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Abstract

Chain-of-Thought (CoT) reasoning is a critical capability for
large language models (LLMs), enabling them to tackle com-
plex multi-step tasks. While base LLMs, pre-trained on general
text corpora, often struggle with reasoning due to a lack of
specialized training, recent studies reveal their latent reason-
ing potential tied to hidden states. However, existing hidden
state manipulation methods, such as linear activation steering,
suffer from limitations due to their rigid and unconstrained
nature, often leading to distribution shifts and degraded text
quality. In this work, we propose a novel approach for elic-
iting CoT reasoning from base LLMs through hidden state
manipulation grounded in probabilistic conditional generation.
By reformulating the challenge as an optimization problem
with a balanced likelihood and prior regularization framework,
our method guides hidden states toward reasoning-oriented
trajectories while preserving linguistic coherence. Extensive
evaluations across mathematical, commonsense, and logical
reasoning benchmarks demonstrate that our approach con-
sistently outperforms existing steering methods, offering a
theoretically principled and effective solution for enhancing
reasoning capabilities in base LLMs.

1 Introduction

Chain-of-Thought (CoT) reasoning is a vital capability for
large language models (LLMs), enabling them to break down
complex problems into intermediate steps for improved per-
formance on complex tasks (Wei et al. 2022; Kojima et al.
2022). Models pre-trained solely on general text corpora,
known as Base LLMs, often excel in fluency language gen-
eration but struggle with complex reasoning due to a lack of
specialized training. In contrast, advanced models, termed
Reasoning LLMs, incorporate reasoning-focused data (e.g.,
STEM, coding, synthetic examples) during pre-training and
undergo extensive post-training, such as instruction fine-
tuning and reinforcement learning, to enhance reasoning
abilities (Guo et al. 2025; Yang et al. 2025).

Intriguingly, recent studies have uncovered latent reason-
ing potential within purely pre-trained Base LLMs. For in-
stance, (Wang and Zhou 2024) demonstrates that, when sam-
pling multiple responses from an LLM for a given problem,
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CoT-style answers are frequently present among the diverse
outputs, even though the default greedy decoding yields only
direct answers. Complementarily, (Wang and Xu 2025; Bi
et al. 2025) shows that the presence of CoT can be effectively
assessed from the model’s hidden states, revealing a strong
correlation between intrinsic reasoning capabilities and these
internal representations. These findings underscore that pre-
trained LLMs contain unlocked reasoning abilities tied to
their hidden states, prompting efforts to enhance such models
by directly manipulating these representations. Existing ap-
proaches primarily rely on linear activation steering, which
computes and applies a pre-defined control vector with fixed
steering strength in a single step to redirect the model’s gen-
eration toward reasoning-oriented trajectories (Hgjer, Jarvis,
and Heinrich 2025; Tang et al. 2025; Hong et al. 2025).

Despite its intuitive appeal and simplicity, linear activation
steering suffers from significant limitations due to its inflexi-
ble framework. It fails to adapt to instance-specific variations
and lacks a clear optimization objective to direct the steering
process. Furthermore, it applies unbounded steering strength
without well-defined constraints. As a result, this approach
can disrupt the latent manifold structure, causing distribu-
tion shifts and degrading text quality, which ultimately leads
to deviations from the model’s natural language generation
capabilities (Da Silva et al. 2025; von Riitte et al. 2024; Li
et al. 2023a). Therefore, we pose the question: Can we solely
manipulate the hidden states to elicit CoT reasoning from a
base LLM, without distorting its language quality?

In this paper, we propose an alternative hidden states ma-
nipulation approach to elicit CoT reasoning from base LLMs
based on probabilistic conditional generation principles. The
foundation of our method lies in establishing a connection be-
tween hidden states manipulation and latent variable learning
within a conditional text generation framework, which re-
quires sampling appropriate hidden states from an intractable
posterior distribution that satisfy the desired condition.

Inspired by Bayesian posterior estimation (Welling and
Teh 2011), we reformulate this sampling challenge as an op-
timization problem comprising two essential components: a
likelihood term and a prior term. The likelihood term, imple-
mented as a pre-trained classifier, quantifies the probability
that hidden states satisfy the target condition, thereby guiding
these states toward the desired reasoning mode. Concurrently,
the prior term functions as a regularization mechanism, con-
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Figure 1: Our method optimizes hidden states within the base LLM’s latent space to elicit Chain-of-Thought reasoning. Before
optimization, the model produces direct answers without reasoning steps; after optimization, it generates chain of thought
content. Unlike linear activation steering that may disrupt the language prior without regulations, our approach implements

guided optimization with principled constraints.

straining hidden states to remain proximate to the original
manifold structure, thus preserving linguistic coherence in the
generated text. These complementary objectives are carefully
balanced to ensure optimization convergence while main-
taining both reasoning effectiveness and linguistic fluency.
During LLM inference, our method employs gradient-based
optimization to compute hidden states that maximize this
composite objective function. This approach effectively navi-
gates the representation space to satisfy the CoT condition
while the prior regularization avoids the distribution shift and
degradation of text quality.

We evaluate our method on several reasoning benchmarks,
including mathematical, commonsense, and logical reason-
ing tasks. Our method is proven to be effective in eliciting
CoT reasoning capabilities in base LLMs compared to vector
arithmetic methods on multiple major benchmarks.

The main contributions of this work are:

1: We propose a new hidden states manipulation method
based on probabilistic conditional generation theory to elicit
CoT reasoning from base LLMs. Our approach is theoreti-
cally grounded and principled, offering advantages over con-
ventional rigid vector arithmetic methods.

2: We develop a comprehensive optimization framework
that balances likelihood maximization with prior regular-
ization, effectively guiding hidden states toward reasoning
capabilities while preserving representational integrity. We
establish theoretical bounds to guarantee this trade-off.

3: We demonstrate our method’s effectiveness through
extensive evaluation across diverse reasoning benchmarks,
consistently outperforming existing hidden states steering
approaches.

2 Background
2.1 LLM Text Generation

LLMs generate text in an autoregressive manner. Given a
sequence of tokens X = (x1, o, -+, z,) with length n, the
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probability of the sequence p(X) is factorized as:
p(X) = Hp(fihfo, C L Ti1) (D
i=1

In transformer architectures, the contextual information from
previous tokens is encoded into hidden states through multi-
ple layers of self-attention and feed-forward networks. For a
token at position ¢, the hidden state h; captures the represen-
tation of the sequence processed so far h; = fiansformer (< )-
where firansformer Tepresents the transformation through the
model’s layers, and z~; = (xg,21,...,2;-1) is the input
context. We omit the layer index of h; for simplicity.

The distribution for each token p(x;|xo,- - ,x;—1) can
then be expressed by the hidden states as

p(xs|zo, -+, xi—1) = p(x;i]h;) = softmax(h;W,), (2)

where W, is the weight matrix of the output head. This formu-
lation highlights that next-token prediction is fundamentally
determined by the hidden representation h;, which encodes
necessary contextual information for generation.

2.2 Conditional Text Generation

Conditional generation aims to produce text X that satisfies
a specific condition ¢, formally expressed as sampling from
the distribution p(X |¢), which is a wide theoretical paradigm
in language generation, such as attribute transfer (Wang, Hua,
and Wan 2019) and controllable text generation (Dathathri
et al. 2019), where the condition c is a high level semantic
attribute. Due to the nature of LLM forward computation,
the text and hidden states are jointly defined in a distribu-
tion. Formally, we can formulate the conditional generation
process as

p(X; hle) = p(X|h, c)p(hlc) = p(X|h)p(hlc).  (3)

The equality p(X|h,c) = p(X|h) holds because once
the hidden state h is fixed, the LLM’s decoding process is
fully determined and independent of the condition c. This

formulation reveals that A functions as a mediator between
the condition c and the generated text X.



To generate text satisfying condition ¢, we can employ
ancestral sampling along the causal path ¢ — h — X. This
involves two steps, first sampling a hidden state from p(h|c)
that meets the desired condition, then generating text from
p(X|h) via the decoding process of LLMs. While the LLMs
architecture already parameterized the second distribution
p(X|h), the key challenge lies in efficiently sampling from
p(h|c). The sampling process is normally intractable due to
the high dimensionality of hidden states and the complex
condition-representation relationship.

3 Methodology

In this section, we present our approach to elicit chain-of-
thought reasoning in base LLMs through hidden states opti-
mization. We first formulate the problem within a Bayesian
posterior inference framework, then derive an analytical op-
timization objective form with two complementary targets,
and develop a gradient-based optimization method for its
practical implementation.

3.1 Problem Formulation

In the conditional generation framework the hidden state h
serves as the causal mediator between CoT condition ¢ and
generated text X . By building this framework, we confront
the fundamental challenge of sampling from the posterior
distribution p(h|c) to obtain hidden states that satisfy our
desired condition. Rather than attempting sampling from the
posterior distribution, we employ Maximum Posterior (MAP)
estimation (Welling and Teh 2011) to identify the mode of
the posterior distribution, formally,

h* = argmax, [log p(hlc)]. 4)

Practically, we apply Bayesian rule to decompose the pos-

terior distribution as p(h|c) = % o p(c|h)p(h) and
the optimization target in Eq. 4is equivalent to:

h* = argmax, [log p(c|h) + log p(h)] 5)

where p(c|h) is the likelihood and p(h) is the prior term. To
solve this optimization in practice, we use gradient-based
methods starting from hy, the original hidden state obtained
from the LLM’s initial forward pass on the input context.

3.2 Deriving the Optimization Objective

We first introduce how we model the prior and likelihood
term to derive a analytical solution for the optimization target.
And then, we revise the optimization process with an adaptive
term and a regularization noise. Finally, we demonstrate the
entire process of our method.

Modeling Prior In the context of posterior estimation, the
prior distribution p(h) serves to constrain the optimization
process by penalizing large deviations from the original hid-
den state hq (Fortuin 2022), ensuring that the resulting hidden
state remains plausible and stable within a reasonable neigh-
borhood. We model this prior as p(h) x exp(—d(h, ho)),
where the probability density decreases exponentially with
the L2 distance d(h, ho) from hg.

1
—logp(h) ~ d(h, ho) §||h — hol? (6)
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More theoretical justification for this L2 regularization
term is provided in the appendix.

Likelihood Term For the likelihood term p(c|h), we im-
plement a Multi-Layer Perceptron classifier fp(h) estimating
the probability that hidden state £ exhibits the target con-
dition c. Trained on a contrastive dataset of hidden states
from both CoT and non-CoT responses (labeled positive and
negative, respectively), the classifier is optimized using cross-
entropy loss to effectively distinguish between reasoning and
non-reasoning hidden states. More details are provided in the
experiments.

With the above two components, we can rewrite the opti-
mization target as:

h* = argmax, [log fo(h) — d(h, ho)] @)

And we can use gradient ascent to update the hidden state
with a step size a:
hit1 = he + aVy(log fo(ht) — d(he, ho)] (3)
Adaptive Step Size and Random Noise Drawing from
gradient descent principles (Ge et al. 2019), we imple-
ment an adaptive step size o, that dynamically decays as
the fy(h:) approaches the target value, ensuring both ef-
ficient convergence and optimization stability, defined as

% where 7 is the target value of the opti-
mization and « is the initial step size. Further, to facilitate
exploration beyond local minima and ensure authentic sam-
pling from the distribution (Welling and Teh 2011), we in-
corporate Gaussian noise z ~ A(0, I) into the optimization
process.

Using gradient ascent with the adaptive step length and
random noise, the iterative updating on h at timestep ¢ can
finally be formulated as

hip1 = he + aVip[log fo(hy) — Xd(he, ho)] + Vg -z (9)
where ) is a hyperparameter that controls the trade-off be-
tween the likelihood term and the prior distribution. The
trade-off between them helps to balance two competing ob-
jectives: steering the hidden state toward CoT reasoning mode
while maintaining its proximity to the original language man-
ifold. The complete optimization procedure is presented in
Algorithm 1.

3.3 Balancing Likelihood and Prior

Determining proper bounds for A is crucial, as inappropriate
values may fail to reach the CoT mode or push hidden states
off-manifold, resulting in incoherent text generation. In this
section, we establish theoretical bounds for A from two per-
spectives: ensuring gradient alignment with the likelihood
objective, and maintaining appropriate step magnitude during
update.

Aligning Optimization Direction The gradient of the like-
lihood term V', (log fy(h+)) directly points toward the CoT
mode. For effective optimization, we expect the overall gradi-
ent of Eq. 9 to closely align with this CoT-inducing direction,
which we achieve by maximizing their cosine similarity, en-
suring the updates predominantly towards CoT mode. Denote
the gradient of h in Eq. 9 is V**, and denote V ((log fo(ht)))
is V*. By maximizing the cosine similarity Cos(V*, V**),
we can derive the upper bound of .

ap = Qg -+



Lemma 1. Assume that the cosine similarity is larger than
1 — €., where €. is a positive small number close to 0. At any
timestep t, A must be smaller than the upper bound as

€3, Vi©

n

T2 ey x VS

where n is the length of h, and hy; and NV} denotes the i-th
item in hy and V™, respectively.

(10)

The detailed proof of Lemma 1 is in the appendix. With the
upper bound stands, A can be guaranteed to be a very small
positive number. This helps keep each step of the gradient up
on the correct path.

Maximizing the Distance. Beyond proper directional
alignment, we also need to calibrate step magnitude during
optimization to prevent drifting outside from the distribution.
Therefore, the distance between d(hy41, ho) is expected to
get smaller at each iteration. At timestep ¢, we assume that

h¢y1 is a special case of h:41 where A = 0 as
i"t—i-l = ht + ach(IOg f@(ht)) + \/OTt - 2. (11)

We can minimize d(h¢41, ho) by maximizing d(ﬁt+1, ho) —
d(h¢s1, ho). Detailed proof is in the appendix.

Lemma 2. Assume that ||hyi1| — ||hes || is larger than a
positive number €4. Ignoring the regularization term and
denoting the cosine of angle < hyi1, Vi (||he]]) > as Cy,
the lower bound of )\ can then be derived using the cosine
theorem as

L Vit [he]] - Ce — /IV* + [[he]| - Ci]% — €
Vi (llhell)

See detailed proof in the appendix.

A

12)

With Lemma 1 and Lemma 2 working together, the range
of Ais

V* + ||l - Co = IV 4 el - Ci2 — &
Vi ([[hell)

<A

i=1 s
€c Z;z vi2
25 gy x Vi

With this constraint, the optimization maintains both up-
date directional alignment and appropriate step size magni-
tude. Each optimization step ensures the hidden state moves
efficiently toward the CoT reasoning mode while remaining
within the proximity of the natural language distribution.

13)

4 Experiments
4.1 Setup

Datasets: We evaluate our method on three reasoning task
types: math, commonsense, and logical. For math, we select
four well-known datasets: GSM8K (Cobbe et al. 2021), Mul-
tiArith (Roy and Roth 2016), SVAMP (Patel, Bhattamishra,
and Goyal 2021), and MAWPS (Koncel-Kedziorski et al.
2016), which encompass a range of problem difficulties
and structures. We also choose two popular commonsense
datasets: CommonsenseQA(C-QA) (Talmor et al. 2018) and

33785

Algorithm 1: Hidden State Optimization for Chain-of-
Thought Reasoning

Require: A base LLM, trained classifier fy, input tokens
X, target layer [, trade-off ), step size «y, threshold 7,
maximum iterations 7', generation length n

Ensure: Hidden stats are optimized to desired mode.

1: for:=1tondo

2 A« LLM.forward(X, 1) > Layer [ Forward

3: if fo(h()) < 0.5 then > Optimize negative samples
4: hgl) — h(()l) > Initialize optimization
5 fort =1toT do
6: g« Villog fo(B) = xd(r{" n{")]
Compute gradient
7: Qi 4 ag- lr=Jo(hi2)] > Adaptive step length
|fo (hG)|+e
8: h§21 — hil) +ag+ oy -z > Update
9: if fo(h\"))) > 7 then
10: break > Stop when condition is satisfied
11: end if
12: end for
13: end if

14: LLM.update_layer_activation(l, hgﬂzl )

15: x; < LLM.forward_from_layer(!) > Update hidden
state and continue forward pass

16: X+~ XUz

17: end for

18: return X

> Update input context

> Return generated text

StrategyQA(S-QA) (Geva et al. 2021) and two popular log-
ical datasets: Objects Tracking (Srivastava et al. 2022) and
Coin Flip (Srivastava et al. 2022). LLMs: We choose four
solely pre-trained base LLMs: Mistral-7b (Jiang et al. 2023),
Gemma-7b (Team et al. 2024), Qwen1.5-4b (Bai et al. 2023)
and Phi-1.5 (Li et al. 2023b), running on NVIDIA 4090
GPUs.

Classifier and Hidden states: To build the training dataset
for our classifier, we first generate paired responses for each
problem. We input problems from the GSMS8K training set
into Mistral-7b and sample multiple responses per problem.
These responses are then classified by GPT-4 as either CoT
(with explicit reasoning steps and correct solutions) or non-
CoT (with direct answers or irrelevant content), resulting in
a dataset of 2000 response pairs. This dataset is split into
training and validation sets in an 8:2 ratio. This paired dataset
is used to train classifiers for four base LLMs.

Next, to obtain the hidden states for training the classifiers,
we concatenate the questions and responses and feed them
into the LLM. At each layer of the LLM, we extract the
hidden states corresponding to CoT and non-CoT responses.
These hidden states are then used to train a classifier specific
to each layer. Our classifier fy is designed as a two-layer MLP
with ReL.U activations and a sigmoid output. It is trained
on these contrastive hidden states using cross-entropy loss
to distinguish between CoT and non-CoT representations
effectively. More classifier details are in the appendix.

Specifically, we consider three types of hidden represen-



Math Commonsense and Logic
LLM— Method —zerrer—MuliArth  SVAMP  MAWPS  C-QA  S-QA  Ob-T  C-Fiip
Vanilla  11.32%  1555%  52.66% 56.61% | 56.06% 5059% 33.08% 48.75%
C-DIM  1342%  17.86%  54.76% 5726% | 5547% 5031% 32.84% 49.65%
Misial7s CPCA 14520 17.65%  5524% S787% | 5632% 5185% 3383% 48.49%
CLR  1586%  1893%  5697% 58.97% | 56.94% 49.63% 34.05% 49.75%
P-SVM  1574%  2086%  56.48% 59.45% | 55.83% 51.85% 35.64%  S50.74%
DA 1515%  1935%  55.14% 57.63% | 5421% 50.04% 32.45%  49.35%
Ours 1724%  2333%  57.33% 5920% | 57.19% 52.04% 34.57% 50.87%
Vanilla  21.60%  3055%  53.33% 64.44% | 5292% 42.83% 31.68% 45.54%
C-DIM  23.64%  3563%  52.62% 65.58% | 51.38% 43.54% 32.84%  46.15%
Gommagy CPCA 24720  3948%  5534%  6574% | 5274% 4379% 3372%  46.84%
CLR  2676%  3974%  5525%  671.86% | 53.41% 42.86% 32.31% 47.71%
P-SVM  2632%  4061%  57.83% 67.53% | 53.56% 43.61% 32.86%  46.53%
DA 2575%  3943%  5647% 6649% | 52.75% 4235% 3126%  47.52%
Ours  2879%  45.11%  59.67% 69.92% | 54.78% 44.42% 34.54% 48.81%
Vanilla  49.06%  89.00%  5433% 6524% | T1.67% 5341% 28.54% 52.78%
C-DIM  50.63%  8874%  55.14% 64.62% | 72.74% 54.52% 30.39% 53.41%
wenlsdp CPCA 49.74%  89.78%  5545% 65.04% | 7109% 55.75% 3142%  52.63%
CLR  5094%  9032%  5587%  66.13% | 72.74% 55.93% 30.84%  53.82%
P-SVM  5124%  90.15%  5624% 67.45% | 73.12% 5734% 30.75%  54.84%
DA 50.02% 9L73%  5539%  66.56% | 7142% 55.65% 3046%  53.63%
Ours  5133%  91.66% 57.33% 68.62% | 73.48% 59.52% 32.45% 55.63%
Vanilla  5.60%  7.78%  11.67% 1529% | 27.93% 37.53% 31.60% 49.34%
C-DIM  543%  1045%  13.55% 15.84% | 28.14% 37.24% 31.75% 49.712%
pns CPCA  584%  1153%  12.64% 1694% | 2931% 37.85% 3248%  50.04%
: CLR  647%  1375%  13.93% 16.08% | 28.75% 38.14% 31.04%  50.75%
P-SVM  624%  1354%  1473% 1675% | 28.63% 37.95% 32.54%  49.47%
DA 685%  1456%  1491% 1631% | 29.18% 38.63% 32.79%  50.15%
Ours  674%  1667% 1500% 17.50% | 29.84% 39.74% 34.33% 51.27%

Table 1: Problem-solving accuracy comparison between our method and baseline approaches across diverse reasoning tasks.
Bold values indicate best performance for each model-dataset combination. Our approach consistently improves performance
across nearly all models and datasets. Vanilla is defaultgreedy decoding performance.

tations in each transformer layer: the activations from the
self-attention component(ATTN), the multi-layer percep-
tron(MLP) component, and the integrated layer output(INT-
Layer). During optimization, we select the hidden state type
with the best classification performance to ensure effective
steering of the model’s reasoning capabilities. Additionally,
we choose the optimization layers from the top 50% of layers
based on their classification performance. The justification
for this selection strategy is detailed in Section 4.5.

4.2 Evaluation Metrics

Answer Accuracy: The correctness of answers, which tends
to be higher when CoT reasoning is present in the gener-
ated text. Fluency: Weighted average of bi- and tri-gram
entropies, calculated as — ), f(k)log, f(k), where f(-) is
the n-gram frequency and k denotes each unique n-gram in
the text (Meng et al. 2022). Perplexity: Measure the model’s
ability to model the response, with higher values indicating
weaker modeling capability and a shift in distribution during
optimization. GPT40 Judge Score: We use GPT-40 to eval-
uate the reasoning content in generated text, scoring from 0
(direct answers without reasoning) to 1 (detailed chain-of-
thought content). The prompt is the appendix.

4.3 Answer Accuracy Results

Config: We set hyperparameters as follows: maximum iter-
ations at 200, o at 0.1, A at 0.01, and 7 at 0.9. Hyperpa-
rameter analysis is discussed in Section 4.4. For input for-
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matting, we use a straightforward question-answer template:
“Question:[question] \nAnswer:” without additional prompt-
ing techniques. For hidden states, we select integrated layer
output for Mistral-7B and Gemma-7B, and self-attention
activations for Qwen1.5-4b and Phi-1.5, based on their clas-
sification performance.

Baselines: We compare action steering methods that mod-
ify hidden states with control vectors from various tech-
niques:

- Difference in Mean(C-DiM) (Hgjer, Jarvis, and Heinrich
2025): Constructs a control vector by calculating the differ-
ence between average representations of CoT and non-CoT
examples.

- Principal Component Analysis(C-PCA) (Zou et al. 2023):
Creates a control vector by finding the principal component
of differences between sampled CoT and non-CoT represen-
tations.

- Logistic Regression(C-LR) (von Riitte et al. 2024): Trains
a logistic regression model on CoT and non-CoT hidden
states, using the weight vector as the control vector for rea-
soning direction.

We also compare activation editing methods:

- Boundary Projection in SVM(P-SVM) (Huang, Chen,
and Umrawal 2025): Trains an SVM to obtain a classification
hyperplane, then projects negative sample representations
onto this boundary surface.

- Directional Ablation(DA) (Arditi et al. 2024): Ablates
the negative DiM control vector by projecting activations
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Figure 2: Impact of different A values on the iterative opti-
mization process, demonstrating how this hyperparameter
influences the optimization convergence.

orthogonal to this direction, eliminating the model’s tendency
to refrain from reasoning.

All baseline methods intervene at the same layers as our
method, and the strength of the control vectors is uniformly
set to 1 for consistency in comparison. For all experiments,
the sampling strategy in text generation is set to greedy sam-
pling.

Analysis: Table 1 presents a comprehensive comparison of
answer accuracy between our method and various baselines
across multiple LLMs and tasks. The Vanilla baseline repre-
sents the performance of unmodified greedy sampling with-
out any intervention on the model’s hidden states. Control
vector-based methods achieve only marginal improvements
in almost all tasks, likely due to their inability to precisely
steer activations toward optimal regions and their lack of
regularization during the steering process.

Our method, in contrast, demonstrates substantial im-
provements across nearly all LLMs and domains, with
particularly impressive results on math reasoning bench-
marks—achieving performance gains of up to 14.56% on
MultiArith using Gemma-7b and 8.89% on MultiArith us-
ing Phi-1.5. These significant enhancements validate our
approach’s effectiveness in unlocking latent chain-of-thought
reasoning capabilities inherent in base models.

While improvements on commonsense and logical rea-
soning tasks are more modest, they remain consistent, with
an average gain of 1.8% over other baselines. This perfor-
mance differential suggests these tasks may demand more
domain-specific knowledge beyond pure reasoning ability.
Furthermore, all classifiers are trained on Mistral-7B data
but generalize well to other models, showing strong method
transferability.

4.4 Optimization Config Analysis

In this section, we analyze the sensitivity to hyperparameters
like A and target threshold 7. \ balances likelihood and prior
terms and 7 sets the classifier output threshold.

Trade-off between likelihood and prior terms: Figure 2
illustrates how varying \ affects the optimization dynamics
through three key metrics: logit value of classifier fy(h), L2
distance |h; — ho|? across A values from 0 to 5.

When A is small (0-0.1), the likelihood term dominates
the optimization, leading to a consistent increase in fy(h¢),
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Figure 3: Upper: Impact of different A values on our method’s
performance, roughly showing the optimal range. Lower:
Comparative analysis of activation steering with different
strength. The dashed line in the figure represents the perfor-
mance of the greedy decoding baseline.

with values of fy(h:) being very close across different A in
this range, while the L2 distance grows as h, diverges from
the initial state hg, similarly showing close values among
different A\. As A exceeds 0.1, the prior term becomes more
influential, leading to quicker saturation of classifier output
at lower values. Meanwhile, the L2 distance converges faster
to smaller final values, accelerating the optimization process
to earlier equilibrium.

Figure 3 illustrates how our method’s performance changes
as the hyperparameter A varies. For A in the range of 0-0.01,
we observe an increase in performance alongside decreas-
ing language quality, indicating an optimal operating region
where the optimization process effectively balances the trade-
off in Section 3.3. This sweet spot enables enhanced reason-
ing capabilities while maintaining high text quality. As \ ex-
ceeds 0.01, language quality drops significantly, and reason-
ing performance also decline, indicating the prior term dom-
inates, restricting exploration of effective reasoning paths.
Nevertheless, across all A values, both metrics consistently
surpass the vanilla baseline, showing enhanced reasoning
capabilities regardless of hyperparameter settings.

For comparison, we plot the curves for C-LR, which uses
an additive control vector with adjustable strength. Results
show that C-LR’s reasoning performance improves and lan-
guage quality decreases for strength values between 0 and
2, yet it still underperforms compared to our method even
at optimal strength. Moreover, as strength increases, perfor-
mance collapses below the greedy decoding baseline, and
language quality deteriorates drastically, severely disrupting
the model’s output structure. This highlights our method’s
superior stability and effectiveness across its parameter range.

Evaluation of 7: In this evaluation, we assess the sensi-
tivity of our method to 7, the target threshold for classifier
output, which is crucial for guiding the optimization process.

Table 2 show the results of varying 7 from 0.5 to 0.99 to
observe its impact, using Mistral-7b on the GSMS8K dataset
for validation. Here, 7 = 0.5 represents the classification
boundary. As 7 increases from 0.5, reasoning performance,
reflected in both accuracy and GPT score, steadily improves,



T Accuracy GPT-Score Fluency Perplexity

0.50  13.57% 0.16 5.56 5.32
0.60 14.56% 0.18 5.46 542
0.70  15.56% 0.19 5.35 5.47
0.80  16.56% 0.23 5.33 5.53
090 18.24% 0.25 5.27 5.59
092 18.26% 0.26 5.25 5.61
095 18.35% 0.26 5.25 5.63
099 18.45% 0.27 5.24 5.65

Table 2: Analysis of different 7 values on the iterative opti-
mization process, using Mistral-7b on GSM8K

LLM layers-Topk MLP(81.23) ATTN(83.45) Int-Layer(91.62)

10% 12.64% 13.42% 15.86%
- 20% 14.52% 14.74% 16.83%
= 30% 15.24% 15.51% 17.86%
g 40% 15.74% 16.26% 18.93%
é 50% 15.74% 17.86% 18.24%
70% 15.74% 17.86% 18.56%
90% 16.83% 18.93% 18.78%

LLM layers-Topk MLP(83.47) ATTN(81.73) Int-Layer(92.31)
10% 21.79% 21.45% 23.86%
© 20% 22.37% 22.26% 24.73%
n 30% 23.65% 23.59% 25.93%
g 40% 24.34% 24.07% 27.46%
g 50% 24.84% 24.85% 28.79%
© 70% 24.98% 25.14% 29.14%
90% 25.14% 25.55% 29.32%

Table 3: Optimization layers and hidden states analysis, using
Mistral-7b and Gemma-7b in GSM8K. We select the top-k
layers based on the classification performance of the MLP,
ATTN, and Int-Layer hidden states. The average classification
F1 scores for each hidden state type are annotated.

reaching saturation around 7 = 0.9, while language qual-
ity remains stable. When 7 exceeds 0.9, the performance
gains become marginal, indicating that further increases in
the threshold beyond this point yield diminishing returns in
reasoning improvement.

4.5 Hidden States and Layer Analysis

In this experiment, we examine the effect of varying hidden
states and layers during representation optimization.

Table 3 displays the answer accuracy for Mistral-7b and
Gemma-7b across these variations, along with the classifi-
cation F1 score for each hidden state. Layers are ranked by
classification accuracy in descending order, and the top-k
layers are chosen for optimization.

The results show a correlation between classification
performance and optimization effectiveness. Both models
achieve the greatest improvements with hidden states yield-
ing the best classification results. As the proportion of top-k
layers rises from 10% to 50%, accuracy improves signif-
icantly, but beyond 50%, gains become marginal, making
additional layers less cost-effective due to increased compu-
tational demands. More comprehensive overhead analysis is
provided in the appendix.

33788

5 Related Work

Representation Engineering in LLMs Representation en-
gineering (Zou et al. 2023) posits that LLM hidden states
encode high-level concepts as causal factors, enabling output
control through manipulation of these representations. This
approach has proven effective across domains: reducing hallu-
cinations through truthfulness patterns (Li et al. 2023a; Xiao
et al. 2024; Liu, Ye, and Zou 2024), rejecting harmful content
via activation patterns (Lee et al. 2024; Wang, Whyte, and
Xu 2024), modulating pesonality traits and political perspec-
tives (Zhu et al. 2024; Kim, Evans, and Schein 2025), and
enhancing reasoning capabilities (Hgjer, Jarvis, and Heinrich
2025; Wang and Xu 2025; Hong et al. 2025; Tang et al. 2025;
?). Despite these advances, most are remain constrained by
linear steering paradigms without sophisticated optimization
frameworks.

Reasoning Ability Enhancement in LLLMs Methods to
improve LLMs’ reasoning abilities can be categorized into
tuning-based and prompting-based approaches. Tuning-based
methods rely on high-quality data and supervision. (Zelikman
et al. 2022; Zhang et al. 2024; Hoffman et al. 2024) bootstrap
reasoning via iterative generation and filtering; Deepseek-
R1 (Guo et al. 2025) employs outcome-based rewards to rein-
force reasoning capabilities. Prompting-based methods utilize
LLMs’ few-shot learning (Wei et al. 2022) and instruction-
following abilities (Yao et al. 2023; Kojima et al. 2022) to
elicit reasoning patterns through carefully designed prompts.
While effective, these approaches rely on external resources
to enhance reasoning, rather than leveraging the intrinsic
reasoning capabilities already encoded within LLMs’ repre-
sentations.

6 Discussion and Limitations

While effective, as an inference-time computation technique,
our method can only unlock intrinsic reasoning abilities rather
than inject new capabilities. For models with limited intrinsic
reasoning capacity established during pre-training, our ap-
proach cannot create non-existent capabilities. Additionally,
our method’s effectiveness depends significantly on the clas-
sification performance related to representations and layer
selection; improper choices may lead to suboptimal results
by failing to accurately capture the relevant reasoning states.
Looking ahead, we envision integrating our method with
post-training techniques to further amplify the reasoning ca-
pabilities of LLMs.

7 Conclusion

We present a principled gradient-based activation optimiza-
tion method to elicit CoT reasoning from base LLMs.
Grounded in probabilistic generation theory, our approach
derives an analytical objective from Bayesian principles that
balances likelihood and prior terms—theoretically guaran-
teed to activate reasoning without causing distribution shift.
Experiments across diverse reasoning benchmarks demon-
strate our method consistently outperforms vector arithmetic
approaches while maintaining textual coherence. This work
offers a theoretically sound approach to enhance reasoning
in foundation models without additional training.
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