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Abstract

Fine-tuning Large Language Models (LLMs) for specialized skills often comes
at a steep cost: catastrophic forgetting of their broad general abilities. Activation
steering offers a promising alternative, but existing methods are typically stateless,
applying a constant intervention that fails to capture the dynamic, history-dependent
nature of a reasoning process. We introduce the Activation State Machine (ASM), a
lightweight dynamic steering mechanism inspired by state-space models from con-
trol theory. The ASM learns the latent dynamics of an ideal reasoning trajectory from
a set of examples and, at inference time, applies real-time corrective interventions
to the LLM’s hidden states. We demonstrate that ASM steering improves zero-shot
accuracy across multiple domains, enhancing performance on both mathematical
reasoning and physical reasoning. In addition, we show that while supervised
fine-tuning incurs a significant performance drop on an unrelated creative writing
task, our method preserves over 95% of the base model’s fluency measured in
perplexity. Our work presents a new paradigm for modular skill injection, enabling
the enhancement of specialized capabilities in LLMs without compromising their
foundational generality.

1 Introduction

Many applications of Large Language Models (LLMs) require outputs that are not just fluent, but
also logically sound and factually consistent, especially in multi-step reasoning tasks [3, 27]. This
has motivated extensive work on methods to enhance and control the reasoning abilities of LLMs.
Two fundamental, often conflicting, requirements emerge in this problem space:

» Task-Specific Accuracy: How effectively does the method improve performance on a target
reasoning domain, such as mathematics or science?

* General Capability Preservation: Does the method enhance the specialized skill without degrad-
ing the model’s broad, pre-existing abilities (i.e., avoiding catastrophic forgetting)?

Most existing methods succeed on one axis but sacrifice the other, creating a spectrum of solutions
with inherent trade-offs. Broadly, they fall into two families: (1) Weight-Modification Methods:
Supervised Fine-Tuning (SFT) is the canonical example [10]. SFT can be highly effective at increasing
accuracy on the target task. However, this performance gain comes at a great cost: by permanently
altering the model’s weights, SFT is well-documented to cause catastrophic forgetting, degrading the
model’s performance on other, unrelated tasks [14]. (2) Stateless Steering Methods: Inference-time
interventions like activation steering [3, 4] are also non-destructive. These methods typically apply a
static "concept vector” to the model’s activations at every step. While useful for static attributes like
sentiment, this approach is fundamentally misaligned with the nature of reasoning. Reasoning is not
a fixed state but a dynamic trajectory, where each step depends causally on the evolving context.
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Thus, the current landscape of methods for enhancing reasoning reveals a challenging trade-off
between task-specific accuracy and the preservation of general capabilities. What is missing is a
method that can balance between improving reasoning accuracy and being non-destructive. 4

Prompt: How would a significant decrease in anthropogenic aerosol particles affect climate?
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(Steered): multifaceted impacts on the climate. .. lead to a net warming effect ... 4
(Original): significant impacts on the climate... net effect is uncertain... >

Figure 1: An overview of ASM steering process at inference time. The prompt is fed into the LLM,
and for each transformer block being steered, an independent ASM performs a predict-correct cycle.
ASM first predicts the ideal state (Z;;—1) based on its previous state, then observes the LLM’s raw
activation (a;), and finally corrects its internal state (Z;) based on the error. This new, smoothed state
is used to compute a steering vector that is added to the LLM’s activation.

We propose the Activation State Machine (ASM), a dynamic, stateful steering method that resolves this
tension. ASM is framed as a lightweight, real-time "navigator" for the LLM’s thought process. Inspired
by control theory, its architecture is a simplified, deterministic form of a Kalman filter [11], designed
to track and guide a dynamic system based on noisy observations. ASMs learn the latent dynamics
of an ideal reasoning trajectory from examples. At inference time, ASMs observe the LLM’s raw
activations and applies a corrective nudge only when needed, keeping the model on a coherent path.
This mechanism allows the ASM to be both highly effective and minimally invasive. Our experiments
show that ASM achieves a new state-of-the-art in the trade-off between task-specific performance and
general capabiilty preservation.

In this work, we make the following contributions:

* Dynamic reasoning guidance. We introduce ASM, a lightweight state-machine architecture
that adapts steering signals in real time, inspired by deterministic state-space models such as
the Kalman filter [11].

* Skill injection without forgetting. Across mathematical and physical reasoning tasks,
ASM improves zero-shot accuracy while preserving more than 95% of the model’s creative
fluency—where fine-tuning severely degrades performance.

* A new paradigm for modular enhancement. By enabling reasoning skills to be added
without overwriting general abilities, ASM points toward a compositional and non-destructive
approach to LLM specialization.

2 Related Works

2.1 Reasoning in Hidden States of Modern LLMs

A growing body of research confirms that sophisticated reasoning capabilities are encoded in the
hidden states of LLMs. For arithmetic tasks, information from early layers is transmitted to the
last token via attention, where late MLP modules then process this information to generate results
[24]. For multi-hop problems, intermediate layers form interpretable representations of parallel
reasoning paths and potential answers, with feed-forward blocks facilitating the transition to final
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Figure 2: Pareto fronts comparing BERTScore (higher is better) on the ClimaQA dataset and Negative
Perplexity (higher is better) on Creative Writing for (a) Gemma-2-9B-it, (b) Qwen2-7B-Instruct,
and (c) Llama-3.1-8B-Instruct. We plot negative perplexity vs. BERTScore so that the top-right
corner represents the ideal outcome for both metrics. The red line indicates the Pareto front, which is
constructed by identifying the set of methods for which no other single method is strictly superior on
both axes.

solutions [23]. This observation has led to the concept of "latent thoughts" [22], where the model’s
internal state represents a more verbose, continuous reasoning process than what is captured in the
final text. Methods like Coconut [9] and recurrent depth architectures explicitly leverage this by
creating recurrent connections in the latent space, demonstrating that the model’s internal state can
be treated as a dynamic, evolving system [28, 9, 7]. This body of work provides the foundational
premise for our approach: if reasoning is a dynamic trajectory in the activation space, then a steering
method should be able to model and guide that trajectory.

2.2 Interventions in the Reasoning Process

The SFT Paradigm: The most standard method for teaching a model a new skill is Supervised
Fine-Tuning (SFT) [17]. While powerful, SFT directly modifies the model’s weights, which often
leads to catastrophic forgetting—degrading the model’s performance on other, unrelated tasks [14].
Even modern, parameter-efficient fine-tuning (PEFT) methods like LoRA [10] are not immune to this
issue [20].

Activation Steering: Recent approaches in activation steering are designed to offer more fine-grained
control. Activation Transport, for example, is a general framework that steers activations guided
by optimal transport theory. It accounts for causal relationships across activations by estimating
transport maps incrementally for each layer [21]. Sparse Activation Steering (SAS) leverages sparse
autoencoders to steer LLM behavior in sparse spaces for modular control [2]. In addition, Conceptors
utilize steering matrices for "soft projection" onto a target space, a more nuanced manipulation than
simple vector addition, though they can be more computationally expensive and require more data
[19].

While these methods push towards greater adaptivity, Recursive Feature Machine (RFM) and Steerable
Reasoning Calibration (SEAL) offer specific advancements for reasoning [3, 4]. RFM extracts linear
representations of general concepts directly from model activations to enable targeted steering and
even enhance reasoning capabilities [3]. SEAL is a training-free method that specifically addresses
inefficiencies in Chain-of-Thought (CoT) reasoning by identifying and mitigating redundant reflection
and transition thoughts through dynamic interventions in the latent space [4]. However, while both
RFM and SEAL offer powerful inference-time interventions for reasoning, their steering mechanisms
typically rely on pre-computed steering vectors. This stateless approach limits their ability to adapt to
the evolving context of a complex problem, forcing an unfavorable trade-off between intervention
strength and model fluency. In contrast, our stateful ASM dynamically computes interventions at each
step.

As shown in Figure 2, the dynamic guidance of ASM is the key to achieving a better balance between
improving reasoning accuracy without catastrophic forgetting.
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3 Stateful Steering with Activation State Machine

We propose a stateful approach that explicitly models the temporal dynamics of reasoning using a
state-space model. We propose a method called Activation State Machine (ASM) Steering. This
approach models the internal activation dynamics of an LLM as a linear state-space system on a
per-layer basis, where we train an independent ASM assigned to each transformer block we wish
to steer. This per-layer independence is a crucial design choice motivated by the principle of
functional specialization in deep transformers [12]. Different layers learn to process information at
different levels of abstraction, from syntactic features in early layers to complex semantic and logical
relationships in later layers. By training an independent ASM for each layer, we allow each one to
become a specialized observer, learning the unique dynamics of information processing at its specific
depth. In the following section, we first formally define the ASM’s architecture, then detail its use for
inference-time steering, and finally describe the training procedure.

3.1 Activation State Machine: Model Definition

The state of our ASM, z; € R% is a vector that represents the smoothed, filtered estimate of the LLM’s
"ideal" reasoning state at time step ¢, where d is the dimension of the state space. As illustrated
in 1, it first uses its internal model to predict where the ideal reasoning state should go next, then
it observes the LLM’s actual activation, and finally it uses this observation to correct its own state,
ensuring its guidance remains grounded. This forms a corrective feedback loop, which is a simplified,
deterministic form of a Kalman filter.

The system is defined by the following components:

+ Observation Vector: a; € R%, which is the raw activation vector from the corresponding LLM
layer at time step ¢. d,, is the hidden dimension of the LLM.

+ State Estimate Vector: z, € R% which is the ASM’s output.

+ State Transition Matrix: F € R% *9s_a learned parameter that models the linear dynamics of
how the reasoning state evolves.

* Observation Matrix: H € R% %9 3 Jearned parameter that maps the latent state space back to
the activation space for comparison.

 Constant Gain Matrix: K € R% *da_ 3 learned parameter that serves as a fixed blending factor,
determining how much of the observed error is used to correct the state prediction.

The state update is defined by the following recurrence relation:

it = Fit,1 + K(at - H(Fitfl)) (1)

To ensure numerical stability during the recurrent updates, especially over long sequences, we apply
spectral normalization [16] to the learned matrices F and K, which constrains their largest singular
value to be at most 1.

3.2 Training Procedure

The goal of our training procedure is to learn the parameters (F, H, K) of an Activation State
Machine for a single, target layer within a specific language model. The input to this process is
a dataset, D, which comprises a set of "ideal" reasoning trajectories. Each trajectory, {a;}7_, is
a sequence of hidden state activations recorded from the target layer of the LLM as it processes a
correct "prompt+answer" sequence from a reasoning benchmark.

We frame the training as a form of imitation learning, where the objective is to minimize the one-step
prediction error over these recorded trajectories. As illustrated in 1, the ASM observes an activation
sequence {a;} and updates its internal estimate {2;}. The training process, detailed in 1, adjusts
ASM’s parameters so that the state estimate at one step, Z;, becomes a good predictor of the next
observed activation in the trajectory, a;1. This procedure is repeated independently for each layer
we wish to steer, allowing each ASM to learn the activation dynamics present at its specific depth.
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Algorithm 1 Activation State Machine Training

1: Input: Dataset of ideal activation trajectories D = {{a;}}_; }; where T is the number of tokens.
2: Input: Learning rate 1, Number of epochs Nepocns
3: for epoch =1 to Nepoens do

4 for each trajectory {agi) M inDdo
5: 28" « Tnitialize(a(")
6: 2" « F2{Y + K@\ — H(Fz\",))fort =1,....T
7 al), « Ha{" fort=0,..., T -1
T—1 ) 4( i
& Lo pXs lal —adp
9: (97,91, 9K) < Vr KL
10: Update F H,K using gr, gu, gk
11: end for
12: end for

3.3 Inference-Time Steering

At inference time, ASMs are attached to their respective transformer layers using forward hooks. As
the LLM generates its response token by token, each ASM observes the LLM’s raw activation, updates
its internal state, and applies a corrective steering vector ax (H % 2; —a; ), where « is a hyperparameter
controlling the strength of steering. This vector provides a corrective nudge, gently pushing the
LLM’s internal state away from its potentially flawed path and back towards the ideal trajectory
learned during training. This intervention is applied at each steered layer before the activation is
passed to the next component in the transformer block, as detailed in Algorithm 2.

Algorithm 2 Inference-Time Steering with ASM

—_

Input: Pre-trained ASM parameters F;, H;, K; for each steered layer [

2: Input: LLM, initial prompt, steering strength «

3: a; < LLM.get_activation(prompt) // Get prompt activations for each steered layer.
4: 70 < Initialize(a; o) // Initialize the state for each layer from its prompt activation.
5: for each token generation stept = 1,..., N do

6: for each steered layer [ = 1,..., L do

7: a;; « LLM.get_activation()

8: Zy -1 < Fizpp1

9: 21t Zyee—1 + Ko(age — Hyzgg0-1)

10: a?fgered —ap+ Q(Hlil,t — al7t)

11: LLM set_activation(aj'§™?)

12: end for

13: token; ;1 < LLM.generate_token()

14: end for

Computational Complexity. The computational overhead of our steering method is minimal,
consisting of a series of small, fixed-size matrix operations for each token generated and for each
layer being steered. This additional computation is encapsulated within the loop in 2 (lines 4-10). The
cost is dominated by four matrix-vector multiplications: one for the state prediction (F' matrix, line
6), two for the state correction (H and K matrices, line 7), and one for computing the final steering
vector (H matrix, line 8).

Let d, be the LLM’s activation dimension and ds be the ASM’s state dimension. The total complexity
of these operations per token, per layer is O(d? + 3d,d,). This cost is constant with respect to the
sequence length.

4 Experiments

Our experiments are designed to evaluate the effectiveness of the Activation State Machine (ASM)
in improving the zero-shot reasoning capabilities of modern Large Language Models, including
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gemma-2-9b-it [25], Llama-3.1-8b-Instruct [8], and Qwen2-7B-Instruct [1]. We test our method on
two distinct reasoning domains: mathematical reasoning and physical reasoning, using GSM8k [5]
and ClimaQA [15]. We train ASMs on the middle to final layers of each language model on each
dataset for 30 epochs. Then, we perform a sweep over the steering strength hyperparameter, «, to
identify the optimal configuration for our evaluation. The best-performing configuration for each
model and task is reported in our results. All experiments reported were conducted on NVIDIA A100
GPUs.

We compare our method against a carefully selected set of baselines to evaluate its performance
along different axes of intervention. We include Supervised Fine-Tuning (SFT) [10] as it is a
standard paradigm of teaching a model a new skill. To compare against other inference-time steering
methods, we include Recursive Feature Machine (RFM) [3] and SEAL [4]. RFM is a representative
example of a stateless steering technique, where a single, static concept vector is used for intervention.
SEAL represents the state-of-the-art in training-free reasoning calibration, which also applies a static
intervention to guide the model’s latent thoughts.

Table 1: Evaluated accuracies on the GSM8k mathematical reasoning benchmark, with methods
grouped by intervention type.

Method Gemma-2-9B-it Qwen2-7B-Instruct Llama-3.1-8B-Instruct
Prompting Methods

Zero Shot 0.7544 0.8006 0.7642

CoT 0.7619 0.8258 0.8788
Weight-Modification

SFT 0.7589 0.7710 0.7498
Inference-Time Steering

RFM 0.5985 0.7273 0.8636

SEAL 0.7273 0.8636 0.8030

ASM 0.7703 0.8052 0.7718

KL Divergence Following an Steered Trajectory
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Figure 3: The plot shows the KL Divergence between the steered and unsteered logit distributions
at each step of the generation process for a single example. "Divergence Points" indicate moments
where ASM intervention had caused the model to choose a different token.

GSMS8Kk: Our experimental results on the GSM8k benchmark demonstrate the effectiveness of
ASMs. As shown in Table 1, ASMs provide a reliable performance improvement over the Zero Shot
baseline across all three models tested. While Chain of Thought (CoT) prompting [26] proves to be a
particularly strong baseline, especially for the Llama-3.1 model, our ASM shows competitive results.
Notably, our method compares favorably to Supervised Fine-Tuning (SFT), which yields surprisingly
poor performance on both the Qwen2 and Llama models. It is possible that modern instruction-tuned
models have already been exposed to the GSMS8k training set, and further fine-tuning on this data
can disrupt their well-calibrated reasoning abilities rather than enhance them. In this context, our
ASM’s success is particularly significant; by operating on the latent dynamics of activations, it offers
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a distinct and effective learning signal, proving to be a reliable paradigm for modular skill injection
than re-training on potentially saturated data.

A key observation we made while analyzing what makes a steered sequence correct is that the most
impactful interventions are not small, constant nudges, but large, targeted corrections at specific
moments in the reasoning process. We show an example below:

Problem: Candice put 80 post-it notes in her purse before she headed out to her job at the coffee
shop. On her way, she stopped off at the store and purchased a package of Post-it notes; At work,
she placed a single Post-it note on each of 220 different cups of coffee. If she had 23 post-it notes
remaining overall, how many Post-it notes were in the package that she purchased?

Unsteered Response: Here’s how to Steered Response: Here’s how to solve

solve the problem:

Start with the total: Candice began with
80 Post-it notes.

Subtract the used notes:
Post-it notes at work.

She used 220

Calculate the difference 80 - 220 = -140.

This means she was short 140 Post-it
notes.

Add the remaining notes: Since she had
23 left, she must have had -140 + 23 =
-117 Post-it notes before buying more.
Find the package amount: She needed to
buy 117 Post-it notes to make up for the

the problem:

Start with the total: Candice had 80 Post-
it notes + the package she bought.
Subtract the used notes: She used 220
Post-it notes, so she had 80 + package -
220 left.

Set up an equation: We know she had 23
left, so 80 + package - 220 = 23

Solve for the package:

* Combine the constants: -140 + package
=23

* Add 140 to both sides: package = 163
Answer: Candice bought a package of 163

shortage. Post-it notes.
Answer: Candice purchased a package of

117 Post-it notes.

. J

A key intervention in this example is the subtle but profound semantic shift from the unsteered
model’s "Candice began with 80 Post-it notes" to the steered model’s "Candice had 80 Post-it notes."
The former frames 80 as a fixed total, trapping the model in a flawed subtraction-first reasoning path.
The latter creates a more flexible representation of the initial state, allowing the model to correctly
incorporate the unknown "package" variable and form a valid algebraic equation. This is confirmed
by the KL divergence plot in Figure 3, which shows that for most of the generation, the divergence is
near-zero, indicating the ASM is not disrupting the model’s natural fluency. However, at a few critical
"Divergence Points," ASM can also apply a strong corrective force. This combination of minimal
intervention with high-impact corrections at key moments gives our method a decisive edge, allowing
it to preserve the model’s fluency while ensuring the final answer is correct.

ClimaQA: Our results on the ClimaQA physical reasoning task demonstrate the effectiveness of
ASMs as a dynamic steering method. As shown in Table 2, ASM consistently outperforms other
advanced prompting and steering techniques such as RFM and SEAL across all three base models,
establishing its superiority as a lightweight intervention. While Chain-of-Thought (CoT) prompting
[26] achieves slightly higher scores on n-gram overlap metrics like BLEU [18] and ROUGE-L [13],
ASMs consistently yields higher semantic similarity as measured by BERTScore [29], suggesting
it produces answers that are more semantically aligned with the ground truth. Furthermore, while
SFT achieves a higher performance ceiling on Gemma and Qwen2, our ASM attains a stronger result
on Llama-3.1, demonstrating its potential as a robust alternative, particularly in scenarios where
fine-tuning may not yield optimal performance.

Analysis of Catastrophic Forgetting: A primary motivation for our method is to avoid catastrophic
forgetting, a key drawback of Supervised Fine-Tuning (SFT) where a model’s general capabilities
degrade after being specialized on a new task [14]. To test this, we compare a SFT fine-tuned models
against a base model guided by variaous steering method. Both are evaluated on a creative writing
task [6], with performance measured by perplexity, a standard metric for linguistic fluency where a
lower score is better.

As shown in Table 3, across all three base models, the SFT version exhibits a significant increase
in perplexity, indicating a degradation of its core language abilities. In contrast, the perplexity of
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Table 2: Evaluation results on ClimaQA, grouped by intervention type. Best overall performance is
in bold; best among inference-time methods is underlined.

Method Metric

Gemma-2-9B-it Qwen2-7B-Instruct Llama-3.1-8B-Instruct

Prompting Methods
BLEU 0.0240 0.0245 0.0280
Zero Shot ROUGE-L 0.1174 0.1096 0.1378
BERTScore 0.8304 0.8400 0.8416
BLEU 0.0379 0.0363 0.0411
CoT ROUGE-L 0.1724 0.1436 0.1514
BERTScore 0.8364 0.8437 0.8407
Weight-Modification
BLEU 0.2257 0.1975 0.0373
SFT ROUGE-L 0.3676 0.3468 0.1419
BERTScore 0.8984 0.8967 0.8389
Inference-Time Steering
BLEU 0.0250 0.0234 0.0243
RFM ROUGE-L 0.1116 0.0939 0.0973
BERTScore 0.8202 0.8266 0.8274
BLEU 0.0251 0.0238 0.0260
SEAL ROUGE-L 0.1331 0.1002 0.1055
BERTScore 0.8274 0.8332 0.8293
BLEU 0.0295 0.0276 0.0328
ASM ROUGE-L 0.1140 0.1404 0.1428
BERTScore 0.8445 0.8429 0.8446

Table 3: Average Perplexity of story generated using Writing Prompts Dataset

Dataset Method Gemma-2-9B-it Qwen2-7B-Instruct Llama-3.1-8B-Instruct

LLM Zero Shot 8.21 5.47 5.36
SFT 9.07 12.22 8.89
ClimaQA SEAL 8.55 6.01 5.44
RFM 8.83 6.87 5.93
ASM 8.60 5.82 5.94
SFT 9.61 7.88 6.03
GSMB8k SEAL 11.93 11.58 10.07
RFM 14.53 12.03 8.08
ASM 8.63 5.48 5.38

ASM-steered models remain close to that of the un-steered baseline, especially in Qwen and Llama,
where the perplexities are almost identical as the original LLM. This provides strong evidence that
our method is non-destructive; by operating on activations at inference time rather than permanently
altering the model’s weights, ASMs act as a modular skill injector that enhances reasoning without
sacrificing the model’s foundational generality. In addition, we perform a pareto front on the trade-off
between task-specific performance (BERTScore on ClimaQA) and general fluency (Perplexity),

further confirming this finding.
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Table 4: Ablation study on KLD-gated steering with a threshold of 7 = 0.1. We report the best
accuracy achieved with continuous (non-gated) steering versus the best accuracy achieved with
conditional, gated steering across the optimal layers for each model on GSM8k.

Method Gemma-2-9B-it Qwen2-7B-Instruct Llama-3.1-8B-Instruct
Zero Shot 0.7544 0.8006 0.7642
Continuous Steering (Best) 0.7703 0.8052 0.7718
KLD-gated Steering (Best) 0.7665 0.8089 0.7642

Pareto Front Analysis of Perplexity vs. BERTScore As shown in Figure 2, the Pareto analysis
reveals the high cost of SFT. Across all three base models, the SFT version often achieves the
highest BERTScore, demonstrating its effectiveness at specializing in the target task. However,
SFT’s specialization comes at the cost of a drastic increase in perplexity on the creative writing
task, indicating significant degradation of its core language abilities. In contrast, our ASM-steered
model consistently lies on the Pareto front, achieving a BERTScore far superior to the baseline while
maintaining a perplexity score that is only marginally higher. This provides strong evidence that our
method is non-destructive while achieving state-of-the-art steering results on ClimaQA.

Ablation Study: The Impact of Conditional Steering A key hypothesis is that ASM’s effectiveness
stems from precise interventions at critical moments. To test this, we conducted an ablation study
using KLD-gated inference. This method makes steering conditional based on its immediate potential
impact. Ateach generation step ¢, we first calculate the steering vector that ASMs would apply. We then
compute the KL Divergence between the model’s original output logit distribution and the distribution
that would result if we applied the steering vector. The intervention is only actually applied if this
KLD value exceeds a fixed threshold, 7. This provides an gating mechanism for steering, activating
only when ASMs propose a correction that significantly alters the model’s next-token decision.

For Gemma and Llama, performance remains remarkably stable, dropping only marginally from
0.7703 to 0.7665 and 0.7718 to 0.7642, respectively. This demonstrates that a large portion of the
low-KLD "gentle nudges" can be filtered out while still retaining most of the performance benefits,
suggesting that the high-impact corrections at key "Divergence Points" are the primary drivers of
success. Interestingly, for Qwen, the gated approach not only maintains performance but achieves a
slight improvement, rising from 0.8052 to 0.8089. This suggests that for some models, the continuous
stream of low-impact nudges may introduce a small amount of noise, and a sparse, high-impact
intervention strategy can be even more effective. Together, these findings validate our hypothesis that
ASM’s power lies in its ability to make targeted corrections at critical moments.

5 Conclusion and Discussion

In this work, we introduced the Activation State Machine (ASM), a novel, dynamic steering mech-
anism designed to address the limitations of stateless interventions and the risks of catastrophic
forgetting from fine-tuning. By modeling the latent dynamics of an LLM’s reasoning process as a
state-space system, our method provides a robust way to guide the model along a more coherent
trajectory. Our empirical results validate this approach, showing significant zero-shot accuracy gains
on both the GSM8k mathematical and ClimaQA physical reasoning benchmarks. Furthermore, our
direct comparison with Supervised Fine-Tuning (SFT) confirmed that our modular, inference-time
intervention is non-destructive. The ASM thus presents a promising paradigm for modular skill
injection, where specialized capabilities can be applied on-demand without permanently altering the
foundational model.

We acknowledge several limitations that motivate future work. The current ASM is a linear model, and
the optimal layer and steering strength were determined empirically; future work could explore non-
linear state models and develop more systematic methods, such as diagnostic probes, for identifying
optimal intervention points. Additionally, the current training via backpropagation through time can
be less effective for long sequences, suggesting a need for more scalable architectures. We believe
addressing these limitations is a significant step towards building more reliable and controllable Large
Language Models.
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NeurlIPS Paper Checklist

1. Claims

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

Answer: [Yes]

Justification: The main claims are supported with the main text. The contributions and scope
are clearly stated in abstract and introduction.

Guidelines:

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

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

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

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

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: The limitations of the empirical results are addressed in Section 5.
Guidelines:

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

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

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

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

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

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

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

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

3. Theory assumptions and proofs

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

Answer: [NA]

14



540

541

542
543
544
545
546
547
548
549
550

551

552

553
554
555

556

557

558

559

560
561
562

563
564

565
566
567
568
569
570
571
572
573
574
575
576
577
578

580
581
582
583
584
585
586
587
588
589

590

592
593

Justification: No theoretical results included.
Guidelines:

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

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

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

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

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

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

4. Experimental result reproducibility

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

Answer: [Yes]
Justification: We include all the experimental setup and training details in Section 4.
Guidelines:

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

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

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

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

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

nature of the contribution. For example

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

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

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

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

5. Open access to data and code

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

Justification: Although we do not provide the code at the moment, since the experimental
setup is detailed in Section 4, the results should be reproducible.

Guidelines:

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

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

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

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

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

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

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

Answer: [Yes]

Justification: We include the training details, including optimizer choice, hyperparameter
choosing criteria, in Section 4.

Guidelines:

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

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

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

. Experiment statistical significance

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

Answer:

Justification: We did not report the statistical significance in the main text, but the random
seed strategy and sweep across hyperparameter in our experiments should ensure the
significance of the results.

Guidelines:

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

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

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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8.

10.

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

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

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

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

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

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

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

Answer: [Yes]
Justification: We list computing resources in Section 4.
Guidelines:

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

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

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

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

. Code of ethics

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

Answer: [Yes]
Justification: We confirm the research forms the NeurIPS Code of Ethics.
Guidelines:

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

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

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

Broader impacts

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

Answer: [Yes]

Justification: We address the applications of the technique in our Introduction and Related
Works.

Guidelines:

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

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.
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11.

12.

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

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

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

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

Safeguards

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

Answer: [NA]
Justification: There’s no such risk in our work.
Guidelines:

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

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

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

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

Licenses for existing assets

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

Answer: [Yes]
Justification: We cite the datasets we use in the main text and all of them are open datasets.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

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

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

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

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.
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13.

14.

15.

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

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

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

Answer: [NA]
Justification: The paper does not release new assets.
Guidelines:

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

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

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

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

Crowdsourcing and research with human subjects

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

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

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

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

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

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

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

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

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

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

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

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

805 Answer: [NA]

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

808 Guidelines:

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

811 ¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
812 for what should or should not be described.
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