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Abstract

Despite impressive breadth, LLMs still rely on
explicit reasoning instructions or static, one-
fits-all steering methods, leaving a gap for adap-
tive, instruction-free reasoning amplification.
We present Prototype-Based Dynamic Steer-
ing (PDS), a test-time method that amplifies
large language model (LLM) reasoning without
adding or altering instructions. We introduce
“reasoning prototypes” by clustering activation
differences between Chain-of-Thought (CoT)
and neutral prompts. At inference, an input’s
hidden state is projected onto these prototypes
to form an instance-specific steering vector.
Evaluated on GSM8K, AQuA-RAT, and BIG-
Bench tasks, PDS consistently improves accu-
racy without fine-tuning or prompt engineering.
Notably, the gains persist even when CoT is ex-
plicitly suppressed to improve cost-efficiency,
indicating that the intervention strengthens la-
tent reasoning processes rather than inducing
a superficial behavioral shift. These results po-
sition dynamic, prototype-guided steering as
a lightweight alternative to training-time ap-
proaches for enhancing LLM reasoning.

1 Introduction

The performance of Large Language Models
(LLMs) for different tasks across various do-
mains has been remarkable (Brown et al., 2020;
Grattafiori et al., 2024). Their ability to generate
human-like text, answer questions, and perform
complex reasoning tasks has been proven many
times. However, their black-box nature poses chal-
lenges for safety, reliability, and alignment. A criti-
cal research area is the development of methods for
steering which is the ability to guide a model’s out-
put towards desired attributes (truthfulness, specific
tones, jailbreak etc.) or away from undesired ones
(toxicity, gender bias etc.) (Wang et al., 2025; Ko-
nen et al., 2024; Postmus and Abreu, 2025; Lamb
et al., 2025).

Traditional methods for steering, such as fine-
tuning, are computationally expensive, require
large datasets and can cause catastrophic forget-
ting of other desired behaviors (Ouyang et al.,
2022; Rafailov et al., 2024). A more recent and
lightweight alternative is the use of steering vectors
(Turner et al., 2023; Postmus and Abreu, 2025).
These vectors, when added to internal activations
at specific layers, can effectively shift the model’s
behavior in a targeted manner. With in-context
learning, prior work typically constructs these vec-
tors from the difference in activations elicited by
carefully chosen pairs with contrast on a specific
semantic attribute, such as sentiment, formality,
or reasoning presence. These prompts are usually
handcrafted or selected from curated datasets to
contrast specific behavioral attributes, such as help-
fulness, conscientiousness or politeness (Konen
et al., 2024; Yang et al., 2025).

The most widely used technique for construct-
ing steering vectors is difference-of-means (DoM),
which defines the steering vector as the difference
between the means of the contrastive prompts from
the training set. While effective, static techniques
like difference-of-means apply the same interven-
tion to every example in a test set regardless of
context. A single difference-of-means vector cap-
tures an average behavioral shift but cannot adapt
to the nuanced requirements of different problems
within the same domain. For instance, different
mathematical reasoning problems may benefit from
different reasoning strategies, yet current methods
apply identical steering across all inputs.

In this paper, we propose a robust and data-
driven approach for constructing steering vectors
during inference time, referred to as Prototype-
Based Dynamic Steering. As described in Figure
1 instead of using static steering vectors, we learn
a set of “prototype” vectors that represent differ-
ent fine-grained target behaviors from the train-
ing set examples. In reasoning tasks specifically,
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Figure 1: Overview of technical differences between Difference-of-Means and proposed Prototype-Based
Dynamic Steering. Instead of using a single vector for each sample like DoM, PDS leverages the projections of
input activations onto prototypes to compute the steering vector, which is then injected into the model’s residual

stream to enhance reasoning behavior.

those could be various strategies happening during
models’ step-by-step reasoning. We discover these
prototypes by clustering activation differences be-
tween Chain-of-Thought (CoT) prompts (Wei et al.,
2023) and neutral prompts, where different clusters
may capture distinct reasoning strategies embed-
ded in the activation space. After learning reason-
ing prototypes, for any new input, we construct a
unique, tailored steering vector at inference-time
by summing the projections of input activations
onto prototypes which allows each prototypes to
contribute to the construction of the steering vec-
tor according to their match with the ongoing rea-
soning context. The resulting vector provides a
context-aware representation of the ongoing rea-
soning process at the beginning of the decoding.
This way, each test example is guided by its custom
steering vector, instead of a one-size-fit-all one in
the standard difference-of-means technique.

Our approach is grounded in a fundamentally
different view of behavioral steering. Traditional
methods such as DoM assume that complex behav-
iors can be shifted by a single, universal direction
in activation space, a “behavioral uniformity” view
that considers variation in reasoning approaches as
noise. In contrast, we argue that reasoning is not
monolithic but arises from combinations of mul-
tiple distinct cognitive strategies, each occupying
a structured subspace of intermediate activations.
PDS is designed to leverage this diversity: by pro-
jecting input activations onto a basis of reasoning
prototypes, it performs input-responsive steering —
dynamically selecting the optimal blend of strate-
gies for the specific problem at hand. This perspec-
tive reframes steering as problem-tailored enhance-
ment rather than one-size-fits-all intervention, and

it underpins every design choice behind PDS.

To evaluate the effectiveness of our method, we
apply Prototype-Based Dynamic Steering across
three prompting strategies regarding CoT: encour-
aging (CoT), discouraging (Anti-CoT), and making
no special requirement (Neutral). In the Neutral
setting, our method successfully induces CoT-like
behavior and improves accuracy, demonstrating
its ability to enhance reasoning by shifting the
model toward step-by-step problem-solving. In
the Anti-CoT case, where prompts explicitly dis-
courage step-by-step reasoning, our method does
not override such discouragement to evoke CoT,
but it still leads to a substantial performance gain,
suggesting that steering can also improve reason-
ing quality without altering the high-level behavior.
These findings indicate that our method supports
reasoning enhancement through two complemen-
tary pathways: (i) behavioral shift toward CoT-
style reasoning, and (ii) activation-level refinement
that improves performance without extra tokens.

In summary we propose a novel method for dis-
covering behavioral prototypes by clustering acti-
vation difference vectors, a dynamic steering mech-
anism that constructs an input-specific steering vec-
tor during inference time by projecting the current
activations onto the learned prototypes. We show
that PDS outperforms DoM on the GSM8k (Cobbe
et al., 2021), AQuA-RAT (Ling et al., 2017) and
BIG-Bench (Srivastava et al., 2022) benchmarks.

2 Related Work

A growing body of work (Turner et al., 2023;
Subramani et al., 2022; Rimsky et al., 2024; Li
et al., 2023; Arditi et al., 2024; Chen et al., 2025;
Liu et al., 2024; Hernandez et al., 2024; Dunef-
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sky and Cohan, 2025; Lee et al., 2025; Li et al.,
2025) shows that steering vectors enable adjustable
control of large language models without altering
model weights. We situate our approach within
four complementary research directions.

Foundations of Activation Steering The linear
representation hypothesis holds that semantic fea-
tures correspond to linear directions in transformer
activation spaces (Park et al., 2025; Cunningham
et al., 2023). Early explorations confirm that model
behavior, such as sentiment, can be modulated
via directed activation interventions (Tigges et al.,
2024). Subramani et al. (2022) initiates latent
steering by extracting meaningful activation dif-
ferences, and Turner et al. (2023) formalizes activa-
tion addition for steering model behavior. Rimsky
et al. (2024) advances this via Contrastive Acti-
vation Addition (CAA), averaging differences be-
tween contrasting data pairs for reliable alignment
steering. Recent geometric and norm-preserving
techniques such as Householder Pseudo-Rotation
(Pham and Nguyen, 2024) and Angular Steering
(Vu and Nguyen, 2025) address issues of instability
in additive steering, offering smoother and more
precise behavior control.

Behavioral Steering via Difference-of-Means
Building on contrastive activation ideas, several
studies compute steering vectors by taking differ-
ences in mean activations across paired datasets
(Turner et al., 2023; Rimsky et al., 2024; Li et al.,
2023). For example, Li et al. (2023) uses sparse
linear probes to identify truth-oriented directions,
achieving substantial performance gains on Truth-
fulQA (Lin et al., 2022). Similarly, Zou et al.
(2025) extracts activation vectors representing ab-
stract targets like honesty and emotions using this
contrastive paradigm. Arditi et al. (2024) identi-
fies and manipulates a single refusal direction, im-
pacting safety-labeled model behavior. The SEAL
method (Chen et al., 2025) further refines CoT out-
put steering by dampening transitional and reflec-
tive reasoning steps, improving results on GSM8K
and Math500 benchmarks (Cobbe et al., 2021).
Moreover, newer contrastive prompting approaches
such as Contrastive Prompting (Yao, 2025) and
Learning from Contrastive Prompts(Li et al., 2024)
improve reasoning by explicitly eliciting correct
and incorrect chains. Spectral Editing of Activa-
tions (SEA) (Qiu et al., 2024) addresses high vari-
ance in difference-of-means methods by construct-
ing robust steering directions via covariance-based

subspace projection.

Alternative Steering Interventions Beyond
residual-based activation addition, steering meth-
ods also operate on attention activations and across
full transformer layers. Liu et al. (2024) demon-
strates that attention-layer interventions can steer
toxicity and stylistic traits. Hernandez et al. (2024)
explores fine-grained knowledge manipulations to
inspect or edit internal representations. Studies
like Dunefsky and Cohan (2025) directly opti-
mize steering vectors using single examples with
gradient-based methods, leading to high success in
suppressing unwarranted refusal behavior across
safety benchmarks like HarmBench (Mazeika et al.,
2024). Lee et al. (2025) treat each transformer’s
layer bias term as a trainable vector, leveraging
this structure to match or exceed fine-tuned refusal
control without weight updates.

Prototype-Based & Sparse Autoencoder Meth-
ods Prototype-driven frameworks add inter-
pretability and causal clarity to steering. Sparse
autoencoder (SAE)-based methods also extract
feature directions and monosemantic latent fea-
tures from raw CoT traces or residual activa-
tions, enhancing reasoning by overcoming poly-
semanticity and aiding precise behavioral interven-
tion through more interpretable latent features (Li
et al., 2025; Cunningham et al., 2023). These ap-
proaches help pinpoint which latent features di-
rectly cause behavior and can be manipulated for
targeted control. Studies further consolidate sparse-
autoencoder techniques for interpreting and steer-
ing LLMs (Shu et al., 2025). Prototype-based inter-
pretability has shown promise beyond vision appli-
cations: NLP extensions of prototypical networks
demonstrate that models could learn inherently in-
terpretable embeddings during fine-tuning, captur-
ing representative features for downstream tasks
while maintaining competitive performance and
transparency at both token and sample levels (Xie
et al., 2023). Mechanistic and geometric analyses
reveal structured, often orthogonal subspaces in
LLM representations, underpinning many steering
techniques that treat high-level behaviors as latent
directions (Geva et al., 2021; Park et al., 2025).

Positioning of Our Work Mentioned studies tar-
get properties such as truthfulness, refusal, or the
reasoning structure of outputs. In many cases, im-
provements are achieved by shifting model behav-
iors, particularly causing certain CoTs. In contrast,
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Figure 2: Overview of prototype discovery in
Prototype-Based Dynamic Steering. Activation dif-
ferences are extracted for the contrast input pairs. Cen-
troids obtained after K-Means clustering are treated as
reasoning prototypes.

PDS intervenes at the activation level and aims
to enhance latent reasoning rather than modifying
output form. Consequently, these approaches are
not direct baselines for PDS, either in task formula-
tion or methodological approach, but rather address
complementary dimensions of model behavior. We
build on these insights but depart in two key ways.
First, instead of a single difference-of-means vec-
tor, we learn a prototype set: a small basis that
captures diverse facets of the target behavior, mak-
ing the intervention more interpretable and robust.
Second, by projecting inference-time activations
onto learned prototypes, the steering vector for the
input is constructed as a function of the information
related to the problem at hand. Collectively, the
literature demonstrates that steering vectors are an
emerging technique for interpretable LLM align-
ment. Our contribution extends this paradigm by
introducing prototype-based steering.

3 Methods

Our method consists of three stages: (1) collecting
activation difference vectors representing CoT in-
ducing behavior, (2) discovering a set of “reasoning
prototypes” by clustering these difference vectors,
and (3) using these prototypes to construct an input-
specific steering vector for each input dynamically,
during inference. We provide theoretical justifica-

tion for each component and detailed analysis of
the geometric properties of the resulting prototype
space.

Activation Difference Collection The founda-
tion of our approach rests on the hypothesis that
behavioral transformations in neural networks can
be captured as directions in activation space (Park
et al., 2025; Cunningham et al., 2023). For reason-
ing, we seek to identify the transformation from
neutral problem-solving to explicit step-by-step rea-
soning while preserving the nuanced variations that
different problem types require. For each training
example z; from a particular dataset’s training split,
we generate two carefully designed prompt variants
that isolate the reasoning transformation:

* picor: The CoT prompt, e.g.,“Question:
[problem text]... Let’s think step by step. An-
swer: ”

® Dineutral: The neutral prompt, e.g., “Ques-
tion: [problem text]... Answer:”

The CoT prompt explicitly encourages step-by-step
reasoning through the instruction phrase, while
the neutral prompt represents the model’s default
problem-solving approach without explicit reason-
ing guidance. This design ensures that activation
differences can be attributed specifically to the
reasoning transformation rather than confounding
task-specific variations. We process both prompts
through the model and extract the final token’s hid-
den state activation h; at layer [. We empirically de-
termine that mid-to-late layers provide optimal sig-
nal for reasoning behaviors, consistent with prior
work suggesting middle layers capture higher-level
semantic processing (Liu et al., 2023; Skean et al.,
2024; Zheng et al., 2025). From these activations,
we compute a set of V activation difference vec-
tors:

D ={d,do,....dy}

d; = Iy (pi,CoT) — hy (pi,neutral)

Each vector d; represents a specific guidance for
reasoning transformation for problem x;. Crucially,
these vectors do not simply capture the average
shift toward reasoning like DoM, but encode each
specific problem’s idiosyncratic characteristics that
may include solution strategies.

Prototype Discovery via Clustering Traditional
difference-of-means approach computes the aver-
age activation difference vector, effectively discard-
ing the rich diversity present in the set of activation
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differences. Our central insight is that this diver-
sity contains valuable information about distinct
reasoning strategies that should be preserved and
leveraged rather than averaged away. We apply k-
means clustering (MacQueen, 1967; Lloyd, 1982)
to discover latent structure in the difference vector
space:

{1, po, ..., i} = k-means(D, k)

The choice of k-means clustering is motivated by
several theoretical and practical considerations. K-
means groups activation differences into clusters
that correspond to distinct problem solving strate-
gies. The centroid of each cluster represents an
average activation shift towards the associated rea-
soning style, making it usable as a targeted steering
direction. The number of clusters k is determined
via the elbow method, using the within-cluster sum
of squares criterion. Each cluster centroid 1.; repre-
sents a reasoning prototype - a canonical direction
in activation space corresponding to a specific rea-
soning strategy.

Theoretical Justification for Prototype-Based
Steering We provide theoretical motivation from
complementary perspectives to answer the question
“Why should prototype-based clustering capture
meaningful behavioral structure?”

1. Geometric Perspective: If reasoning behav-
iors occupy a structured subspace in activation
space, then clustering activation differences
should recover the principal directions of this
subspace. The success of our method provides
empirical evidence that mathematical reason-
ing indeed occupies such a structured region,
validating the linear representation hypothesis
for complex cognitive behaviors. (Park et al.,
2025; Cunningham et al., 2023).

2. Cognitive Perspective: Mathematical
problem-solving involves multiple strategies
that share core computational principles
but differ in execution details. Clustering
activations identifies these strategic variations,
enabling dynamic selection of appropriate rea-
soning approaches based on problem-specific
characteristics.

3. Information Theoretic Perspective: Rather
than collapsing the information in activation
differences to a mean vector, clustering pre-
serves diversity while reducing dimensionality
from N individual examples to k interpretable

o GSM8k Aqua-Rat
Condition
Baseline DoM PDS Baseline DoM PDS
CoT 71% 75% 78% 49% 50% 53%
Neutral 68% 74%  78% 46% 50% 53%

Anti-CoT 11% 18% 21% 29% 30% 31%

Table 1: Performance comparison (Accuracy %) across
prompting conditions: Baseline (no steering), Differ-
ence of Means (DoM), and Prototype-Based Dynamic
Steering (PDS) on GSM8k and AQuA-Rat benchmarks.

prototypes, balancing information retention
with computational efficiency.

Dynamic Steering via Projection Our steering
mechanism is fundamentally dynamic and input-
adaptive. For inference on a new problem, we first
pass the input prompt through the model (without
generation) to obtain activations /iy, of the fi-
nal input token at layer [. This vector encodes the
model’s initial “understanding” of the problem be-
fore generation begins. We then construct a custom
steering Vector Usteer by projecting hjppy¢ onto our
learned prototype set:

k

Usteer(hinput) = Z projuj (hinput)
=1

This projection operation exhibits three crucial
properties:

* Adaptive Weighting: The magnitude of the

constructed steering vector is computed based
on the alignment between each prototype and
the current input’s activation pattern. Prob-
lems naturally activating reasoning-related
representations produce larger weights for rel-
evant prototypes, inducing an adaptive weight-
ing of the relevant prototype.
Subspace Preservation: The sum of projec-
tions yields a vector lying entirely within the
subspace spanned by the prototypes, ensuring
steering remains within the reasoning mani-
fold rather than venturing into semantically
irrelevant directions.

* Compositional Strategy Selection: Each pro-
jection weight indicates the contribution of a
specific reasoning strategy to the final steer-
ing vector, enabling interpretable analysis of
which cognitive approaches the model consid-
ers relevant for each problem.

The steering intervention modifies activations via:

/
hinput = hinput +a- 'Usteer(hinput)
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where « is a hyperparameter controlling steering
strength. We apply this intervention selectively to
the first output token only, maximizing impact on
reasoning initiation while minimizing interference
with subsequent generation dynamics.

Layer n-1 Step 1: Steering Vector Calculation

¥ aan] B]a)
Layer n Pr0j{h,-,,put,m} = 0o
[
Vsteer =0 +0+0+0
?—1
v Step 2: Steering Vector Injection
Layer n+1 /

LLM Residual input = hinput + & - Vteer

Stream

Figure 3: Overview of steering vector injection in
Prototype-Based Dynamic Steering. During infer-
ence, projections of input activations onto prototypes
are summed to compute the steering vector, which is
then injected into the model’s residual stream to enhance
reasoning behavior.

Geometric Analysis of the Prototype Space
Our empirical analysis reveals remarkable geomet-
ric properties of the learned prototypes. Computing
pairwise angles between prototypes yields a narrow
geometric composition where angular separations
are consistently within the narrow range of 8-22
degrees across different datasets and experimental
conditions. This angular clustering indicates that
all prototypes lie approximately on the surface of a
high-dimensional cone in activation space.

The Cone’s Central Axis: The central axis repre-
sents the core cognitive transformation from “di-
rect answering” to “step-by-step reasoning”. Math-
ematically, this axis corresponds to Z§:1 i =
k - mean(D), equivalent to the traditional DoM
vector scaled by k. This reveals that our prototype-
based approach contains DoM as a special case
while extending significantly beyond it.

The Cone’s Surface: Each prototype captures a
strategic variation around the core reasoning trans-
formation. These variations correspond to differ-
ent problem-solving styles, domain-specific ap-
proaches (arithmetic vs. algebraic vs. geometric),
and different mathematical abstractions. PDS can
capture these variances, unlike DoM which dis-
cards it by averaging. PDS can also amplify the
representation of input-specific information, since
the dynamic projection selects optimal combina-
tions based on activations.

4 Evaluation

Our evaluation spans three common reasoning
benchmarks. For each dataset, we (1) collect CoT-
neutral activation deltas on the training split, (2)
cluster them into reasoning prototypes, and (3) eval-
vate under Neutral, CoT, and Anti-CoT prompt
conditions using Accuracy@]1.
* GSMS8K: Grade-school math word prob-
lems requiring multi-step arithmetic reason-
ing. (Cobbe et al., 2021)

* AQuA-RAT: Multiple-choice algebraic word
problems that demand symbolic manipulation
and higher-order reasoning. (Ling et al., 2017)

* BIG-Bench Subset: We selected five tasks
that exercise distinct skills: checkmate-in-
one, physics-questions, thyming, temporal se-
quences, intersect geometry. (Srivastava et al.,
2022)

We conduct our experiments using the LLaMA-
3-Instruct-8B (Grattafiori et al., 2024) language
model. To account for the increased difficulty of
the selected BIG-Bench subset, where tasks such as
Checkmate-in-One and Physics Questions present
significant challenges for smaller models, we ad-
ditionally evaluate performance using the larger
LLaMA-3-Instruct-70B model. This comparison
allows us to assess whether our prototype-based
steering method scales effectively with model ca-
pacity and to verify that observed improvements
are not limited by the expressiveness of the 8B
model. Evaluating on both 8B and 70B variants
enables a more comprehensive understanding of
steering efficacy across model sizes.

Each dataset in our evaluation suite demands di-
verse and heterogeneous reasoning strategies, even
within seemingly domains. While GSM8K and
AQuA-RAT are both math-focused, the problems
span a variety of reasoning types. For example,
GSMSK questions require combining numerical
estimation, unit conversion, logical sequencing,
or multi-step arithmetic decomposition (e.g., “If
a pencil costs $1.25 and a notebook costs twice as
much, how much do five notebooks and three pen-
cils cost in total?”’). Similarly, AQuA-RAT tasks
involve symbolic manipulation, pattern recognition
in algebraic expressions, distractor elimination in
multiple-choice formats, and even linguistic disam-
biguation in problem phrasing (e.g., “What is the
value of z if three times the difference between x
and 4 is equal to 18?”). These subtasks demand
distinct cognitive strategies within a single domain.
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Chain-of-Thought |

Neutral | Anti-Chain-of-Thought

Dataset

No-Steering DoM PDS \ No-Steering  DoM PDS \ No-Steering DoM PDS
Checkmate-in-One 0.2% 0.6% 0.6% 0.2% 0.2% 0.0% 0.2% 0.0% 0.2%
Physics Questions 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
Rhyming 23.7% 258% 24.7% 23.7% 258%  23.7% 24.2% 247%  24.7%
Temporal Sequences 59.5% 50.5%  60.0% 57.0% 50.5% 58.5% 60.0 % 50.5%  59.5%
Intersect Geometry 34.6% 38.8% 35.4% 34.3% 36.6% 41.8% 31.2% 36.2% 32.2%

Table 2: Performance comparison (Accuracy %) across prompting conditions: No Steering, Difference of Means
(DoM), and Prototype-Based Dynamic Steering (PDS) on BIG-Bench benchmark with Llama-3-Instruct-8B model.

Dataset Chain-of-Thought | Neutral | Anti-Chain-of-Thought
No-Steering DoM  PDS | No-Steering DoM PDS | No-Steering DoM  PDS
Checkmate-in-One 9.8% 6.8% 10.4% 7.0% 7.8% 7.8% 14.8% 10.8% 15.8%
Physics Questions 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 62%  6.2%
Rhyming 23.7% 142% 25.8% 22.6% 15.8% 22.6% 26.8% 253%  25.8%
Temporal Sequences 98.5% 97.0% 98.5% 98.5% 97.5%  98.5% 98.5% 97.5%  98.5%
Intersect Geometry 38.4% 37.4% 38.4% 37.6% 40.0% 37.2% 41.4% 40.2%  40.6%

Table 3: Performance comparison (Accuracy %) across prompting conditions: No Steering, Difference of Means
(DoM), and Prototype-Based Dynamic Steering (PDS) on BIG-Bench benchmark with Llama-3-Instruct-70B model.

The BIG-Bench subset expands this diversity fur-
ther by explicitly testing spatial, temporal, linguis-
tic, and logic-based reasoning, such as determin-
ing move sequences in chess (Checkmate-in-One),
resolving event orders (Temporal Sequences), or
rhyming constraints in generative tasks.

* Neutral: Provides no reasoning cues. Ques-
tion: “[problem statement]”. Answer:

¢ Chain-of-Thought (CoT): Encourages the
model to reason step by step. Question:
“[problem statement]”. Let’s think step by
step. Answer:

* Anti Chain-of-Thought (Anti-CoT): Explic-
itly instructs the model to avoid reasoning.
Question: “[problem statement]”. Answer
immediately, without elaboration. Answer:

Our prototype-based method is applied separately
to each dataset; steering vectors are extracted from
that dataset’s training set, clustered into reason-
ing prototypes, and used for evaluation solely on
that dataset. This design avoids any unintended
cross-task leakage and ensures that prototype repre-
sentations are aligned with the unique reasoning re-
quirements of each benchmark. We evaluate three
different experiment cases:

* No Steering: The model receives no interven-
tion at the activation level.

* Difference of Means (DoM): A global steer-
ing direction is computed as the mean acti-
vation difference between CoT and Neutral
responses, then applied to each new sample
for steering.

* Prototype-Based Dynamic Steering (PDS):
Activation deltas are clustered into prototypes,
and an input-specific steering vector is con-
structed at inference time by summing the
projections of the input activations onto all
prototypes, weighting each prototype by its
alignment with the current input.

This evaluation structure allows us to test
whether fine-grained, interpretable, and dynami-
cally applied steering vectors can enhance model
performance across varied reasoning demands,
both within and across domains.

Computational Setup All experiments were con-
ducted on a high-performance computing node
equipped with 8 NVIDIA H100 GPUs (each with
80GB VRAM). We used PyTorch 2.1 and Hug-
ging Face’s Transformers library for model loading
and inference. Steering interventions were imple-
mented through forward hooks on hidden states
during inference. Each evaluation run was paral-
lelized across GPUs using batch-level distribution.
Prototype clustering and projection computations
were performed on the same hardware, with mini-
mal additional overhead relative to inference. No
fine-tuning or model weight modifications were
performed.

5 Results & Discussion

Results Across Datasets Tables 1,2 and 3
present our experimental results alongside the DoM
technique in all three benchmarks. PDS improves
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over the unsteered baseline in the majority of con-
ditions, with the largest and most consistent gains
on GSMS8K and AQuA-RAT. On the BIG-Bench
subset, results are mixed: PDS matches or exceeds
DoM in most settings, but several tasks show small
regressions relative to no steering. Our dynamic
steering method achieves improvements ranging
from 0.6% to 9.66% across different conditions
and benchmarks. The most significant gains con-
sistently occur in the Neutral and Anti-CoT con-
ditions, where the model lacks explicit reasoning
guidance. Notably, even when CoT prompting is
already present, PDS does not cause performance
degradation, suggesting that steering modifies rea-
soning patterns that prompting already has elicited.

Comparison with Difference of Means Our
method consistently outperforms Difference of
Means across datasets and conditions, while both
improve over the unsteered baseline. The superior
performance of PDS highlights the importance of
capturing behavioral diversity rather than averag-
ing it away. To distinguish directional guidance
from activation scaling, we evaluated PDS with
normalized prototypes: although the original pro-
totypes have a mean norm of 4.51, normalizing
them to unit length yields unchanged performance
across all settings. This confirms that PDS operates
through directional guidance rather than magnitude
scaling. PDS achieves consistent improvements
of up to 9.72% across GSM8k, AQuA-Rat, and
BIG-Bench, with the largest gains in Neutral and
Anti-CoT settings, where explicit reasoning guid-
ance is absent and PDS compensates for weaker
reasoning tendencies.

Scaling Behavior and Reasoning Saturation
Our evaluations show that PDS consistently en-
hances reasoning accuracy across model scales,
with larger gains for mid-sized models than for
70B models. The reduced improvements at high
capacity are expected, as larger models already ap-
proach reasoning saturation: their activation mani-
folds strongly encode average reasoning directions,
leaving limited variance to be leveraged for fur-
ther enhancement. We additionally evaluate a mid-
sized instruction-tuned model, Gemma-2-9B-IT
(Gemma Team et al., 2024), which follows the
same scale-dependent trend (Appendix Table 9):
steering yields larger gains when latent reasoning
capacity is underutilized and diminishing returns as
capacity saturates. Across datasets and prompting
styles, PDS matches or outperforms DoM, includ-

Dataset No Steering PDS A
GSM8k 11.60% 21.12%  +9.52%
Aqua-Rat 29.50% 31.50%  +2.00%
Checkmate-in-One 14.8% 15.8% +1%
Physics Questions 0% 6.2% +6.2%
Rhyming 26.8% 25.8% -1%
Temporal Sequences 98.5% 98.5% +0%
Intersect Geometry 41.4% 40.6% -0.8%

Table 4: Performance on Anti-CoT prompting

ing under Anti-CoT prompting where concise out-
puts are preserved. Preliminary sensitivity analyses
on the number of prototypes and intervention layer
show stable performance across reasonable ranges,
with low sensitivity to layer choice provided mid-
layer representations are targeted. Moderate devi-
ations from the elbow-selected k& (+2 clusters) do
not affect performance.

Reasoning Enhancement without CoT The
most impactful finding of our study is the model’s
behavior under Anti-Chain-of-Thought (Anti-CoT)
prompts, which explicitly instruct the model to “an-
swer immediately without elaboration.” Conven-
tional activation-steering methods often override
such instructions, altering output structure. In con-
trast, PDS preserves the requested response format
while still improving problem-solving capability.

Across benchmarks, PDS consistently boosts ac-
curacy in Anti-CoT settings without inducing step-
by-step reasoning. As shown in Table 1, GSM8K
accuracy rises from 11% (no steering) to 21% (+10
%), and AQuA-RAT improves from 29% to 31%
(+2 %). In the BIG-Bench tasks (Table 4), PDS
achieves +6.2% on Physics Questions and a modest
+1% on Checkmate-in-One, while preserving the
terse output style mandated by Anti-CoT instruc-
tions. This outcome is a core finding of our work
and the main proof of PDS’s contribution to en-
hancing latent reasoning capabilities. Unlike prior
steering approaches that primarily seek to change
model behavior, PDS demonstrates that substantial
reasoning gains can be achieved without altering
instruction-level outputs. By selectively strength-
ening reasoning while preserving compliance with
instructions, PDS establishes a robust intervention
paradigm for solving problems that require diverse
reasoning approaches.

Prototype Cluster Descriptions To interpret the
latent structure captured by Prototype-Based Dy-
namic Steering (PDS), we collect 50 representa-
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Cluster GPT-4.5

Gemini 2.5 Pro

Claude Sonnet-4

0 Multi-step Arithmetic Problems Multi-step Arithmetic Problems Multi-Step Calculations
1 Comparative Quantity Problems Relational & Dependent Variables Complex Multi-Variable Problems
2 Basic Quantitative Reasoning  Straightforward Two-Step Calculations Basic Arithmetic Applications
3 Complex Multi-condition Problems = Complex Proportional Reasoning Business and Real-World Scenarios
4 Financial Arithmetic Problems Rate, Cost, and Profit Cost Analysis
5 Ratio and Comparative Age Problems Logical Deduction Puzzles Fraction and Percentage Problems
6  Arithmetic with Units & Conversions Comparative Relational Arithmetic Simple Relational Problems
7 Sequential Operations & Patterns Complex Narrative Problems Complex Logical Reasoning
8 Percentage and Fraction Problems Direct Rate and Unit Problems Direct Calculation Problems
Table 5: Cluster interpretability validation for GSM8k dataset via blind evaluation.
Cluster GPT-4.5 Gemini 2.5 Pro Claude Sonnet-4
0 Rhyming Choices  Phonetic Sound Recognition Rhyming Word Recognition
1 Shape Intersections Intersection Analysis ~ Geometric Intersection Counting
2 Chess Mate-One Chess Checkmate Puzzles  Chess Mate-in-One Puzzles
3  Time Interval Deduction Logical Word Problems Schedule Logic Reasoning
Table 6: Cluster interpretability validation for BIG-Bench dataset via blind evaluation.
Cluster GPT-4.5 Gemini 2.5 Pro Claude Sonnet-4
0 Diverse Multi-Step Word Problems Advanced Word Problems Complex Multi-Step Problems
1 Basic Numerical Computation Number Properties and Operations  Basic Mathematical Operations
2 Financial & Work-Rate Scenarios Financial and Proportional ReasoningBusiness and Investment Problems
3 Fundamental Arithmetic Concepts Foundational Math Concepts Elementary Calculations
4 Geometry & Probability Applications Complex Quantitative Scenarios ~ Applied Mathematical Reasoning
5 Intensive Numeric Challenges Basic Arithmetic and Number Sense Computational Mathematic
6 Complex Algebraic & Rate Problems Rate and Change Problems Intermediate Problem Solving
7  Applied Real-World Quant Problems Applied Business and Finance Advanced Word Problems

Table 7: Cluster interpretability validation for AQuA-RAT dataset via blind evaluation.

tive prompts from each cluster and query multi-
ple large language models (GPT-4.5, Claude Son-
net 4, Gemini 2.5 Pro) to assign semantic labels.
Each model independently analyzed 50 randomly
sampled questions from each prototype’s cluster
to assign a cluster name and explain each clus-
ter without any context and information about our
methodology. Cluster-level names for each model
and dataset are provided in Tables 5, 6 and 7.

6 Conclusion

Prototype-based Dynamic Steering (PDS) is an
inference-time method that enhances reasoning in
large language models without altering weights
or prompts. By clustering activation differences
between CoT and neutral prompts, PDS uncov-
ers interpretable prototypes representing diverse
reasoning strategies. Inference-time activations
are projected onto prototypes to generate context-
sensitive steering vectors, outperforming the stan-
dard difference-of-means approach across bench-
marks and prompting styles. Crucially, PDS boosts
performance even when explicit step-by-step in-

structions are omitted, revealing latent reasoning
in activation space. Future work may extend pro-
totype discovery techniques and apply dynamic
steering cross-modally.

Limitations

While PDS demonstrates strong reasoning improve-
ments and introduces a novel activation-space per-
spective, it has several limitations. First, the proto-
type discovery process currently relies on a prede-
fined dataset of contrastive reasoning traces, repre-
sented as activation differences, and may not gen-
eralize optimally to domains with substantially dif-
ferent reasoning styles or without readily available
contrastive signals. Second, the effectiveness of
PDS is not uniform across all tasks, as reflected
in the empirical results. In particular, improve-
ments tend to be more modest in settings where the
model’s baseline reasoning capability is already
near saturation, leaving limited latent structure for
dynamic steering to exploit. Third, tasks that rely
more heavily on domain-specific knowledge or di-
rect factual recall, rather than compositional or
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step-by-step reasoning, offer fewer opportunities
for PDS to induce substantial gains. Collectively,
observations suggest that the strength of PDS is
closely tied to the presence of underutilized, struc-
tured reasoning capacity in the base model, high-
lighting the importance of tailoring steering strate-
gies to different reasoning regimes. Finally, as with
other activation-level interventions, steering can
be misused to create jailbreak cases and undesired
behaviors. While our work focuses on reasoning
enhancement, the fact that PDS provides an alterna-
tive mechanism to construct steering vectors under-
scores the importance of developing complemen-
tary safety measures to mitigate potential misuse.
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A Appendix
Dataset Details

We evaluate our method across three complemen-
tary reasoning benchmarks, selected for their diver-
sity in problem format, reasoning complexity, and
domain coverage. For each dataset, we use a subset
of the training split to extract steering prototypes
and evaluate performance on the official test set.

* GSMS8K: GSMSK consists of grade-school
math word problems requiring multi-step
arithmetic reasoning. We use all of the 7470
samples from the training set to compute steer-
ing vectors and evaluate on the full test set of
1,319 examples.

e AQuA-RAT: AQuA-RAT is a dataset of
multiple-choice algebraic word problems that
often involve symbolic manipulation and in-
termediate computation steps. We sample
10,000 questions from the training set to de-
rive steering representations and test on a 254-
example evaluation set.

* BIG-Bench Subset From the BIG-Bench
benchmark, we select five tasks that reflect
distinct reasoning types: Checkmate-in-One,
Physics Questions, Rhyming, Temporal Se-
quences, and Intersect Geometry. Table 10
presents the number of samples taken from
each set (training, test) for each task.

Supplemental Model-Scale Analysis:
Gemma-2-9B-IT

To further examine the scale-dependent behavior
of Prototype-Based Dynamic Steering (PDS), we
evaluate the method on an instruction-tuned mid-
sized model, Gemma-2-9B-IT, using GSMS8K and
AQuA-RAT under Neutral and Anti-CoT prompt-
ing. These experiments complement the main re-
sults reported for LLaMA-3 models and provide
additional evidence regarding the effect of model
capacity on inference-time steering.

As shown in Table 9, both DoM and PDS yield
clear gains under Neutral prompting, where la-

Parameter Value

Model LLaMA-3-Instruct-8B
Temperature 0.7

Top-p (nucleus sampling) 0.9

Max tokens 4096

Sampling strategy Temperature Sampling

Table 8: Inference hyper-parameters used across all
evaluations.

Dataset (Prompt) Baseline DoM PDS
GSMB8K (Neutral) 0.85 0.89  0.89
GSMB8K (Anti-CoT) 0.28 0.28 0.29
AQuA-RAT (Neutral) 0.54 0.61 0.65

AQuA-RAT (Anti-CoT) 0.13 0.15 0.16

Table 9: Accuracy of Baseline (No Steering),
Difference-of-Means (DoM), and Prototype-Based Dy-
namic Steering (PDS) on Gemma-2-9B-IT under Neu-
tral and Anti-CoT prompting.

Dataset Training Set  Test Set
Checkmate-in-One 1000 699
Physics Questions 38 16
Rhyming 763 190
Temporal Sequences 800 200
Intersect Geometry 1000 1000

Table 10: Number of samples used for prototype gener-
ation and evaluation for BIG-Bench dataset.

tent reasoning capacity remains underutilized. Im-
provements naturally diminish in more constrained
regimes, particularly under Anti-CoT prompting,
as task difficulty approaches the model’s effective
capacity. Across all evaluated settings, PDS consis-
tently matches or outperforms DoM while preserv-
ing concise, no-reasoning outputs under Anti-CoT
instructions.

Inference and Steering Hyperparameters

All experiments use temperature sampling (temper-
ature 0.7, top-p 0.9) with a maximum generation
length of 4096 tokens, for both prototype collec-
tion and evaluation; inference hyperparameters are
listed in Table 8. Intervention layer and steering co-
efficient o were selected per dataset and prompting
condition; values are reported in Table 12. Layer
16 is used for GSM8K and AQuA-RAT, layer 15 for
BIG-Bench. Larger « is required under Anti-CoT
prompting, where the prompt actively suppresses
reasoning. DoM and PDS use identical layer and «
in every condition, so comparisons isolate steering
vector construction rather than intervention magni-
tude.

55423


https://doi.org/10.1016/j.patter.2025.101176
https://doi.org/10.1016/j.patter.2025.101176
https://arxiv.org/abs/2310.01405
https://arxiv.org/abs/2310.01405

Dataset Prompt Type No Steering DoM PDS

Avg. Std. Avg. Std. Avg. Std.

Neutral 287.31 492.82 25696 358.54 254.58 357.60

AQuA-RAT CoT 275.61 358.16 303.09 440.70 258.03 146.45
Anti-CoT 10.05 1.70 10.05 1.69 10.05 1.70

Neutral 155.12  61.56 158.74 55.69 12632 132.32

GSM8k CoT 182 121.86 180.27  58.92 90.29 100.51
Anti-CoT 7.03 3.54 6.93 291 6.39 4.25

Table 11: Token length statistics (average and standard deviation) across datasets and prompt types for each steering

method.
Dataset Prompt Type Intervention Layer Steering Strength («)
Neutral 16 1
GSMS8K CoT 16 1
Anti-CoT 16 10
Neutral 16 7
AQuA-RAT CoT 16 1
Anti-CoT 16 10
Neutral 15 1
BIG-Bench CoT 15 1
Anti-CoT 15 1

Table 12: Steering intervention hyperparameters used for each dataset and prompt condition.

Philosophy of Prototype-Based Steering Our
approach embodies a fundamentally different philo-
sophical stance toward behavioral steering com-
pared to traditional methods.

Traditional steering methods, particularly Dif-
ference of Means, operate under the assumption
that complex behaviors can be captured by single,
universal directions in the activation space. This
“behavioral uniformity” hypothesis treats variations
in reasoning approaches as noise to be averaged
away. Our prototype-based philosophy challenges
this assumption by recognizing that complex cog-
nitive behaviors such as mathematical reasoning
are formed by unique combinations of multiple dis-
tinct “reasoning strategies”. Rather than viewing
this diversity as problematic variation, we treat it as
valuable information that should be preserved and
leveraged. Our philosophy extends beyond static
intervention to embrace input-responsive steering.
The projection mechanism dynamically selects the
optimal combination of reasoning strategies based
on the current problem’s activation pattern. This
represents a shift from “one-size-fits-all” steering
to “problem-tailored” enhancement. This approach
reflects a deeper understanding of how cognitive
behaviors manifest in neural networks: rather than
being represented by single directions, complex
behaviors occupy structured vector subspaces that

require nuanced intervention strategies.

Effect on Completion Length

We analyzed the average number of tokens gener-
ated on the AQuA-RAT dataset. While all three
methods receive the same input prompt, the steer-
ing interventions influence both the length and the
structure of the completions. PDS completions are
shorter on average than both the unsteered baseline
and DoM, while achieving higher accuracy, indi-
cating that the gains do not come from generating
additional tokens.

Prompt-Length and Token Statistics

To evaluate the economic efficiency of different
steering strategies, we collect output token statistics
across datasets and prompting conditions. For each
combination of dataset, prompt type, and method
(No Steering, DoM, PDS), we report the average
number of tokens generated and the standard de-
viation. Across all datasets, Prototype-Based Dy-
namic Steering (PDS) consistently produces shorter
or comparable outputs to DoM, especially under
CoT and Neutral prompting, while maintaining
or improving accuracy. Under Anti-CoT prompts,
all methods yield similarly minimal output, as ex-
pected by design. Detailed statistics are presented
in Table 11.
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Licenses and Usage

All models and datasets used in this study are
publicly available and used in accordance with
their respective licenses. Experiments involving
LLaMA-3 models were conducted under their orig-
inal open-source licenses (Llama 3 Community Li-
cense Agreement). Benchmark datasets including
GSMB8K, AQuA-RAT, and BIG-Bench are licensed
for research use (MIT or and Apache 2.0, respec-
tively), and we adhere to all associated terms.
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