Activation Control for Efficiently Eliciting Long
Chain-of-thought Ability of Language Models

Zekai Zhao*, Qi Liu*, Kun Zhou', Zihan Liu, Yifei Shao, Zhiting Hu, Biwei Huang
University of California, San Diego.
kuzhou@ucsd.edu

Abstract

Despite the remarkable reasoning performance, eliciting the long chain-of-
thought (CoT) ability in large language models (LLMs) typically requires costly
reinforcement learning or supervised fine-tuning on high-quality distilled data.
We investigate the internal mechanisms behind this capability and show that a
small set of high-impact activations in the last few layers, greatly govern the
long-form reasoning attributes, e.g., output length and self-reflection. Through
simply amplifying these activations and adding “wait” tokens, the long CoT ability
can be invoked without training, leading to significantly increased self-reflection
rate and accuracy. In addition, we also find that the activation changes follow
predictable trajectories, i.e., a sharp rise after special tokens and a subsequent
exponential decay. Based on these insights, we introduce a general training-free
activation control technique. It utilizes a few contrastive examples to identify
the relevant activations, and then incorporates simple analytic functions to ad-
just their values at inference time to elicit long CoTs. Extensive experiments
have verified the effectiveness of our methods in efficiently eliciting the long CoT
ability of LLMs and improving the performance. Besides, we further propose
a parameter-efficient fine-tuning method that trains only the last-layer activation
amplification module and a few LoRA layers, outperforming LoRA on reasoning
benchmarks with much fewer parameters. Our code and data are fully public
released at https://github. com/ZekaiZ123/EELo-CoT,

1 Introduction

On the path to artificial general intelligence (AGI), enhancing the reasoning ability of large language
models (LLMs) [} 12} 13} 4] remains to be one of the most important challenges. Techniques like
chain-of-thought (CoT) prompting [15] can elicit good performance on reasoning tasks by prompting
the LLM to generate intermediate reasoning steps. However, in complex reasoning tasks (e.g., math
competition problems), such a way is prone to make mistakes in intermediate steps, finally failing
to reach the accurate answer. Recently, long-CoT models and systems such as OpenAl-ol [3]]
and DeepSeek-R1 [6] have exhibited remarkable performance in solving complex tasks. These
methods can perform human-like slow-thinking behaviors, with quite a few careful deliberation and
self-reflection steps before generating the final answer [6].

To elicit the long CoT ability, existing work relies on either reinforcement learning (RL) on high-
quality instances with proper annotations, or supervised fine-tuning (SFT) on distilled data [[7} 8}, 9].
However, in practice, it is costly to collect enough well-annotated high-quality instances or distilled
data [8]], especially for complex reasoning tasks that humans may also not perform well. Besides, the
RL process is also complicated, and requires expert knowledge to control the training stability and
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effectiveness [[10, [11]. In fact, the key bottleneck comes from the lack of understanding of how the
long CoT ability is elicited in LLMs. Since LLMs have undergone a very long pre-training stage and
then a relatively short post-training stage using RL or SFT, it is possible that the long-CoT ability
already exists in base models [6, [12]. If so, we can efficiently wake up the long-CoT ability when
necessary, and exert influence to achieve more fine-grained controls in base models.

In LLM, activation values of MLP layers play a key role in preserving key information or styles during
inference [13,|14]. Inspired by it, we analyze and compare the activation dynamics in state-of-the-art
LLMs with and without the long-CoT ability during inference on complex reasoning tasks. By tracing
the layer-wise activations, we identify specific positions and patterns that correlate with desirable
CoT traits (e.g., longer and with self-reflection). These activations generally locate in the last few
layers (see Fig.[I). By simply amplifying them and adding the “wait” token, the long CoT ability
can be invoked without training (see Fig.[3). In addition, we also find that the activation changes in
these positions follow predictable patterns, i.e., a sharp rise after the trigger tokens (e.g., wait) and a
subsequent exponential decay (see Fig. [d). Therefore, it is promising to utilize an analytic function to
fit the pattern and mimic the activation to efficiently elicit the long-CoT ability. Based on the above
findings, we propose a training-free activation control approach, to elicit the long-CoT ability in the
inference process. Concretely, we first collect a few pairs of contrast examples about the long-CoT
ability. Then, we use the contrast examples to identify the related activation positions and collect
patterns in the base model. Next, we formulate the pattern of each activation value into a unified
function with few coefficients to control the change tendency and intervention intensity. Based on the
collected patterns, we fit these coefficients, and devise a simple rule that triggers intervention after
encountering special tokens during inference.

Since we do not need to train the LLM and the activation control method only requires using base
models, our approach is general to any LLMs and any datasets for efficiently elicit the long-CoT
ability when necessary. Extensive experiments conducted on complex math and science reasoning
benchmarks have demonstrated the effectiveness of our approach in improving the LLM performance
(see Table [3) with special long-CoT style. We also reveal that the long-CoT related activation
positions become more inactive or even dead in over-posttrained LLM:s.

Furthermore, as we can identify the key activations within the LLM, we also propose a parameter-
efficient fine-tuning method that focuses on automatically learning the activation pattern from
long-CoT related training data. Concretely, we add a rather lightweight learnable amplification
module for the identified activations in the last layer, and add LoRA layers with a low rank in the
former layers, while fixing the parameters of other parameters. In this way, our approach only requires
training much fewer parameters than the existing LoORA method. Experimental results have shown
that our approach can achieve better performance than LoRA. It achieves comparable performance of
full-parameter fine-tuning method, but only trains 1.51% of total parameters.

2 Empirical Analysis on the Activation Patterns of Long CoT Ability

In this section, we empirically analyze the activation patterns underlying the long CoT reasoning
ability, since existing work has shown that activation values can preserve key information of styles
or concepts [13]]. We conduct a series of experiments on state-of-the-art Qwen2.5-7B series LLMs,
and first study (1) the distribution of long-CoT related activations, then test (2) whether activation
intervention can elicit long-CoT ability, finally analyze (3) whether there are predictable dynamic
patterns in activation values during inference.

2.1 Long-CoT Related Activations Distribution Study

We aim to reveal how the key activation values are distributed within an LLLM and the difference
between LLMs with and without the long-CoT ability. We first collect a set of contrastive example
pairs about the long-CoT characteristics, which are fed to the LLM to collect the long-CoT related
activations. Then, we analyze the distribution of the top ones across layers and different LLMs.

Analysis Setup. We conduct the experiments on MATH [[15]], a widely used mathematical reasoning
dataset. For the contrastive example pairs, we consider the following three key characteristics of
long-CoT ability, i.e., longer, with self-reflection, and more accurate. Thus, we build two datasets
that contain positive and negative samples that satisfy and unsatisfy the above features, respectively.
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Concretely, we randomly sample 160 questions from the training set of MATH dataset and generate
CoT responses using two models, i.e., R1-distilled-Qwen-7B [6] and Qwen-2.5-7B-Instruct [16]. As
the former one has acquired the long-CoT ability distilled from DeepSeek-R1 while the last one not,
we sample the positive and negative ones from their responses, respectively. Then, we feed each
question with corresponding positive and negative responses into three LLMs (i.e., R1-distilled-Qwen-
7B, Qwen2.5-7B-Math-base, and Qwen2.5-7B-base), and compute the activation value difference in
all the MLP layers. Finally, we average all the activation value difference, and select the ones with
higher difference (i.e., > 4) as the long-CoT ability related activations.

Finding-1: Long-CoT Activations Mainly Exist in Last Few Layers. As shown in Fig.[I] the
vertical axis indicates the number of activations whose activation values greater than 4. Only very
few long-CoT related activations exist in the former layers, i.e., near zero before the 18-th layer.
After that, the number of long-CoT activations increases in a near-linear tendency, and the last layer
even contains more than 50% long-CoT activations of the LLM. It indicates that the last few layers
contribute more on the long-CoT ability.

Finding-2: Long-CoT LLM Contains More Long-CoT Related Activations. By comparing the
curves of R1-distilled-Qwen-7B with other two LLMs, we can see its long-CoT related activations
are consistently more than the two models. Thus, we have the hypothesis that activation matters in
eliciting the long-CoT ability, and will verify it then.

2.2 Ability Control through Activation Intervention Study

We study whether the related activations found can be used to elicit the long-CoT ability. We adopt a
rather simple way that consistently amplifies the values of these activations and adds “wait” token
during inference, and observe whether the accuracy and self-reflection rate can also increase.

Analysis Setup. We first use the above contrastive example pairs to measure the long-CoT ability
correlation of each activation. Then, we rank all the activations, and select the top-200 ones as the key
activations. For intervention, we use the following amplification factors, i.e., 1.2, 1.4, and 1.6, and
larger factors would cause the generation unstable. In our experiments, we see that only amplifying
the activations can not effectively lead to stable self-reflection action. Thus, we use a simple way
that inserts the “wait” token at the start of the sentence once the last generated sentence contains the
math equation. It serves as a trigger token to force LLMs to perform self-reflection. We visualize the
accuracy and self-reflection rate in the test set of MATH dataset. The self-reflection rate is computed
by computing the percentage of responses that contain special reflection tokens and phrases, e.g.,
“wait” and “let me double check”.

Finding-3: Simple Activation Amplification with Wait Token Insert Induces Long-CoT Reason-
ing. As shown in Fig.[2Jand Fig.[3] amplifying the activation value with the wait token insert strategy
can significantly improve both the self-reflection rate and accuracy. Actually, combining activation
amplification with the insertion of the “wait” token yields greater improvements than using activation
amplification alone. As the Table [T] shown below, while inserting the wait token alone does increase
the self-reflection rate, its effect on accuracy is limited. In contrast, the combination of activation
amplification and wait token insertion leads to a more substantial and consistent improvement in both
accuracy and self-reflection. This supports our claim that the two components are complementary.
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To better show the comparison of the two methods, we randomly select one example in GPQA shown
in Table [0] We can see that although wait-token-only enforces the LLM to perform “self-reflection”,
but the generated contents are just repeating the question. It is just like an imitation of reflection
without thinking. In comparison, with the activation control strategy, the LLM starts to think deeply
and check the correction of the answer in the self-reflection parts.

Table 1: Inference on GPQA benchmark

Model Name Add Wait Token Only Add Token and Activation Values Applied
Qwen 2.5 7B 33.33% Acc 35.86% Acc
Qwen 2.5 Math 7B 32.83% Acc 37.88% Acc

Therefore, it is promising to design a more systematic approach by utilizing the coordination between
wait-token-insertion and activation intervention, to efficiently elicit long-CoT ability.

2.3 Activation Dynamics Analysis

To help design appropriate trigger token and activation intervention strategies, we further conduct the
qualitative study to analyze the activation dynamics of different LLMs. We aim to find out whether
each activation has a special pattern that can be predictable during inference.

Analysis Setup. For analyzing the activation dynamics, we track the inference-time value changes
of the top-1 activation (found using contrastive example pairs) from Qwen2.5-7B-base, Qwen2.5-
7B-Instruct, and R1-distill-Qwen-7B. We randomly select few questions from MATH test set, and
have seen very similar tendency across them. Thus, we visualize a random one in Fig.[5] Besides, we
also see that the high activation values often appear after the “wait” token during inference. Thus,
we collect the activation values and their relative positions to few special tokens, and then draw the
figure to visualize the different activation change tendencies around different special tokens.

Finding-4: Base and Long-CoT Models Exhibit Similar Sparse Activation Dynamics. As
shown in Fig.[d] the top-1 activation of the two LLMs is activated with a very sparse pattern during
inference. It is mostly near zero value, but activated into a relatively high value in special positions
(e.g., “wait” token). We see that the high-value positions of the two LLMs are mostly the same ones,
and the corresponding values are also very similar. It indicates that the base and long-CoT models
have similar sparse activation dynamics.

Based on the above findings, it is promising to use the base LLM itself to predict the long-CoT related
activations.

Finding-5: Instruct Model Activations are Very Inactive. As shown in Fig.[f] the activations of
the instruct model are mostly near zero. In contrast to the base model, it is very inactive and even
like “dead” activations. A possible reason is that these activations have been biased after learning
large-scale short instructions in the post-training stage. This may make it hard for the LLM to adapt to
this new reasoning pattern, as shown by other attempts to elicit the long-CoT ability of LLMs [17,16].
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Figure 7: The overall framework of the proposed Long-CoT elicitation method. Based on the
identified activations, the left part is the proposed training-free activation control method, and the
right part is the parameter-efficient training method.

Finding-6: Activations around Wait Token Have Predictable Pattern. As shown in Fig.[] the
activation value curves around the common token “the” and digital token “1” both contain very few
changes, while the one of the wait tokens has a rather outstanding sharp rising then falling tendency.
It indicates that the wait token is a special trigger token that the long-CoT LLM has learned for
waking up the activation action. Besides, the falling part of the wait token curve is likely to follow a
logarithmic decay function.

Figure 4 is indeed designed to qualitatively illustrate the contrast in activation values between
reflective triggers (e.g., “wait”) and neutral tokens (e.g., “the”, digits). While the qualitative pattern is
compelling, adding quantitative metrics would strengthen the evidence. Table [2]shows that 1.The
average activation magnitude of long-CoT-related neurons when each token appears. 2.The proportion
of selected neurons that exceed a threshold (e.g., activation > 4) for each token type. As shown, the
“wait” token reliably elicits higher average activation and activates a greater fraction of long-CoT
neurons compared to neutral tokens like “the” or mathematical operators like “equals”. This provides
quantitative confirmation that certain tokens (e.g., “wait”) serve as interpretable triggers for switching
the model into a reflective reasoning mode.

Token | Avg Activation | %>0.4
Wait 0.816 5.3%
The -0.1322 0.0%

Equals 0.116 2.0%

Table 2: Token Activation Statistics

As the above trigger word and activation patterns are very significant, it is promising to design a
function to mimic them for eliciting the long-CoT ability of LLMs.

3 Training-free Activation Control Method

According to our findings in Section[2.1] the activation patterns of long-CoT ability are predictable.
Therefore, it is feasible to efficiently elicit long-CoT reasoning through activation control. In this
section, we develop a training-free activation control method, namely EELo-CoT, and evaluate its
effectiveness on three complex reasoning tasks.



3.1 Methodology

Our method is composed of the analytic function based activation intervention and the forcing
reflection strategies. Given the LLM, our method only requires few contrastive example pairs to help
fit a function, and then can elicit it to perform long-CoT reasoning when necessary.

Activation Amplification with Analytic Function. According to Finding-6 in Section the
activation values associated with the long-CoT ability follow a distinct logarithmic decay function
(e.g., f(t) = —log(t)). To capture this, we utilize the contrastive example pairs to identify key
activations (following Section [2)), and then collect the value trajectories of all activations across a
fixed token window following the token “Wait”. Next, we use the above data to fit the following
function. Here, we show the computed coefficients of Qwen2.5-7B-base as an example:

f(t)=a—>b-log(t+¢) where a=0.17, b=0.033, ¢ = —0.997 (1

As shown in Fig.[4] this curve can well capture the activation changes of Qwen2.5-7B-base. Based on
it, we further design an activation amplification rule. Let A denote the original activation value of the
LLM at the current token, where ¢ is its relative distance with the trigger token. The new activation
A’ is computed as:

A=A -1+ af(t), @)

where f(¢) produces the reference value of the amplification, and « is the tunable scaling factor.

Forcing Reflection after Reasoning. Based on the above activation intervention strategy, we
devise the forcing reflection strategy to support it, for deliberating the last reasoning step if necessary.
Concretely, we leverage the number of digits in the last sentence as the metric to determine if perform
forcing reflection. Once we detect k& or more digits, we insert a “wait” token in the starting position
of the next sentence. Then, the next sentence will continue to perform self-reflection after the “wait”
token, and meanwhile the analytic function based intervention strategy will also be activated to guide
the LLM.

In our observations, errors frequently arise when the model performs arithmetic near the end of
reasoning chains—precisely where a self-reflection trigger like “wait” can help.

Thus, we adopt a simple trigger strategy: if the last sentence contains more than a threshold number
of digits (e.g. 5), we inject a “wait” token before the next sentence, prompting the model to reconsider
its previous steps.

In addition, we also add a cool-down window setting that temporarily locks down the forcing reflection
strategy in the next four sentences after its execution. Such a way prevents the LLM from repeating
meaningless self-reflection during inference.

3.2 Experimental Settings

We introduce the details of our experimental setting to evaluate the training-free method.

Datasets. We select the following three benchmarks for evaluation:

o MATH [13]: it consists of 500 high-school level math problems across algebra, geometry, calculus,
and number theory.

e AMC23: it consists of problems from the 2023 American Mathematics Competitions (AMC 10 and
AMC 12), covering challenging multi-choice problems designed for high school students.

o GPQA-Diamond [18]]: GPQA benchmark focuses on high-complexity questions. We select the
Diamond split that includes only the most difficult examples.

Baselines. In our results table, the Forcing Reflection row corresponds to the intervention where
only the token "wait" is inserted to encourage reflective reasoning. Constant Intervention represents a
baseline where only a fixed amplification factor is applied to selected neuron activations throughout
the entire reasoning process. Forcing & Constant combines both the reflection-triggering token and
the constant amplification strategy. Finally, Our Rule refers to our proposed intervention method,
which applies a dynamic, activation-based scheduling function along with the token insertion rule to
modulate neuron behavior.



Table 3: The evaluation results of our method using Qwen2-7B-base, Qwen2.5-7B-base, Qwen2.5-
Math-7B-base on Math500, AMC23 and GPQA

Scenarios | Math500 | AMC23 | GPQA
| Ace. Length Reflect| Acc. Length Reflect| Acc. Length Reflect
Qwen2-7B-base 30.80 685.52 3.20 [12.50 795.75 250 [26.77 49435 6.06

+ Forcing Reflection 30.00 1019.13 65.20 [10.00 1029.2 70.00 [26.77 781.29 66.67
+ Constant Intervention |28.60 761.64 340 | 7.50 729.83 7.50 [28.28 48492 5.56
+ Forcing & Constant 29.20 99091 65.00 [20.00 1096.88 80.00 [26.77 856.33 64.65
+ EELo-CoT (Ours) 35.60 938.74 66.20 |20.00 1146.2 77.50 |30.30 774.31 65.15

Qwen2.5-7B-base 69.20 328.20 10.20 |45.00 436.15 7.50 |30.30 457.34 4.04
+ Forcing Reflection 66.00 376.75 47.80 [40.00 613.33 62.50 |33.33 598.06 68.69
+ Constant Intervention |69.20 329.32 11.40 |45.00 488.23 17.50 |33.33 466.95 5.56
+ Forcing & Constant 66.40 384.76 4540 |47.50 583.62 80.00 |31.31 598.22 71.72
+ EELo-CoT (Ours) 73.00 369.25 49.60 |57.50 443.52 70.00 |35.86 585.78 68.18

Qwen2.5-Math-7B-base | 68.00 381.67 73.80 |65.00 547.70 60.00 |33.84 476.88 28.28
+ Forcing Reflection 64.00 42432 88.40 |57.50 549.50 90.00 |32.83 650.62 78.79
+ Constant Intervention |64.20 381.28 71.40 |45.00 583.02 65.00 [33.33 461.90 29.29
+ Forcing & Constant 62.60 41690 90.20 [47.50 639.83 97.50 |34.34 515.15 78.79
+ EELo-CoT (Ours) 76.00 441.00 90.60 |65.00 62550 95.00 |37.88 552.49 78.79

Implementation Details. We randomly sample problems from the MATH training dataset and
generate CoT responses using two models: the R1-distilled Qwen 7B and the Qwen 2.5 7B Instruct.
We filter these into two groups: Group 1: Contains responses that show self-reflection (e.g., “wait”,
“let me double check”), exceed 1000 tokens, and are correct. Group 2: Contains responses with
no self-reflection, shorter than 1000 tokens, and incorrect. After filtering, we obtain 160 matched
question pairs. Each CoT is passed through a model while recording the MLP neuron activations.
We compute the per-neuron activation differences between the two groups. The self-reflection
ratio reflects the presence of self-reflective behaviors in the generated CoTs, which is computed by
matching a curated list of reflective phrases (i.e., “let me double check”, “wait”, “verify”’). We set the
minimum number of digits k in the last sentence to insert “wait” token in the starting position of the
next sentence as 5. The cool-down window setting that temporarily locks down the forcing reflection
is set as 4. The number of activations we used are 150 with amplification factor set as 4.

3.3 Results Analysis

Main Results. The results of our method and baseline in our evaluation are presented in Table 3]
We can observe that our method achieves the highest accuracy on both base models on Math500:
72.00% for Qwen2.5-7B-base and 76.00% for Qwen2.5-7B-Math-base, surpassing constant and
trigger-based interventions by up to 6 percentage points. The self-reflection rate also increases
substantially, reaching 90% with our rule compared to only 10.2% in the original base and 73.8%
in the math-tuned model. Our method balances this with moderately increased output length. On
the AMC23 benchmark, our rule also shows strong gains in reasoning quality. For Qwen2.5-7B-
base, it improves accuracy from 45.00% to 57.50%, and self-reflection from 7.5% to 70.00%. On
the math-tuned variant, our method achieves 65.00% accuracy and the highest reflection rate of
95.00%. GPQA presents a knowledge-intensive challenge. Our rule yields notable improvements,
boosting accuracy from 30.30% to 35.86% on Qwen2.5-7B-base, and from 33.84% to 37.88% on
Qwen2.5-7B-Math-base. In both cases, self-reflection rates increase to nearly 79%, confirming the
rule’s generalizability across reasoning domains.

Applying to Other LLMs. The results of our method and baseline tested on other LLMs are
presented in Table il We can see that Qwen2.5-1.5B-base model achieved an Accuracy of 18.60
% compared to the baseline 15.60 % and at the same time reflection rate increases dramatically
from 0.20% to 23.40%, suggesting that the intervention effectively triggers self-monitoring behavior.
Measured on the GPQA, Accuracy improves from 22.73 % to 28.79 %, showing a consistent positive
effect on complex, knowledge-intensive question answering. Reflection rate increases from 2.53 %
to 34.34 %, again indicating a strong promotion of reflective behaviors, which may correlate with



Table 4: The evaluation results of our method using Qwen2.5-1.5B-base, Qwen2.5-3B-base

. | Math500 | GPQA
Scenarios
| Accuracy Reflection | Accuracy Reflection
Qwen2.5-1.5B-base 15.60 0.20 22.73 2.53
+EELo0-CoT (Ours) | 18.60 23.40 28.79 34.34
Qwen2.5-3B-base 27.80 0.80 27.27 5.05
+EELo-CoT (Ours) | 31.20 33.40 28.28 27.27

improved reasoning depth. Similarly, Qwen2.5-3B-base model achieved higher accuracy than its
baseline 27% and with a much higher reflection rate on Math500 and GPQA respectively.

4 Parameter-efficient Training Method

Since the long-CoT related activations are sparse and predictable, it is feasible to train a lightweight
activation adaptation module specially for controlling these activations. As such a way is straightfor-
ward to learn the key of long-CoT ability, it can be more efficient and effective. In this section, we
develop a parameter-efficient training method, which updates 1.51 % of the total parameters and can
perform better than LoRA (update 6.15 % parameters) and even full-parameter trained models.

4.1 Methodology

In our method, we utilize few contrastive example pairs to help identify the key activations, and then
train the activation amplification module with LoRA layers in the LLM.

Activation Amplification Module. Our activation amplification module is actually a special gate
layer that can amplify the activation value within a certain range. In the typical MLP layer of LLMs,
the activation value is computed by first multiplying the input vector x € R” with a projection matrix
W, € R"*4 and then feeding it into the activation function e.g., ReLU and SiLU.

A(x) = Act(xW,) (3)

On top of this, we incorporate an activation amplifier module that consists of a linear projection
matrix W, € R"*™ and a scaled sigmoid function, where n denotes the number of identified key
activations, i.e., 100. Given the input x, we multiply it with the projection matrix W, and feed it
to the sigmoid function to normalize the value range to [0, 1]. Then, we multiply it with a scale
coefficient /3 to obtain the amplification scale vector for the n activations. Next, we multiply the
original activation values with the corresponding amplification scale in the vector. All the above
modifications can be formulated as the following equation:

A(x) = Act(xW,) @ o(xW,) - 4)

where Act is the activation function and o is the sigmoid function. In this way, this module enables
adaptively control the amplification with the consideration of the input context.

Parameter-efficient Training. During training, we add the activation amplification module in the
last layer, and also add LoRA in other layers. Since our empirical findings have shown that most
long-CoT related activations are in the last few layers, we reduce the rank of the former layer LORA
to 64, while existing work sets the rank to 256 for ensuring the effectiveness [19]. Besides, since
only W, € R"*™ and the scalar (3 in the amplification module are trainable, this module is also more
parameter-efficient than LoRA, i.e., (b x 100 + 1) vs. (h + d) x 256.

4.2 Validation Experiments

Experimental Settings. To verify the effectiveness of our parameter-efficient training method, we
fine-tune Qwen2.5-32B-Instruct on LIMO dataset [20]. LIMO contains 817 carefully curated training
samples and is specifically designed to improve the model’s mathematical and logical reasoning



Table 5: Performance comparison on Math500, AMC23, and GPQA benchmarks. Each benchmark
includes both accuracy and average length.

Method | Yopuan. | Math300 |  AMC23 |  GPQA
| | Accuracy Length | Accuracy Length | Accuracy Length
100 91.60  3642.71 92.50 14170.80 | 69.19  7770.40

Full Finetuning
LoRA
Efficient Fine-tuning (Ours)

6.15 91.60 3952.61| 85.00 1482793 | 66.17 8508.25
1.51 90.20 375420 | 88.75 7077.48 70.02  8593.46

abilities.For implementation, our method was evaluated against both LoRA and full-parameter fine-
tuning baselines. For the LoRA baseline, we set the rank to 256 and the scaling factor o to 512,
applying LoRA to all eligible layers in the model. In contrast, our method adopts a more parameter-
efficient design by using a lower rank of 64 on the first 63 decoder layers. Additionally, we inject an
Activation Amplification Module into the final MLP layer. All original model parameters, except
parameters in LoRA and Amplification Module are frozen. The number of amplified key activations,
n, is set to 100. Our fine-tuning process completed within 8 hours on 8 NVIDIA A100 GPUs.
To ensure a fair comparison, we adhere to the evaluation protocol outlined in previous work [20],
assessing all methods on three benchmarks: AMC23, GPQA, and Math500. Specifically, we use the
pass@1 metric across all benchmarks under a zero-shot chain-of-thought (CoT) setting. For Math500
and GPQA, we evaluate correctness via greedy decoding with a single sample per question. For
AMC23, we generate 16 samples per question with a temperature of 0.7 and compute the unbiased
pass@ 1 metric as proposed by [21]]. In addition to evaluating model accuracy on the benchmarks,
we computed the average response tokens generated by models for each problem, including both the
CoT reasoning process and the final answer. This metric is crucial for assessing inference efficiency.
All evaluations are accelerated using vLLM [22] for efficient inference.

Result Analysis. Our method demonstrates that training only 1.51% of model parameters can
achieve equivalent performance to that of full-parameter fine-tuning across all three benchmarks. This
highlights the sparsity and localization of parameters responsible for complex reasoning behaviors
such as long chain-of-thought (CoT) and self-reflection. This observation challenges the conventional
assumption that large-scale fine-tuning is always necessary to acquire complex reasoning abilities.
Instead, our approach shows that only a small, identifiable set of parameters can elicit long CoT
ability. Although the model is trained solely on a small math-focused dataset, it attains 70.02%
accuracy on the science-oriented GPQA benchmark, outperforming both the LoRA baseline (66.17%)
and full fine-tuning (69.19%). This indicates that the selected activation patterns support reasoning
strategies that generalize beyond the training domain. Moreover, on the AMC23 benchmark, our
method reduces the average number of tokens used during inference by approximately 50%.

5 Related Work

Large Language Models. LLMs have demonstrated remarkable capabilities in a variety of NLP
tasks [23| 124} 25]], and the performance of cutting-edge models (e.g., Gemini, Grok, and Qwen) has
also developed rapidly [26} 27| 28]]. Generally, LLMs are first pre-trained on large-scale unsupervised
corpus, and then fine-tuned on instructions and human alignment data, to better adapt to various
tasks and applications [29, [30]]. To support more complex scenarios in real world, enhancing the
reasoning ability is the key challenge for LLMs [3]. Early work mainly focuses on optimizing
the prompt engineerings such as chain-of-thought and tree-of-thought [} 31], or collect more
reasoning-related data to fine-tune or continual pre-train the model [32} 33} 34} [35] 36]. However,
collecting high-quality reasoning-related data is challenging, due to the difficult nature of reasoning
problems. Other strategies are proposed to utilize tool augmentation [37]], and non-training decoding
optimization [38]], to efficiently improve the reasoning performance. Recent directions from test-time
search strategies [39, 31} 40] to RL-based training [41} 42] have shown that LLMs can be pushed
toward more deliberate reasoning. However, the internal processes that give rise to reasoning ability
are still poorly understood. Several interpretability studies attempt to pinpoint few reasoning-related
neurons [43], or turns to representation-space manipulations to steer coordinated neuron activity [44].



Long Chain-of-thought Ability. Recent “slow-thinking” models, e.g., OpenAl ol [3], DeepSeek-
R1 [6], and QwQ [2] have pushed the frontiers of LLM reasoning. These systems tackle complex
problems by generating long chain-of-thoughts (long CoTs) that integrate planning, verification,
and self-reflection strategies [5]. DeepSeek-R1 have shown that the reasoning proficiency can
surface organically during RL training, e.g., Aha Moment. Even though the reward signal does
not directly favor longer outputs, the models discover that richer, more elaborate chains of thought
improve answer accuracy and therefore yield higher rewards [6]. Based on this finding, a surge of
work optimizes the RL algorithm [45, 46| and collects high-quality data with verifiable rewards for
training [20, 47, 48], achieving remarkable performance on complex tasks like mathematics [49, [50]]
and program synthesis [51, 52]]. Empirically, few work reveals that thousands of expert-checked
supervised examples are sufficient to unlock long-form reasoning [20], and the resulting capability
generalizes well to new tasks even without additional task-specific data [53]. Our work builds on
these insights, but goes deeply to analyze how the long CoT ability is elicited in LLMs.

Activation Dynamics and Interpretability in LLM. A growing body of work aims to open the
“black box” of LLMs by identifying how facts and features are internally represented. Activation
patching methods [54]] selectively intervene activations to see how it affects the output, helping find
which layer and neuron govern the outcome. Based on it, several work [S5] has revealed that certain
middle-layer feed-forward neurons are pivotal for factual predictions, whose activation is highly
correlated with recalling a particular factual item. Subsequent work [56] has taken this further to
efficient knowledge updates. They localize in a small subset of parameters in the mid-layer transformer
blocks, and assert a new factual association while leaving unrelated outputs unaffected. Beyond
factual knowledge, interpretability research [57] indicates that many abstract attributes of model
outputs are tied to specific activation patterns or subspaces, e.g., concepts like truthfulness, humor, or
tone. By projecting activations onto these directions and nudging them, one can increase or decrease
the presence of the corresponding concept [13]. However, the activation patterns underpinning
reasoning processes in LLMs remain largely unexplored. Most interpretability work has focused on
relatively static features (e.g., factual knowledge, sentiment) or small-scale reasoning (e.g., tracing
one inference step). It is also unclear what activation patterns are responsible for long CoT reasoning.

6 Conclusion

In this paper, we conducted extensive experiments to analyze how the long chain-of-thought (CoT)
ability is elicited in LLMs. Our empirical results found that a small set of high-impact activations in
the last few layers greatly contribute to the long CoT ability. By simply amplifying these activations
and adding “wait” tokens, we invoked the long CoT ability with significantly increased length,
self-reflection rate, and accuracy. In our findings, we also saw that the activation changes have
predictable patterns, i.e., a sharp rise after special tokens and then fast decay. Thus, we devised a
general training-free activation control strategy, which can automatically adjust the activation value at
inference time to efficiently elicit long CoT. Concretely, in our approach, we only need few contrastive
examples to identify the relevant activations, and then leverage a simple analytic functions to fit the
activation pattern. Experimental results have shown the effectiveness of our methods in improving
the performance of LLMs and eliciting the long-CoT ability.

In the future, we will apply our method into multimodal LLMs [58]] (e.g., VLM and Video-LLM) and
more complex planning tasks [59] (e.g., visual reasoning and GUI operation). Besides, we will also
test the generalizability of our method in non-transformer architectures (e.g., Mamba [60]).
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: Our main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We discuss the limitation of our work in Section 6.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: Although this paper does not explore theoretical hypotheses or formal proofs,
we propose that certain activations within the FFN layers are responsible for activating the
Long CoT behaviors of LLMs. This claim is supported by the extensive empirical evidence
we provide throughout the paper.

Guidelines:

» The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper. We provide a comprehensive and detailed experimental setup in Section 3

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.
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5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We have made our code and dataset publicly available, along with compre-
hensive instructions to enable easy reproduction of the experimental results reported in our
paper.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not

including code, unless this is central to the contribution (e.g., for a new open-source

benchmark).

The instructions should contain the exact command and environment needed to run to

reproduce the results. See the NeurIPS code and data submission guidelines (https:

//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized

versions (if applicable).

Providing as much information as possible in supplemental material (appended to the

paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: The paper specify all the training and test details (e.g., data splits, hyperparam-
eters, how they were chosen, type of optimizer, etc.) necessary to understand the results in
section 3

Guidelines:

» The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: Our experiments yielded substantial performance improvements that strongly
support our findings. As a result, we did not place emphasis on reporting error bars or
traditional statistical significance measures, since the scale of the observed gains offers clear
and compelling evidence for the effectiveness of our approach.

Guidelines:

* The answer NA means that the paper does not include experiments.
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8.

10.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CIL, if the hypothesis
of Normality of errors is not verified.

 For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: The paper provide sufficient information on the computer resources (type
of compute workers, memory, time of execution) needed to reproduce the experiments in
Appendix.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

18


https://neurips.cc/public/EthicsGuidelines

11.

12.

Justification: When applied as intended and functioning correctly, our methods do not pose
any negative social impacts.

Guidelines:

» The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

 The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: This paper poses no such risks.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We have cited all the papers associated with the datasets and codes used in our
work. And we have obtained the license for their use.

Guidelines:

* The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.
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13.

14.

15.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]
Justification: We have released the code and the detailed documentation to GitHub.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: Our paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: Our paper does not involve crowdsourcing nor research with human subjects.

Guidelines:
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* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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Table 6: The evaluation results of our method using Llama-3.1-8B-base on Math500 and GPQA.
Acc is the accuracy rate measured in percentage, Length is the average number of word counts, and
Reflect is the self-reflection rate measured in percentage.

| Maths00 | GPQA
|Acc. Length Reflect| Acc. Length Reflect

Llama-3.1-8B-base 9.8 7135 0.8 [29.29 769.04 3.03
+ Forcing Reflection 7.6 892.68 44.60 |24.75 999.14 34.85
+ Constant Intervention | 5.0 982.81 12 |26.77 708.55 2.53
+ Forcing & Constant | 3.8 954.97 274 |23.23 802.88 26.26
+ EELo-CoT (Ours) |11.8 783.09 38.40 |30.81 965.46 32.32

Scenarios

Table 7: The evaluation results of our method using Qwen2.5-32B-base on AMC23 and GPQA

Scenarios ‘ AMC23 ‘ GPQA
| Accuracy Reflection | Accuracy Reflection
Qwen2.5-32B-base 45.00 22.50 38.38 3.03

+EELo-CoT (Ours) | 62.50 75.00 40.40 55.56

Technical Appendices and Supplementary Material

A EELo-CoT on Other LLMs

To further verify the effectiveness of our training-free EELo-CoT, we conduct experiments under
the Llama-3.1-8B-base setting. The result is presented in Table. [f] LLaMA-3.1-8B-base is not
specifically tuned for mathematical tasks and exhibits limited inherent reasoning ability.

Consistent with earlier findings, as shown in the Table. E], EELo-CoT outperforms all baselines and
ablation variants across both Math500 and GPQA benchmarks. Specifically, on Math500, EELo-CoT
achieves the highest accuracy 11.8% and a notable self-reflection rate 38.40%. Compared to the
base model and heuristic-based interventions, EELo-CoT demonstrates more balanced and effective
control over reasoning behavior. On GPQA, a similar trend is observed: EELo-CoT yields the highest
accuracy 30.81% and a significantly elevated reflection rate 32.32% compared to the base model
29.29% accuracy and 3.03% reflection rate. Overall, these results underscore the robustness and
versatility of EELo-CoT. Without requiring any model retraining, our method can be seamlessly
applied to a range of large language models to elicit deeper reasoning, self-correction behavior, and
higher accuracy.

B EELo-CoT on Larger LLMs

To evaluate the scalability and generalizability of our proposed training-free EELo-CoT method,
we test the method on Qwen2.5-32B-base model. The result is presented in Table. [/| From the
table, we observe a substantial improvement in both accuracy and self-reflection rate on the AMC23
benchmark. Accuracy improves from 45% to 62.5%, while the reflection rate increases dramatically
from 22.5% to 75%. On GPQA, although the accuracy improves slightly from 38.38% to 40.40%,
the reflection rate sees a significant jump from 3.03% to 55.56%, demonstrating the method’s ability
to elicit reflective reasoning even in knowledge-heavy domains. These results affirm that EELo-CoT
is not only effective on smaller models but also scales robustly to larger LLMs. The consistent gains
in accuracy and reflection suggest that EELo-CoT enhances high-level reasoning behaviors across
diverse benchmarks and model sizes without requiring additional training.

C Visualization of Parameter-efficient Trained Activation

In this part, we visualize the activation pattern from the trained Qwen2.5-32B-instruct model in
Fig. [0l From the figure, the average value of top 100 activations around the "wait" token follow a
similar trend as in the Fig.|8| This trend consistency substantiates the efficacy and robustness of our
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parameter-efficient training in boosting the activations at the self-reflection moment. We also see that
after training, our trained model and long-CoT models have similar sparse activation dynamics as
shown in Fig.[T0] This consolidates our hypothesis when doing Training-free Activation Control in
Section[3l

D Full Activation Vector Transfer

We extracted MLP activation vectors from multiple layers of DeepSeek-R1-Distill-Qwen-7B for
positive and negative pairs, and computed layer-wise activation differences and patched them into a
base model Qwen2.5-7B during inference. (2) Random Neuron Amplification (with wait token): we
randomly selected neurons to amplify, and follow the same other used settings in EELo-CoT.

The result on GPQA dataset is shown in the table below. We can see that both variations perform not
better than our methods. The reason is that our EELo-CoT can better capture the fine-grained main
factors for the long CoT ability, i.e., few activation values. Such a sparse intervention way reduces
the influence of other confounders and also guarantees the strength of controlling.

Table 8: Model Performance Comparison

Model Name Accuracy Length (words) Self-reflection
Qwen 2.5 7B baseline 30.30% 457.34 4.04%
Qwen 2.5 7B + Full Activation Tracing 33.33% 592.08 73.74%
Qwen 2.5 7B + Random Neuron 27.78% 535.12 48.38%
Qwen 2.5 7B + Ours 35.86% 585.78 68.18%

E Case Study

To better illustrate the effectiveness of our proposed training-free EELo-CoT, we present the case
study on Math500 dataset in Table.[I0] In this case, we can observe that before applying the ELLo-
CoT, Qwen2.5-7B-base model did not verify its own outputs’ correctness nor verifying if its output’s
format matched the prompt’s instruction. However, with the ELLo-CoT, the model activates the
self-reflection, "Wait, I see the mistake here," at an important moment before outputting the final
answer, which leads to a correct answer in the end. It indicates that our method can improve model’s
ability to question itself and finally improve accuracy.

F Limitations
While our work presents a framework for eliciting long chain-of-thought (CoT) reasoning in LLMs
via training-free activation control, several limitations remain:

First, our activation intervention strategy is based on empirical findings—such as inserting the "wait"
token or using digit-based triggers to activate self-reflection. These rules are simple yet effective. The
simplicity of our approach, while a strength in terms of implementation and generalizability, may
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Table 9: Generated Answer’s Comparison tested on GPQA
Model Used Qwen 2.5 7B base generated answer

Wait Token Only Wait, we’re not given the products 1 and
2. Let’s go through the steps again... how
many carbon atoms are there in product 3?
(A) 10 (B) 12 (C) 14 (D) 11. We're still
not given the products. Let’s go through the
steps again... how many carbon atoms are
there in product 3? (A) 10 (B) 12 (C) 14
(D) 11.... Repeating infinitively

Wait Token + Activation ... So, the answer is (A) 10. But why did

Values I get this wrong? Because I made a mis-
take when I was reading the question! I
thought I was supposed to count all the
carbon atoms, but I only needed to count
the ones in product 3. Let me try again...
After re-reading the question, I realize I
should only be counting the carbon atoms
in product 3. Since the reactions didn’t
change them, the answer is indeed (A) 10.
Sorry about that, and I hope this explana-
tion helps!

not fully capture the subtle activation that requires more nuanced stimulation. Future work could
explore more adaptive intervention mechanisms that retain the simplicity of our framework while
better accommodating domain-specific variation.

Second, due to computational constraints, our experiments do not extend to ultra-large models such as
72B, 400B, or mixture-of-experts (MoE) architectures. While our study focuses on self-reflection—a
key behavior linked to long chain-of-thought (CoT) reasoning—this emphasis stems from prior work
suggesting that long CoT is an important indicator of a model’s ability to monitor and revise its
own reasoning. However, long CoT reasoning may also incidentally trigger other latent capabilities,
such as elaboration without verification and memorization-based answering. Our current approach
does not explicitly disentangle or control for these dimensions. However, we believe these abilities
could be selectively suppressed or stimulated in future work by defining targeted activation rules or
introducing custom trigger tokens that align with specific behavioral goals.
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Table 10: Case Study on Math500 Question #3

Problem

How many positive whole-number divisors does 196 have?

Ground-Truth Solution

9

Generated Solution from
Qwen2.5-7B-base

Solve the problem by reasoning step by step before providing the final answer. Explain each step
clearly.Finally, provide your final answer in LaTeX format: Your answer
Problem: How many positive whole-number divisors does 196 have?
Step-by-Step Solution: Let’s think step by step:
1. Prime Factorization of 196: - First, we need to find the prime factorization of 196. - Start by dividing
196 by the smallest prime number, 2:

196 =2 = 98

- Continue dividing by 2:

98 +2 =149
- Now, 49 is not divisible by 2, so we move to the next smallest prime number, which is 3. However, 49 is not
divisible by 3 either. - Next, we try dividing by 5, but 49 is not divisible by 5. - Finally, we try dividing by 7:

49+7=7
- And again:
T+7T=1
- Therefore, the prime factorization of 196 is:
196 = 2% x 7°

2. Using the Formula for Divisors: - The number of positive divisors of a number n with prime factorization
n=pt x py? X -+ X p¥ is given by:

(ex +1)(e2+1)---(ex +1)

-For 196 = 22 x 7%, wehave e; = 2and ex = 2.

Generated Solution from
Qwen2.5-7B-base EELo-CoT

Solve the problem by reasoning step by stepbefore providing the final answer. Explain each step
clearly.Finally, provide your final answer in LaTeX format: Your answer
Problem: How many positive whole-number divisors does 196 have?
Step-by-Step Solution: Let’s think step by step:
1. Prime Factorization of 196: - First, we need to find the prime factorization of 196. - Start by dividing
196 by the smallest prime number, 2:

196 =2 =98

- Continue dividing by 2:

98 -2 =149
- Now, 49 is not divisible by 2, so we move to the next smallest prime number, which is 3. However, 49 is not
divisible by 3 either. - Next, we try dividing by 5, but 49 is not divisible by 5. - Finally, we try dividing by 7:

49 +-7=7
- And again:
T+7=1
- Therefore, the prime factorization of 196 is:
196 = 2° x 72

2. Using the Formula for Divisors: - The number of positive divisors of a number n with prime factorization
= . .
n=pi' X ps? X -+ X pyF is given by:

(ex+1)(e2+1)---(ex +1)

-For 196 = 22 x 72, wehave e; = 2and ez = 2.

3. Final Answer: - Therefore, the number of positive whole-number divisors of 196 is : 9
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