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Abstract

Recently, large reasoning models have achieved
impressive performance, but their lengthy rea-
soning processes incur substantial inference
overhead. To mitigate this issue, we pro-
pose the concept of reasoning vectors, repre-
sentations extracted from the model’s hidden
states, which can guide the model towards gen-
erating more concise and accurate responses.
Building upon this, we present ERRYV, a train-
ing framework that elicits efficient reasoning
through reasoning vectors, which enables the
model to generate high-quality responses dur-
ing reinforcement learning. By performing tar-
geted policy optimization on both accuracy and
length objectives, ERRV effectively activates
the model’s latent capability for efficient rea-
soning. Our experiments demonstrate that after
training with ERRV, the model achieves ap-
proximately 30% reduction in reasoning length
while maintaining stable accuracy, without
guidance from the reasoning vector during in-
ference. This establishes a trade-off between
efficiency and performance. Furthermore, we
identify key properties of reasoning vectors:
robustness, characterized by high similarity
before and after training, and generalizability,
demonstrating applicability across base models,
distilled models, RL-trained models, parameter-
merged models, and mixed-thought models.
These properties collectively guarantee the reli-
ability and broad applicability of our approach.

1 Introduction

Recent advances in large language models (LRMs)
have enabled reasoning models such as OpenAl 03
(OpenAl, 2025) and DeepSeek-R1 (DeepSeek-Al,
2025), which employ extended chain-of-thought
processes to achieve remarkable performance on
complex reasoning tasks (Zhang and Xiong, 2025;
Jin et al., 2025; Liu et al., 2025b) through iter-
ative exploration, self-reflection (Venhoff et al.,

*Corresponding author

2025), and error correction. However, these lengthy
reasoning processes substantially increase infer-
ence overhead and latency. Prior research suggests
that reasoning length inflation may be uncorrelated
with correctness, and that concise reasoning chains
can actually yield superior accuracy (Hassid et al.,
2025). Addressing this trade-off between reasoning
capability and efficiency is critical for real-world
deployment.

Existing efforts to improve the reasoning effi-
ciency of models mainly focus on modifying the re-
inforcement learning reward, such as adding length
penalties (Aggarwal and Welleck, 2025; Luo et al.,
2025a), reconstructing datasets into more concise
formats or into positive—negative pairs for training
(Chen et al., 2024; Xia et al., 2025; Munkhbat et al.,
2025; Yang et al., 2025), and employing prompt
budgets to control generation length (Han et al.,
2025a; Xu et al., 2025). Most of these methods
operate externally rather than targeting the inter-
nal states of LRMs. However, we argue that the
efficient reasoning capability is intrinsically em-
bedded within models. Recent work on interpret-
ing LRMs’ reasoning mechanisms has shown that
hidden states of prompts can predict various rea-
soning properties, including final answers (Ashok
and May, 2025), reasoning token counts (Sheng
et al., 2025b), response length, reasoning steps,
and answer confidence (Dong et al., 2025b). These
findings suggest models possess the ability to con-
trol response length and accuracy, but this ability
is not automatically activated. Therefore, we aim
to leverage the hidden states, which contain rich in-
ternal information, to trigger this latent capability.

Inspired by studies using steering vectors to mod-
ulate reasoning patterns (Venhoff et al., 2025) and
improve reasoning accuracy (Hgjer et al., 2025;
Liu et al., 2025a), we propose the concept of Rea-
soning Vector along with a stable method for com-
puting it. Specifically, the reasoning vector is de-
fined as the difference between the hidden states of
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the shortest correct response and the longest incor-
rect response. Our experiments demonstrate that
this vector can stably improve response accuracy
and reduce response length, while remaining sta-
ble throughout the reinforcement learning training
process.

Reasoning vectors can be utilized in two ways:
(1) Direct inference-time injection: Similar to
traditional steering vectors, reasoning vectors can
be directly injected into the model’s hidden states
during inference to guide generation. However, this
approach offers limited efficiency improvements
and undermines the model’s autonomy and consis-
tency. (2) Training-time integration: To address
these limitations and fully elicit the model’s effi-
cient reasoning capability, we propose ERRYV, a
training framework that integrates reasoning vec-
tors into reinforcement learning. By guiding the
rollout process with the vector, we obtain shorter
and more accurate samples than without the vector,
which provide more targeted policy optimization
and stronger supervisory signals. Furthermore, to
address the train-inference inconsistency caused
by introducing the vector during training, we em-
ploy importance sampling to ensure unbiased op-
timization, thereby guaranteeing training stability.
Experimental results show that by computing and
updating the reasoning vector with only a minimal
amount of data at selected training steps, ERRV
achieves approximately 30% reduction in reason-
ing length while maintaining stable accuracy, even
without explicit reasoning vector guidance during
inference. This establishes a superior trade-off be-
tween efficiency and reasoning accuracy.

In addition, we directly apply the reasoning vec-
tor to models trained through various approaches
and find that it exhibits strong generalization capa-
bilities, proving effective not only for base models
and distilled models, but also for models trained
through diverse methods, parameter-merged mod-
els, and adaptive reasoning models.

In summary, our contributions are as follows:

(1) We propose the concept of reasoning vector
along with an efficient computation method based
on difficulty sampling.

(2) We introduce ERRYV, a novel training frame-
work that performs policy optimization through
reasoning vectors, significantly reducing reasoning
length while maintaining accuracy.

(3) We analyze three key properties of reasoning
vectors: improving accuracy while reducing length,
robustness, and generalization.

2 Related Work

Efficient Reasoning Large reasoning models
(LRMs) generate lengthy chains of thought, lead-
ing to substantial computational costs and latency,
prompting exploration of optimization strategies.
Most existing methods for improving the efficiency
of LRMs focus on reducing response tokens. Some
approaches incorporate length-based rewards into
reinforcement learning to encourage more concise
outputs (Aggarwal and Welleck, 2025; Luo et al.,
2025a). Other approaches construct more concise
datasets to train the model (Chen et al., 2024; Xia
et al., 2025; Munkhbat et al., 2025; Yang et al.,
2025). In addition, some works aim to reduce re-
sponse length without further training, such as by
specifying a token limit in the prompt (Han et al.,
2025a; Xu et al., 2025). However, these studies
overlook that the internal states of LRMs contain
valuable information for guiding efficient reason-
ing. For instance, hidden states can predict final
answers (Ashok and May, 2025), and the number
of reasoning tokens can be predicted from question
activations alone using linear probes, suggesting
that LRMs estimate required reasoning strength in
advance (Sheng et al., 2025b).

Steering Vector Steering Vector (also known as
activation engineering) (Turner et al., 2023; Zou
et al., 2023) is an important technique for control-
ling model behavior by leveraging its internal hid-
den states (Han et al., 2025b; Dong et al., 2025a).
Some preliminary studies have applied this tech-
nique to reasoning models. For example, using
steering vectors to steer reasoning patterns (Ven-
hoff et al., 2025) and improve reasoning perfor-
mance (Hgjer et al., 2025; Liu et al., 2025a). How-
ever, these approaches remain underexplored, offer
limited improvements in inference efficiency, face
challenges in determining optimal scaling factors,
and require injecting steering vectors during in-
ference, which undermines the model’s autonomy
and consistency. Therefore, we propose reason-
ing vectors with an efficient computation method
and integrate them into the reinforcement learning
process to elicit the model’s reasoning capabilities.

3 Methodology

First, we propose the concept of reasoning vec-
tors, representations extracted from the model’s
hidden states that encode reasoning-enhancing in-
formation. These vectors can be utilized in two
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Figure 1: Diagram of the proposed ERRV. Upper: reasoning vector computation from contrastive response pairs.
Lower: ERRV training process, where reasoning vectors are periodically computed and updated, then injected
during rollout to improve sampling quality, while importance sampling ensures unbiased optimization.

ways: (§3.1) directly injecting into the model dur-
ing inference to guide the model toward generat-
ing accurate and concise outputs, and (§3.2) inte-
grating into training through our proposed ERRV
framework, which improves rollout quality and en-
ables the model to learn the reasoning-enhancing
information encoded in the vectors. Finally, we
incorporate importance sampling weights into the
optimization objective to ensure unbiased estima-
tion and training stability(§3.3). The framework is
illustrated in Figure 1.

3.1 Reasoning Vectors

The steering vector is a linear direction extracted
from the hidden states of LLLMs, which can be used
to control the model’s behavior (Subramani et al.,
2022). A simple yet effective technique for com-
puting steering vectors is Mean Difference (MD),
which involves constructing contrastive pairs that
differ in a specific concept and computing the dif-
ference in their mean activations (Tigges et al.,
2023; Turner et al., 2023; Arditi et al., 2024). For
example, in the domain of sentiment transfer, sen-
tences expressing the emotion “happiness” can
serve as positive samples, while sentences express-
ing the emotion “sadness” can serve as negative
samples. By computing the difference between
their hidden states, we can extract a vector that
controls the expression of the “happiness”.

We observe that in reasoning models, among
multiple sampled answers to a given question, there
are both high-quality and low-quality responses.
The ideal answer is one that is both correct and con-
cise, while the least desirable is one that is incorrect
and verbose. Motivated by this observation, we pro-
pose the concept of reasoning vectors—steering
vectors specifically designed for reasoning tasks
that encode the distinction between efficient and
inefficient reasoning patterns. For each question
x;, we sample n responses, defining the shortest
correct response as the positive sample yf and the
longest incorrect response as the negative sample
y,; . If the dataset contains n questions, the result-
ing reasoning vector is given by:

n

UZnZ;(h(yf)h(yi)),

)

where h(y;) represents the average hidden states
of each token in y; at a specific layer. We select
the model’s middle-to-late layers for this purpose,
which aligns with findings from previous inter-
pretability research indicating that extracting and
applying the steering vector at the middle-to-late
layers of the model is more efficient than other
layers (Tigges et al., 2023; Fan et al., 2025). Addi-
tionally, averaging the vectors obtained from each
sample enhances the robustness of the vector.
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To improve the generalizability of reasoning vec-
tors, we preprocess the dataset D as follows. We
stratify questions into 5 difficulty levels based on
pass@16 scores (lower scores indicate higher diffi-
culty), with each level corresponding to an equal-
width interval of 0.2 in [0, 1] and sample questions
from each level. The final dataset comprises n valid
samples (see Appendix B.3 for more details) .

During model inference, we directly add the nor-
malized vector to the hidden state at the specific
layer as follows:

1]z
h (h+av)||h+Oé’UHQ’ (2)
where h is the original hidden state at the specific
layer, and « is a scaling factor that controls the
strength of the vector’s influence.

While reasoning vectors can be directly applied
during inference as shown above, this requires con-
tinuous vector injection and limits model auton-
omy. § 3.2 presents ERRYV, which integrates vec-
tors into reinforcement learning to help the model
internalize efficient reasoning patterns, eliminating
the need for vector guidance at inference.

3.2 Training with Reasoning Vectors

Let the prompt be ¢ and the response generated by
the LLM 7y (parameterized by 6) be o. The reward
for response o is denoted as R(0). The RLVR
objective is to maximize the expected reward of
responses generated by 7y, formulated as:
J(0)=E R (o). 3)

o~ (-lq)

To optimize 7y for maximizing the expected re-
ward, Group Relative Policy Optimization (GRPO;
Shao et al., 2024) obviates the need for an addi-
tional value function approximator as required in
PPO (Schulman et al., 2017). Instead, it uses the
average reward of multiple sampled outputs gen-
erated in response to the same question as the
baseline. Formally, let mg sample G responses
{01,029, ,0G} for each prompt ¢, and let () de-
note the prompt dataset. The optimization objective
of GRPO with token- level loss and without the KL
penalty term is:

j(@) :E(INP(Q)v{Oi}iG:I ~T654(Ol9)

004 (04,¢10,04,<¢)

R(oi)—mean({R(oj)}le)
std({R(0?)}.,)
a hyperparameter controlling the clipping range.

We propose ERRV, a simple yet effective
method for targeted policy optimization that steers
the model towards desirable response properties
through reasoning vector guidance. Specifically,
we first extract a reasoning vector v from a small
dataset D following the approach described in Sec-
tion 3.1. This vector is then injected into the policy
during the rollout phase to guide the generation of
high-quality responses.

Formally, let S(+; v, «v, [, n) denote the steering
operation that modifies the hidden states at layer
[ according to Equation 2. During rollout, instead
of sampling responses {01,092, - ,0¢c} directly
from g, we apply the steering operation to obtain
steered responses {0}, 05, - -+, 0}

i=1,---,G,
)
where p9v denotes the rollout policy guided by the
reasoning vector for sampling responses. These
steered responses are then used to compute the ad-
vantage and update the policy. The ERRV objective
can be obtained by simply replacing o with o’ in
the GRPO objective (Equation 4):

where 7;+(0) = , the advantage is

given by fli,t = ,and € is

0 ~ pgo(|g; S (-5 v, @, 1,m)),

Jerrv () :EqNQ{O; L1~pey, (O'a;S)
1 & |of]
q Z m Z min (Ti,t(e)Ai,ta
i=1 11 =1

clip(r7,(6),1 2,1+ 2)4j, )|,
(6)

m00ial%<0)nd the advan-

T4 (0], 114,07 1)
tage A;t is computed based on the rewards of the
steered responses {0}, - -+ , 0¢:}.

During training, the model parameters 6 are con-
tinuously updated at each step. Ideally, v should
be recomputed after every step to reflect the latest
model state. However, since adjacent training steps
typically induce only minor parameter changes, fre-
quent recomputation is computationally expensive
and yields diminishing returns.

To balance efficiency and performance, we adopt
a periodic update strategy: we recompute the rea-
soning vector every k% of the total training steps.
This approach maintains alignment between the rea-
soning vector and the evolving policy while keep-
ing computational overhead manageable.

where r;t(e) =
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To enable the model to internalize the reasoning
vector during training, we adopt a cosine anneal-
ing strategy that gradually reduces the dependence
on the reasoning vector by decreasing the scaling
factor from o to 0 following a cosine curve:

i)

where s is the index of the current training step and
ts is the total number of training steps.

a = 0.5ag X (1 + cos (7r . 7

3.3 Importance Sampling

The reasoning vector transforms the original re-
sponses o into higher-quality responses o’ that are
more accurate and concise. A natural concern is
whether these steered responses, being sampled off-
policy, introduce significant distribution shift that
could destabilize training. Although this shift is
minimal, considering that reinforcement learning
is sensitive to train-test mismatch (Yao et al., 2025;
Zheng et al., 2025), we incorporate importance
(Z')

sampling weights % into the policy gradient
old

estimation:
J(0) = IEo~7r9(-|q)R (o)
m9(0)
=Epor, | R (o
2oia 1) TOo1a (O) ( )

-, 7mold(ol) 7T9(0/)
o ~pgu (+1a;5) “931(1(0') gy (0)

R (0’)
3

which corrects for the distribution mismatch be-
tween steered and unsteered policies. This ensures
that the gradient estimates remain unbiased even
when the distribution shift is non-negligible, further
enhancing training stability (See Appendix A.1 for
details).

4 Experiments

We conducted extensive experiments to examine
the effectiveness and properties of reasoning vec-
tors, to validate the proposed ERRV and to discover
the underlying mechanisms.

4.1 Setup

Models We selected DeepSeek-R1-Distill-Qwen-
1.5B (DS-1.5B) and DeepSeek-R1-Distill-Qwen-
7B (DS-7B), demonstrating strong performance on
math problem solving, as the initial policy models.

Dataset and Metrics We used the DeepScaleR
dataset (Luo et al., 2025b) as our training data ,
which consists of approximately 40,000 unique
problem-answer pairs compiled from AIME 1984-
2023, AMC, Omni-MATH (Gao et al., 2025), and
STILL (Min et al., 2024). Additionally, we ran-
domly sampled 1,000 samples from the Deep-
ScaleR dataset to construct the dataset D for
computing the reasoning vector. For evaluation,
we used three datasets of increasing difficulty:
GSMEK (Cobbe et al., 2021), MATHS500 (Light-
man et al., 2024), and AIME 2024 (30 Olympiad-
level mathematics problems) to assess the perfor-
mance of methods. We assessed performance using
two metrics: accuracy and response length. Given
the limited size of AIME 2024, we sampled 16
responses for each problem and reported the aver-
age results. For all models, we conducted experi-
ments with evaluation context sizes of 8K tokens,
and set the temperature to 0.6 as recommended in
DeepSeek’s model cards.

Implementation Details We implemented
ERRYV based on the VeRL framework (Sheng et al.,
2025a). We used a context size of 8K tokens, batch
size of 128, and learning rate of 1 x 1075, The
reasoning vector was recomputed every k = 6% of
training steps using n = 10 samples. The scaling
factor oy was set to 1.0 for DS-1.5B and 3.0 for
DS-7B (Section 4.3). The comparison of using
different n is shown in Section 4.5. All models
were trained for 1 epoch (314 steps in total).

4.2 Baselines

Existing methods can be categorized into four main
approaches: parameter fusion, length penalty, data
reconstruction, and adaptive thinking strategies.
We selected one representative method from each
category as our baseline.

* ModelMerging (Wu et al., 2025b) reduces re-
sponse length by parameter fusion between rea-
soning models and non-reasoning models.

* TLMRE (Arora and Zanette, 2025) penalizes
the length of correct responses to train the model
to produce correct solutions with the minimum
number of tokens.

* DPO constructs preference data by sampling
multiple responses for each problem and pair-
ing the shortest correct response with the longest
response, then uses DPO (Rafailov et al., 2023)
to finetune the model.
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(a) DS-1.5B (b) DS-7B

(c) Qwen-2.5-1.5B (d) Qwen-2.5-7B

Figure 2: Effect of v under different scaling factors across different models. Blue: average response length; Red:
accuracy on test set. Layer 20 is used as the injection layer (all models have 28 layers).

* AdaptThink (Zhang et al., 2025a) teaches mod-
els to adaptively choose the optimal thinking
mode based on problem difficulty.

For fair comparison, all baselines were trained
on DeepScaleR dataset. Note that AdaptThink
achieves length reduction by selectively skipping
reasoning for certain problems, while other meth-
ods retain thinking for all cases, making direct com-
parison inappropriate. We report its results for ref-
erence but exclude it from main comparisons.

4.3 The performance of reasoning vectors

First, we investigated the effectiveness and prop-
erties of reasoning vectors. To demonstrate their
effectiveness across different models, we addition-
ally evaluated Qwen-2.5-1.5B and Qwen-2.5-7B.
We computed reasoning vectors for each model
using n = 200 samples and applied them during
inference with varying scaling factors o € [—6, 6]
according to Equation 2. We randomly selected
400 examples from DeepScaleR as the test set. The
results are shown in Figure 2. We observed that for
all models, within a certain range of «:

Reasoning vectors can improve the accuracy
and reduce the length of responses.

The effective range of « typically lies within
[0, ] (corresponding to the pink shaded area in
Figure 2), where applying the reasoning vector im-
proves or maintains model accuracy. This range
represents the ideal scaling factor for v, with o,
varying across models depending on their sensitiv-
ity to v. For instance, a, =~ 1.0 for DS-1.5B, while
oy ~ 3.0 for DS-7B. In ERRV training, we use
o = Qg  as the initial value of the scaling factor.

Next, we investigated the stability of reason-
ing vectors before and after RL training. We se-
lected two model pairs: Qwen2.5-1.5B with its
GRPO-trained version Qwen2.5-1.5B-Simple-Zoo,

and Qwen2.5-7B with its corresponding version
Qwen2.5-7B-Simple-Zoo (Zeng et al., 2025).
First, we extracted reasoning vectors from each
model and computed the cosine similarity between
vectors from pre-training and post-training models,
yielding 0.834 for the 1.5B pair and 0.828 for the
7B pair. These high similarity scores indicate that:

Reasoning vectors remain stable across RL
training.

We then conducted cross-application experi-
ments (see Figure 6 in Appendix): for each model,
we applied both its own reasoning vector (blue
curves) and the vector from its counterpart (red
curves). The results reveal a consistent pattern: for
base models (Figure 6(a), 6(b)), vectors extracted
from the RL-trained counterparts (red curves) out-
perform self-extracted vectors (blue curves), main-
taining higher accuracy and shorter lengths across
a wider range of « values. For RL-trained models
(Figure 6(c), 6(d)), vectors from the RL versions
(blue curves) similarly demonstrate superior perfor-
mance. This indicates that:

Reinforcement learning makes the reasoning
vectors more robust.

These findings provide a solid theoretical and
empirical foundation for developing ERRV.

4.4 The performance of ERRV

Table 1 presents the evaluation results of different
methods, as well as the results of applying reason-
ing vectors during inference only (§3.1) on top of
these methods. The last two columns show the aver-
age accuracy change and average length reduction
percentage, respectively.

Since different scenarios require different trade-
offs between length and accuracy, we established
threshold-based criteria rather than a single com-
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Table 1: Accuracy (ACC) and response length (LEN) on three math benchmarks. Gray rows show results with
reasoning vectors applied at inference to the baseline above. Light gray (AdaptThink) is excluded from comparison.
Bold indicates the best results; red indicates the global best (including vector-augmented results).

Method GSMSK MATH 500 AIME 2024 AVG
etho
ACC 1 LEN 1 ACC 1 LEN 1 ACC 1 LEN | ACC 1 LEN |
DeepSeek-R1-Distill-Qwen-1.5B
Original 77.9 955 75.4 3662 20.8 7333 - -
+vector 76.4 698 79.4 3554 23.5 7347 +1.7 -9.9%
ModelMerging 77.9 426 72.6 1291 14.3 3679 -3.1 -55.3%
+vector 79.8 440 76.0 1133 14.4 3301 -1.3 -59.3
TLMRE 71.3 306 72.4 1394 21.5 5170 -3.0 -53.1%
+vector 70.1 299 74.4 1360 26.3 4962 -1.1 -54.6%
DPO 76.4 1167 80.6 3755 26.5 7179 +3.1 +7.5%
+vector 74.5 739 80.6 3566 26.7 7066 +2.6 -9.6%
+vector 79.2 350 77.2 1018 20.2 3454 +0.8 -62.8%
ERRV 79.0 720 79.6 2175 22.1 4888 +2.2 -32.9%
+vector 77.9 573 84.4 2081 22.1 4793 +3.4 -39.3%
ERRV-IS 82.1 824 83.0 2598 28.5 6426 +6.5 -18.4%
+vector 81.2 705 81.6 2406 27.3 6198 +5.3 -25.3%
DeepSeek-R1-Distill-Qwen-7B
Original 86.7 659 88.4 3171 39.8 6862 - -
ModelMerging 71.3 465 78.4 1310 24.8 4162 -11.5 -42.5%
TLMRE 88.6 749 90.2 2306 46.9 5922 +3.6 -9.1%
DPO 86.3 844 84.2 3031 335 6684 -3.6 +7.0%
ERRV 87.3 558 86.0 2069 33.8 5558 -2.6 -23.0%
ERRV-IS 88.5 730 91.0 2301 50.2 5783 +4.9 -10.8%

bined metric. Methods must achieve at least 20%
length reduction while limiting accuracy loss to no
more than 2% for DS-1.5B or 3% for DS-7B. We
set a more relaxed accuracy threshold for the larger
model due to its higher baseline performance.

Looking at the DS-1.5B results in the white rows,
only ERRV meets our criteria among all baselines
(AdaptThink is excluded from comparison due to
methodological differences as discussed in Sec-
tion 4.2). ERRV achieves a 32.9% length reduc-
tion while simultaneously improving accuracy by
2.2%. In contrast, other methods either achieve
substantial length reduction at the cost of excessive
accuracy loss, or fail to reduce length sufficiently
to meet our optimization objectives.

The gray rows show results when applying rea-
soning vectors during inference on top of these
methods. All methods exhibit significant improve-
ments over their base versions, demonstrating that
reasoning vectors are effective not only for base
models and distilled models, but also for mod-
els trained through various methods, parameter-
merged models, and adaptive reasoning models.
Noteworthy is AdaptThink with reasoning vec-
tor guidance, which achieves exceptional results:

62.8% length reduction with 0.8% accuracy gain,
representing an additional 9.3% length reduction
and 0.5% improvement over vanilla AdaptThink.

Comparing the second row (direct reasoning vec-
tor application) with ERRV reveals a substantial
performance gap, indicating that ERRV success-
fully elicits the efficient reasoning capability, en-
abling the model to maintain excellent performance
even without vector guidance during inference.

We also observed that ERRV with importance
sampling (ERRV-IS) achieves more stable training
and the highest accuracy improvement, though with
reduced length compression below our threshold.
This variant is better suited for scenarios that prior-
itize accuracy over aggressive length reduction.

The lower section shows DS-7B results, which
follow similar patterns. Only ERRV meets our cri-
teria, achieving 23% length reduction with 2.6%
accuracy decrease. Other insights remain consis-
tent with DS-1.5B and are not elaborated here.

Out-of-Distribution Performance Apart from
mathematical reasoning, we further conducted ex-
periments on code generation and general knowl-
edge reasoning. We evaluated the models be-
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Table 2: Accuracy (ACC) and response length (LEN)
on LiveCodeBench-v6 and MMLU (DS-1.5B).

LiveCodeBench-v6 MMLU
Model

ACC LEN ACC LEN
Original 14.5 6026 429 1357
ERRV 22.3 4442 43.3 669

fore and after ERRV training on LiveCodeBench-
v6 (Jain et al., 2025) and MMLU (Hendrycks et al.,
2021), with results shown in the Table 2.

On LiveCodeBench-v6, ERRV reduces the av-
erage generated length from 6,026 to 4,442 tokens
while improving accuracy by 7.8%. On MMLU,
ERRV nearly halves the reasoning length from
1,357 to 669 tokens while maintaining stable accu-
racy with a marginal improvement. These results
demonstrate that ERRV is not limited to mathemat-
ical reasoning and exhibits strong generalization
across diverse task types.

4.5 Ablation Study

First, we investigated the impact of the scaling fac-
tor « of the reasoning vector on training outcomes.
We examined three adjustment strategies: (1) Co-
sine Decay: « decays following a cosine schedule
according to Equation 7. (2) Constant: « remains
fixed at the initial value « throughout the training
process. (3) Dynamic: Starting from ag, « is dy-
namically adjusted based on reward on the test set.
Specifically, « is increased by ¢ if the reward rises
and decreased by ¢ otherwise, with ¢ set to 0.1.
We evaluated these strategies for both ERRV
and ERRV-IS, with the results illustrated in Fig-
ure 3. We observed that the Cosine Decay and
Dynamic strategies yield similar performance. In
contrast, the Constant strategy results in a substan-
tial reduction in response length accompanied by a
significant drop in accuracy. This indicates that o
should gradually decrease during training to enable
the model to effectively internalize the informa-
tion from the reasoning vector. Additionally, with
importance sampling, the variation pattern of the
scaling factor has minimal impact on the results.
Furthermore, we analyzed the impact of the sam-
ple size n used for vector computation on the re-
sults. As shown in Figure 4, increasing n does
not lead to significant changes in length reduc-
tion or accuracy improvement. This demonstrates
that using a small batch of samples is sufficient

Commebey  Comm

Figure 3: Performance of ERRV and ERRV-IS (DS-
1.5B) under different o adjustment strategies
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Figure 4: Performance of ERRV and ERRV-IS (DS-
1.5B) using different number of samples to compute
reasoning vector.

to compute effective vectors, thereby significantly
reducing the additional computational overhead of
training (See Appendix B.2 for detailed results and
Appendix B.3 for cost analysis).

4.6 Analysis of Rollout Quality

We conducted a detailed analysis of the quality of
responses generated during the rollout of training.

First, Figure 5 compares the average response
length generated during rollouts by ERRV versus
standard GRPO. It is evident that ERRV generates
significantly shorter responses than GRPO, with
the gap gradually widening as training progresses.

Next, to isolate the impact of reasoning vectors,
we added an unsteered rollout phase during ERRV
training. At each training step, alongside the stan-
dard steered rollout, we performed an additional
unsteered rollout (without reasoning vectors) for
comparison. Figure 7 in Appendix plots the dif-
ference in average length between the unsteered
responses and the steered responses (ERRV). The
consistently positive values confirm that reasoning
vectors effectively reduce the length of generated
responses at every step.

These analyses demonstrate that our reasoning
vector effectively enhances sampling quality during
training, thereby facilitating more targeted policy
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on DS-1.5B: ERRV vs. GRPO.

Table 3: Average number of reasoning steps.

Model GSM8K MATH AIME
DS-1.5B 25.04 103.11  231.61
DS-1.5B-ERRV  15.54 46.37 113.62

optimization with stronger supervisory signals.

4.7 Analysis of Reasoning Process

Furthermore, we analyzed how ERRV reduces rea-
soning length from three perspectives: the number
of reasoning steps, reasoning redundancy, and rea-
soning structure.

First, we approximated reasoning steps using a
paragraph-based approach, where segments sepa-
rated by \n\n are each treated as a single step (Wu
etal., 2025a; Zhang et al., 2025b). We extracted the
thinking content from model responses, segmented
them accordingly, and computed the average num-
ber of steps per response (Table 3). The results
show that ERRV-trained models produce responses
with significantly fewer reasoning steps.

Second, a substantial portion of long thinking
process arises from rollback, self-doubt, recalcu-
lation, and repeated verification. These behaviors
are often signaled by discourse markers such as
“Wait”, “Let me check”, “Actually” and “I made a
mistake.” We therefore counted the occurrences of
these tokens in the model’s reasoning traces, and re-
port the average frequency per response in Table 4.
The results show that ERRV substantially reduces
the frequency of these trial-and-error behaviors.

Third, responses to math problems typically
consist of five reasoning components (Wu et al.,
2025a): (1) Pivotal Reasoning, (2) Productive Elab-
oration and Calculation, (3) Exploring Alterna-
tives, (4) Verification and Self-Correction, and (5)
Non-Substantive Statements, where (1)-(2) are core

Table 4: Average number of discourse markers.

Model GSM8K MATH AIME
DS-1.5B 3.39 1598 43.04
DS-1.5B-ERRV 0.49 2.53 7.59

Table 5: Average proportion of each reasoning type.

Model (1) 2) 3,4,5)
DS-1.5B 28.76% 30.94% 40.30%
DS-1.5B-ERRV  30.62% 33.61% 35.77%

steps and (3)-(5) are auxiliary and often redundant.
Detailed descriptions are provided in Appendix B.5.
We annotated each sentence in the model’s reason-
ing traces on MATHS500 using GPT-4.1 and com-
puted the proportion of each reasoning type per
response, as shown in Table 5.

The results reveal clear shifts in reasoning com-
position. Compared to DS-1.5B, DS-1.5B-ERRV
allocates a higher proportion to core steps (1) and
(2), reflecting a stronger focus on essential reason-
ing and computation, while auxiliary steps (3)—(5)
decline, indicating fewer digressions and less re-
dundant self-checking. Additionally, we measured
the reduction in token counts for each reasoning
component. We’ve found that token counts de-
crease by 9.38% in (1), 18.16% in (2), and 25.79%
in (3)-(5), confirming that reductions are concen-
trated in the less essential components.

Overall, ERRV effectively optimizes the reason-
ing structure by reducing redundant steps while
reinforcing the importance of key steps.

5 Conclusion

We have presented Reasoning Vector, which re-
duces response length while improving accuracy.
Building upon this, we have proposed ERRYV, a
novel reinforcement learning algorithm that lever-
ages reasoning vectors to guide the model toward
generating high-quality responses during rollout,
thereby enabling more targeted policy optimiza-
tion. Experimental results demonstrate that ERRV
significantly reduces inference costs by optimizing
the reasoning structure, while maintaining compet-
itive accuracy and exhibiting strong generalization
across tasks. Furthermore, we investigate various
properties of reasoning vectors, which not only val-
idates the stability of ERRV but also provides new
insights for future research.
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Limitations

Due to limited computational resources, we only
conducted experiments on 1.5B and 7B models.
Nevertheless, these experiments demonstrate the
effectiveness of ERRV across different model sizes.
Additionally, our experiments primarily focus on
mathematical reasoning tasks. While we have val-
idated the generalizability of ERRV on code gen-
eration and general knowledge reasoning, future
work could further explore its application to other
domains and task types.
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A Supplement to Method

A.1 Detail of Importance Sampling

Let us discuss the importance sampling in detail. In
the original GRPO, the importance sampling ratio
is defined as

779(01',15)

i1(0) = .
T7t( ) ﬂ-eold(oi,t)

(€))

However, when we introduce the reasoning vec-
tor v into the inference engine, the model’s out-
put distribution shifts from 7y (0|q) to pgv (0'|g; S).
This causes a train-inference mismatch problem
when directly applying the original ratio r} ,(0) =

70(0),) ’
T (0f )"
To address this issue, we employ importance

sampling to correct the distribution shift. Specifi-
cally, we introduce an importance sampling weight:
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Consequently:
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This correction ensures training stability while
maintaining the unbiasedness of the policy gradient
estimator.

B Experiment Details

B.1 Cross-application Experiments

The results of cross-application experiments is
shown in Figure 6.

B.2 Detailed Data in Ablation Experiments

Table 6 is the detailed results of ERRV and ERRV-
IS under different o adjustment strategies and dif-
ferent number of samples to compute reasoning
vector, using DS-1.5B as an example.

B.3 Cost Analysis

We detail the computation of reasoning vectors and
their associated time cost.

For each sample, we generated 16 responses
using the vLLM framework (Kwon et al., 2023)

for fast inference. Questions with extreme perfor-
mance (100% or 0% pass rate) were excluded as
they cannot form valid contrastive pairs. When this
occurred, we resampled from the corresponding
difficulty level until obtaining valid examples. To
ensure precision, we re-ran inference using the na-
tive model to extract accurate hidden states for the
computation described in Section 3.1.

For our experimental setup with 10 samples for
computing reasoning vectors (including resampling
for invalid samples), this process took approxi-
mately 5 minutes on a single A100 GPU. If we
update the reasoning vectors at k% = 6% of total
training steps, which corresponds to approximately
18 updates, the total overhead is only 90 minutes.
It is entirely acceptable.

B.4 Add an Unsteered Rollout

The difference in average length between the
unsteered responses and the steered responses
(ERRYV) is shown in Figure 7.

B.5 Detailed Descriptions of Mathematical
Reasoning Components

Responses to math problems typically consist of
the following components (Wu et al., 2025a), with
the first two representing core reasoning steps and
the remaining three serving as auxiliary reasoning
steps that are often redundant and can be omitted:

* Pivotal Reasoning Core steps that directly ad-
vance the solution.

* Productive Elaboration and Calculation Sup-
porting explanations or detailed arithmetic.

» Exploring Alternatives Consideration of differ-
ent methods or perspectives.

* Verification and Self-Correction In-line checks
or corrections of prior steps.

* Non-Substantive Statements Remarks that do
not contribute to the logical solution path.

28569



Figure 6: Cross-application performance of reasoning vectors. Subfigures (a) and (b) show base models (Qwen2.5-

scale

(a) Qwen2.5-1.5B

(b) Qwen2.5-7B

scale

(c) Qwen2.5-1.5B-Simple-Zoo (d) Qwen2.5-7B-Simple-Zoo

1.5B and Qwen2.5-7B) applied with their own vectors (blue) vs. vectors from their GRPO-trained counterparts
(red). Subfigures (c) and (d) show GRPO-trained models (Simple-Zoo versions) applied with their own vectors
(blue) vs. vectors from base models (red). Solid lines indicate response length; dashed lines indicate accuracy.

Table 6: Detailed results of ERRV and ERRV-IS (DS-1.5B) under different o adjustment strategies and different

number of samples to compute reasoning vector.

Method GSMSK MATH 500 AIME 2024 AVG
etho

ACC1 LEN 1 ACC? LEN 1t ACC? LEN | ACC? LEN |
different o
Original 77.9 955 75.4 3662 20.8 7333 - -
ERRV-Cosine 79.0 720 79.6 2175 22.1 4888 2.20 -32.85%
ERRV-Constant 73.4 614 63.2 1436 10.4 1641 -9.03 -58.04%
ERRV-Dynamic 79.0 710 79.8 2280 21.8 4826 +2.17 -32.53%
ERRV-IS-Cosine 82.1 824 83.0 2598 28.5 6426 +6.50 -18.38%
ERRV-IS-Constant 82.1 880 82.8 2610 28.8 6415 +6.53 -16.37%
ERRV-IS-Dynamic 82.3 875 82.5 2612 28.8 6430 +6.50 -16.45%
different n
ERRV-n10 79.0 720 79.6 2175 22.1 4888 2.20 -32.85%
ERRV-n20 79.1 722 79.8 2180 22.3 4850 +2.37 -32.91%
ERRV-n200 79.2 718 80.2 2070 23.1 4844 +2.80 -34.08%
ERRV-IS-n10 82.1 824 83.0 2598 28.5 6426 +6.50 -18.38%
ERRV-IS-n20 82.0 880 83.0 2490 28.8 6430 +6.57 -17.39%
ERRV-IS-n200 82.6 850 83.2 2450 29.0 6390 +6.9 -18.98%
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Figure 7: Average length difference between unsteered
and steered rollouts on DS-1.5B during ERRV training.
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