

h ( l ) 2D i

h ( l ) �
1

jD1j

X

h ( l ) 2D 1

h ( l ) ; (2)

where the �rst and second terms denote the mean activations at layerl computed over the activation
setsD i andD0, which correspond to math questions of dif�culty leveli and0, respectively. Here,
these activations are also extracted at the start-of-reasoning token<think> position before generation.
By varying the target dif�cultyi from 1 to 5, we can get four such vectors at each layer, namelyr ( l )

5 1,
r ( l )

4 1, r ( l )
3 1, andr ( l )

2 1. These vectors capture the activation shift from a baseline level of dif�culty
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(a) R1-Distill-Qwen-1.5B (b) R1-Distill-Qwen-7B (c) QwQ-32B

Figure 5: L2 norms of four pre-allocated vectors. The norm becomes bigger as the dif�culty increases.

1 to increasingly harder questions. These vectors are pre-allocated since we extract them before
generation. If the LRM plans the reasoning strength via a shared directional vector, then the four
vectors are expected to show a high degree of similarity.

By analyzing these vectors, we have the following �ndings:

� Pre-allocated direction vectors exist for distinguishing questions across different dif�culties,
since all constructed vectors exhibit consistently high cosine similarities across layers.We
visualize the pairwise cosine similarities among the four extracted vectors in Figure 3, which are
taken from the layer with the highest averaged similarity. As shown in these �gures, the vectors
exhibit extremely high directional consistency, with cosine similarities around 0.99. This suggests
that LRMs may utilize a single, shared directional vector to distinguish between questions of
different dif�culty levels. In addition, we present the trend of average cosine similarity across
layers in Figure 4. The results show consistently high similarity scores (i.e., above 0.9), which
further increase with layer depth and approach near 1.0 in the �nal layers.

� The magnitudes of these pre-allocated vectors highly correlate with the required reasoning
token number, showing implicit connections.Given that the extracted four vectors exhibit nearly
identical directions, their magnitudes (i.e., the L2 norm) become the key factor in distinguishing
questions of varying dif�culty. We plot the magnitudes of these four vectors across different
layers in Figure 5. As shown, the vector magnitude increases with question dif�culty, and is
approximately proportional to the average additional reasoning token number required to solve the
question (See more details in Appendix C). This suggests a strong positive correlation between the
pre-allocated vector magnitudes and the reasoning strengths allocated by the model.

4.2 Pre-allocation Vectors Causally Affect the Reasoning Strengths

To further examine whether these direction vectors are used for reasoning strength planning, we
test their causal effect on reasoning strengths via intervention of activation steering [25]. The key
idea of activation steering is to inject direction vectors on the activation of language models, to
test whether such direction vectors can causally affect the model behaviors [25, 42]. We conduct
such activation steering experiments with the average vectorr ( l ) of our extracted four vectors (i.e.,
r ( l ) = 1

4

P 5
i =2 r ( l )

i  1) as:
h ( l )0

 h ( l ) + � r ( l ) ; (3)

whereh ( l ) andh ( l )0
are the original and post-steered activations at layerl , and� is a hyperparameter

controlling the strength of steering. More implementation details can be found in Appendix A. By
varying the steering strength� , we have following observations (See more results in Appendix C.2):

� Such pre-allocated vectors are indeed responsible for the reasoning strength planning, since
steering with extracted vectors will causally affect the reasoning token number.We visualize
in Figure 6 the change in model response length under different steering strengths from -0.2 to 0.2,
with an interval of 0.05. As shown, increasing the negative steering strength progressively decreases
the model's reasoning token numbers, while the length of the �nal answer (i.e., the number of
tokens after the</think> token) remains unaffected. This indicates that the pre-allocated vector
causally controls the planning of the reasoning token number, rather than the answer token number.

� Controlling reasoning strengths with this pre-allocation vector causally affects the perfor-
mance [27, 10, 16].As shown in Figure 6, reducing the model's reasoning token number generally
leads to a drop in performance. This demonstrates that steering with the pre-allocated vector en-
ables a simple yet effective test-time scaling mechanism. Furthermore, applying a positive steering
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(a) R1-Distill-Qwen-1.5B (b) R1-Distill-Qwen-7B (c) QwQ-32B

Figure 6: The causal effect on the reasoning token number and corresponding performance under
different steering strength� . Decreasing the steering strength� consistently reduces the reasoning
token number and corresponding performance.

Table 1: Accuracy% comparison before and after steering across datasets. The performance is bold
if improved after steering, and the absolute improvement is shown as superscripts.

MATH500 AIME2024 OlympiadBench Average

R1-Distill-Qwen-1.5B 82.77 28.33 44.41 51.84
+ Steering 83.00+0 :23 29.58+1 :25 44.67+0 :26 52.42+0 :58

R1-Distill-Qwen-7B 92.17 50.42 58.13 66.91
+ Steering 92.65+0 :48 55.00+4 :58 58.80+0 :67 68.82+1 :91

R1-Distill-Qwen-14B 93.67 61.25 62.19 72.37
+ Steering 94.05+0 :38 67.08+5 :83 63.02+0 :83 74.72+2 :35

R1-Distill-Qwen-32B 94.05 63.75 63.46 73.75
+ Steering 94.67+0 :62 67.50+3 :75 64.11+0 :65 75.43+1 :68

QwQ-32B 95.90 65.42 31.25 64.19
+ Steering 96.03+0 :13 66.67+1 :25 31.25+0 :00 64.65+0 :46

strength can even improve model performance. As shown in Table 1, moderate positive steering
shows potential in enhancing performance across multiple math datasets, including MATH500 [5],
AIME [ 55], and OlympiadBench [56]. However, increasing the steering strength beyond a certain
point does not lead to further gains, and may even degrade performance. We attribute this to the
possible intelligence upper bound of such LRMs. More results are in the Appendix C.2.

4.3 Pre-allocation Vectors Yield Positive Reasoning Token Number Prediction

In this section, we discuss the connection between the reasoning token number predictor and these
pre-allocated vectors we obtained. We reveal that these vectors tend to generate positive reasoning
token number predictions, further proving their role in the reasoning strength control. Speci�cally, we
can estimate the effect of these vectors with the linear predictor we obtained in Section 3 as follows:

ŷ ( l ) = r ( l ) Ŵ ( l ) + b̂ ( l ) : (4)

The pre-allocation vectors yield positive reasoning token number predictions in most cases.We
visualize the predicted reasoning token number across layers when applying the steering vector with
a multiplier of 0.2 in Figure 7. The average prediction (i.e.,ŷ ( l ) ) shows a consistent positive trend,
indicating that the steering vector reliably adjusts the reasoning length. Moreover,ŷ ( l ) aligns well
with the actual causal changes shown in Figure 6, highlighting a strong link between regression
predictions and the steering-induced effects, thus reinforcing the vector's role in reasoning strength
planning. More similar results are in Appendix C.3.

4.4 Pre-allocation Vectors Control Reasoning Strengths by Modifying Logits of</think>

To study how such pre-allocated vectors affect the reasoning strength, we take one possible perspective:
the impact on the logits of the end-of-reasoning token</think> . We have the following �ndings:

These pre-allocation vectors control the reasoning strength by modifying the logits of the end-
of-reasoning token</think> . We visualize the distribution of logits for the</think> token under
different steering strengths in Figure 8. As shown, applying a negative steering strength results in an
overall increase in the logits of the</think> token, indicating a higher likelihood of its occurrence,
which leads to fewer reasoning tokens. Conversely, positive steering strength decreases the logits of
the</think> token, reducing the likelihood of generating this token, which leads to more reasoning
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