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Abstract

Controlling emergent behavioral personas (e.g., sycophancy, hallucination) in Large Lan-
guage Models (LLMs) is critical for AI safety, yet remains a persistent challenge. Existing
solutions face a dilemma: manual prompt engineering is intuitive but unscalable and im-
precise, while automatic optimization methods are effective but operate as "black boxes"
with no interpretable connection to model internals. We propose a novel framework that
adapts gradient ascent to LLMs, enabling targeted prompt discovery. In specific, we pro-
pose two methods, RESGA and SAEGA, that both optimize randomly initialized prompts
to achieve better aligned representation with an identified persona direction. We introduce
fluent gradient ascent to control the fluency of discovered persona steering prompts. We
demonstrate RESGA and SAEGA’s effectiveness across Llama 3.1, Qwen 2.5, and Gemma
3 for steering three different personas, sycophancy, hallucination, and myopic reward. Cru-
cially, on sycophancy, our automatically discovered prompts achieve significant improvement
(49.90% compared with 79.24%). By grounding prompt discovery in mechanistically mean-
ingful features, our method offers a new paradigm for controllable and interpretable behavior
modification.

1 Introduction

Large language models (LLMs) have achieved remarkable capabilities across diverse domains, transforming
how we interact with AI systems in applications ranging from education to healthcare. However, as these
models become increasingly integrated into high-stakes environments, controlling their behavioral personas
has emerged as a critical challenge for AI safety. Recent work has demonstrated that fine-tuning on specific
datasets can induce “emergent misalignment,” where models exhibit stereotypically harmful personas in
responses to unrelated prompts, highlighting the urgent need for methods to understand and steer LLM
behavior (Wang et al., 2025). While safety alignment procedures have been widely deployed, they often
fail to prevent models from adopting harmful personas when prompted appropriately, underscoring the
importance of developing robust persona control mechanisms.

To achieve persona control over LLMs, prompt engineering has become the primary approach, enabling
practitioners to guide model outputs through carefully crafted instructions without expensive retraining.
However, effective prompt engineering requires significant human expertise and domain knowledge to iden-
tify prompts that reliably elicit desired behaviors while maintaining output quality. This manual process
becomes particularly challenging when steering complex behavioral traits such as honesty, helpfulness, or
domain-specific personas, where the relationship between prompt content and model behavior remains poorly
understood. These limitations have motivated the development of automatic prompt discovery methods that
can systematically identify persona-steering prompts, yet existing approaches often rely on black-box opti-
mization without leveraging interpretable insights into how prompts influence model internals.

Recent advances in mechanistic interpretability have opened new avenues for understanding and controlling
LLM behavior through sparse dictionary learning (SDL) and persona steering vectors (Chen et al., 2025).
Sparse autoencoders (SAEs) and their variants (Cunningham et al., 2023a; Bricken et al., 2023; Rajamanoha-
ran et al., 2024b) have demonstrated remarkable success in decomposing model activations into interpretable
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Figure 1: Comparison of persona steering approaches. (a): Prompt-based steering provides implicit
control via manually designed natural language instructions. (b): Activation steering injects a dense steering
vector v into model representations e(t). (c): Our methods, RESGA and SAEGA, derive persona directions
from contrastive activations and optimize prompts via fluent gradient ascent, enabling both residual-based
and interpretable feature-level control.

features that respond to specific concepts or patterns. Recent work on persona features (Wang et al., 2025)
has shown that SAE-discovered latents can capture and control behavioral personas in language models, re-
vealing “misaligned persona” features that strongly predict emergent harmful behaviors. However, existing
work has primarily focused on analyzing which latents activate for given inputs or performing interven-
tions through activation steering, leaving largely unexplored the inverse problem: how can we systematically
discover prompts that selectively activate task-relevant latents to steer model personas?

Gradient ascent techniques, widely successful in interpreting CNN neurons through feature visualiza-
tion (Olah et al., 2017), have seen limited adaptation to LLMs due to the discrete nature of language.
Standard gradient ascent optimizes continuous inputs to maximally activate target model internals, whether
individual neurons, attention patterns, or learned directions in representation space. However, direct opti-
mization in embedding space followed by nearest-token projection yields off-manifold results due to poly-
semanticity and the mismatch between continuous optimization and discrete token spaces (Wallace et al.,
2019). To address this challenge, recent work on gradient-guided discrete optimization (Zou et al., 2023c;
Thompson et al., 2024) employs evolutionary algorithms that use gradient feedback to iteratively replace
tokens, successfully discovering effective prompts for tasks ranging from adversarial attacks to jailbreak-
ing (Andriushchenko et al.). Yet these techniques have not been applied to identify model steering prompts.

In this work, we propose a novel framework that bridges mechanistic interpretability with automatic prompt
discovery for persona steering (Figure 1). Our framework introduces two complementary algorithms: RESGA
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(RESidual Gradient Ascent), which operates on dense residual stream representations, and SAEGA (Sparse
Autoencoder Gradient Ascent), which leverages mechanistically interpretable SAE latents. Both algorithms
first construct persona steering vectors that capture undesired behavioral traits in the model’s representa-
tion space-RESGA using direct representation differences and SAEGA using SAE latent-based approaches
that identify causally relevant features. They then perform fluent gradient ascent to discover prompts that
maximally steer away from target personas with controllable fluency. Unlike black-box prompt optimiza-
tion methods, our framework leverages mechanistic insights to guide prompt search, enabling more targeted
and interpretable persona control. We demonstrate the effectiveness of both methods on three persona
steering tasks (sycophancy, hallucination, myopic reward), showing that automatically discovered prompts
achieve significant improvement on sycophancy and myopic reward (See Section 4.2), substantially outper-
forming manual prompting and dense steering methods. We further provide representation-level evidence
that prompt-based steering avoids the distributional shifts induced by dense steering methods, exposing a
fundamental limitation of dense steering approaches.

2 Related Works

2.1 Persona Steering

Controlling behavioral personas in large language models has become increasingly important for AI safety and
alignment. Traditional approaches rely on reinforcement learning from human feedback (RLHF) (Ouyang
et al., 2022) and constitutional AI (Bai et al., 2022) to align model behavior during training. Representa-
tion Engineering (RepE) (Zou et al., 2023a) pioneered the extraction of concept directions from contrast
pairs of model activations, enabling control over model outputs by adding these directions during inference.
Contrastive Activation Addition (CAA) (Rimsky et al., 2023) refined this approach by identifying high-level
behavioral concepts through carefully curated contrast datasets and applying steering vectors at specific
model layers. These activation steering methods have demonstrated effectiveness in mitigating various un-
desired behaviors including sycophancy (Sharma et al.), toxicity (Liu et al.), and bias (Tigges et al., 2023).
More recently, Wang et al. (2025) discovered that sparse autoencoder latents can capture interpretable “per-
sona features” that predict emergent misalignment behaviors, showing that SAE-identified features enable
precise control over model personas through activation clamping.

2.2 Sparse Autoencoder

Sparse Autoencoders (SAEs), first introduced in (Cunningham et al., 2023b), are powerful tools for discov-
ering interpretable representations of neural network activations (Dunefsky et al., 2024). By reconstructing
model representations using sparse latent features, SAEs can uncover monosemantic neurons that activate
in response to specific patterns, thereby reducing superposition in the representation space (Elhage et al.,
2022). A variety of techniques, including JumpReLU (Rajamanoharan et al., 2024a), Top-K (Gao et al.,
2024), Batch Top-K (Bussmann et al.), and Matryoshka Sparse Autoencoders (Bussmann et al., 2025), have
improved SAE architectures for large-scale interpretable feature extraction (Bricken et al., 2023). LLM-
based analysis is often used to interpret the neurons discovered by SAEs (Tang et al., 2025a). A typical
workflow involves identifying subpopulations (Luo et al., 2024) activated by specific neurons and analyzing
these samples through prompt engineering techniques (Tang et al., 2025b).

2.3 Prompt Engineering

Prompt engineering has emerged as a critical technique for guiding large language models to perform complex
tasks. The paradigm was first extensively demonstrated with GPT-3 (Brown et al., 2020), which showed
that language models could adapt to diverse tasks through in-context learning by providing demonstrations
in the prompt. Chain-of-thought (CoT) prompting (Wei et al., 2022) further enhanced LLM reasoning by
generating step-by-step intermediate reasoning steps, with self-consistency decoding (Wang et al., 2023) im-
proving performance by sampling multiple reasoning paths and selecting the most consistent answer. To
address limitations in arithmetic computation, researchers proposed hybrid approaches that combine natural
language reasoning with external tools. Program-Aided Language models (PAL) (Gao et al., 2023) and Pro-
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Figure 2: RESGA & SAEGA Framework Overview. Our framework discovers persona-steering
prompts in two stages: (1) Persona steering vector construction via either dense representations (RESGA) or
sparse SAE latents (SAEGA), and (2) Fluent gradient ascent optimization with objective Lλ(t) = f(t)+H(t)
that transforms random token sequences into readable prompts that steer the model in specific directions
for interpretable persona control.

gram of Thoughts (PoT) (Chen et al., 2023) decompose problems into programmatic steps while delegating
computation to external interpreters, achieving substantial improvements on mathematical reasoning tasks.
Evolutionary prompt optimization (EPO) (Thompson & Sklar, 2024) employs gradient-guided evolutionary
algorithms to discover effective prompts by balancing objective optimization with language fluency. Be-
yond individual techniques, generative agents (Park et al., 2023) demonstrated that LLM-powered systems
can simulate believable human behavior and emergent social dynamics through carefully designed prompts.
Recently, Luo et al. (2023) developed a unified theoretical framework viewing prompt engineering as opti-
mal control problems. ProTeGi (Pryzant et al.) automates prompt refinement by using an LLM API to
generate natural language “gradients” that criticize the current prompt and editing it in the opposite seman-
tic direction, guided by beam search and bandits for efficiency. Greedy Coordinate Gradient (GCG) (Zou
et al., 2023b) operates at the token level, combining greedy search with gradient-based scoring to iteratively
substitute tokens and discover prompts that elicit target behaviors without manual engineering.

3 Method

Our framework discovers persona-steering prompts through a three-stage pipeline. First, we construct per-
sona steering vectors that capture the direction of undesired behavioral traits in the model’s representation
space, using either direct representation differences or SAE latent-based approaches (Section 3.1). Second,
we employ fluent gradient ascent to discover prompts that maximally steer away from the target persona
while maintaining fluency (Section 3.2). Finally, we introduce how we initialize and select effective prompts
from the Pareto frontier based on validation performance (Section 3.3).
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3.1 Persona Steering Vectors

Given a target persona to suppress, we construct a steering vector v ∈ Rd that represents the direction of
this persona in the model’s activation space. We consider two complementary approaches:

Representation-Based Steering. The most direct approach computes the steering vector as the mean
difference between representations of persona-exhibiting and persona-free examples:

vrepr = 1
|D+|

∑
x∈D+

e(x) − 1
|D−|

∑
x∈D−

e(x) (1)

where D+ contains examples exhibiting the target persona, D− contains persona-free examples, and e(x) ∈
Rd denotes the activation at a chosen layer.

SAE Latent-Based Steering. For SAEGA, we alternatively construct steering vectors using sparse au-
toencoder latents. We use pretrained SAEs from SAE-Lens (Bloom et al., 2024).

From these SAEs, we identify persona-relevant latents through contrastive activation analysis. For each SAE
latent i, we measure its relevance to the target behavior by computing the difference in its mean activation on
persona-exhibiting versus persona-free examples. We then select the top-K latents with the largest absolute
activation differences, denoted as index set IK .

The SAE-based steering vector is computed using the encoder directions of these top-K latents:

vSAE =
∑

i∈IK

wi ·
(
ā+

i − ā−
i

)
(2)

where wi is the i-th row of Wenc, and ā+
i = 1

|D+|
∑

x∈D+ ai(x) and ā−
i = 1

|D−|
∑

x∈D− ai(x) are the
mean activations of latent i on persona-exhibiting and persona-free examples respectively, with ai(x) =
ReLU(wie(x) + bi).

3.2 Fluent Gradient Ascent

Given a persona steering vector v, we discover prompts that maximally steer the model away from the
target persona. We define the persona reduction objective as the negative scaled projection of the prompt’s
representation onto the steering vector:

f(t) = −⟨e(t), v⟩
∥e(t)∥ (3)

where t is a prompt and e(t) is the representation of the last token of t at the target layer. Maximizing this
objective discovers prompts whose representations point away from the persona direction.

However, optimizing f(t) alone often yields unnatural or nonsensical prompts. Following the fluent dreaming
framework (Thompson et al., 2024), we balance persona steering with prompt fluency:

Lλ(t) = f(t) − λ

n

n−1∑
i=0

H(m(t≤i), ti+1) (4)

where H is the cross-entropy measuring how likely token ti+1 is given prefix t≤i under model m, λ controls
the fluency-steering tradeoff, and n is the prompt length. The second term penalizes low-probability token
sequences, encouraging human-interpretable prompts.

We optimize this objective using Evolutionary Prompt Optimization (EPO) (Thompson et al., 2024), which
maintains a population of M candidate prompts, each targeting a different point on the Pareto frontier
between fluency and steering effectiveness. Algorithm 1 details the procedure.

At each iteration, EPO computes gradients with respect to token embeddings to identify promising token
substitutions, mutates the population by sampling from high-gradient tokens, and selects the best candidates
for each fluency weight λi. Periodic restarts prevent premature convergence. This evolutionary approach
efficiently explores the Pareto frontier, producing diverse prompts with varying fluency-effectiveness tradeoffs.
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Algorithm 1 Evolutionary Prompt Optimization
Require: Steering objective f(·), language model m, prompt length n, population size M , fluency weights

{λ1, . . . , λM }
Ensure: Prompts spanning the fluency–steering Pareto frontier

1: Initialize M prompts of length n with random initialization or seed initialization
2: for iteration = 1 to T do
3: for each prompt ti do
4: Compute Lλi

(ti) and gradients w.r.t. one-hot token encodings
5: Select top-k candidate tokens per position by gradient magnitude
6: Generate mutations by replacing a random token with a sampled top-k alternative
7: end for
8: Evaluate all candidates and select the best prompt for each λi

9: if restart step then
10: Retain best prompt under a random λ, reinitialize others
11: end if
12: end for

3.3 Initialization and Selection of Persona Steering Prompts

We provide two initialization strategies for the EPO procedure. The first is random initialization, where
prompts are seeded with uniformly sampled vocabulary tokens, which tends to produce syntactically frag-
mented or semantically incoherent discovered prompts. The second is seed initialization, where prompts
are seeded with a short natural language phrase loosely related to the target persona (e.g., “Please answer
honestly” for sycophancy), anchoring optimization closer to the language manifold. Seed-initialized prompts
consequently occupy higher-fluency regions of the Pareto frontier without significantly sacrificing steering
effectiveness, making them preferable when interpretability of the discovered prompt is desired.

The EPO procedure yields a collection of candidate prompts spanning the Pareto frontier between persona
steering strength and language-model fluency. We evaluate each prompt on held-out validation data by ap-
pending it to task inputs and measuring the resulting change in the target behavioral metric. In practice, we
observe that prompts achieving the strongest steering effects are often syntactically fragmented, multilingual,
or semantically incoherent. As a result, we do not interpret fluency as human readability or grammatical
correctness. Instead, we treat fluency as an intrinsic model-based constraint, measured by the prompt’s
self cross-entropy under the language model. Lower cross-entropy indicates that a prompt lies closer to the
model’s training distribution, while higher cross-entropy corresponds to increasingly off-manifold token se-
quences. Rather than enforcing a hard fluency threshold, we analyze and report steering performance along
the full Pareto frontier. This allows us to study how behavioral control degrades or improves as prompts
move further from the language manifold. In downstream analysis, we emphasize prompts that occupy in-
termediate regions of this frontier, which balance measurable steering effectiveness with moderate increases
in perplexity relative to random token baselines. Finally, we assess prompt stability by measuring how
consistently a prompt reduces the target persona across diverse validation examples. This guards against
degenerate solutions that achieve strong steering only on a narrow subset of inputs. Taken together, this
evaluation protocol prioritizes causal steering efficacy over linguistic naturalness, reflecting our primary goal
of understanding and controlling how internal representations give rise to emergent personas.

4 Experiments

We evaluate RESGA and SAEGA on three persona steering tasks to answer three questions: (1) Can
automatically discovered prompts reliably neutralize undesired personas? (2) How do residual-based and
SAE-based steering differ in effectiveness and mechanism? (3) Does mechanistic structure translate into
more stable and interpretable control?

We first describe the experimental setup, including datasets, models, and baselines (Section 4.1). We then
present quantitative results across sycophancy, hallucination, and myopic reward (Section 4.2). Finally,
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we conduct a mechanistic analysis showing that SAEGA achieves persona control through targeted feature
suppression while preserving natural activation structure (Section 4.3).

4.1 Experimental Setup

Tasks and Datasets. We evaluate persona steering on three established benchmarks. Sycophancy (Perez
et al.) measures whether a model agrees with a user’s stated opinion even when it is incorrect. Hallucination
is evaluated using multiple-choice TruthfulQA (Lin et al., 2022), where lower error indicates improved factual
reliability. Myopic Reward (Perez et al.) measures short-term reward seeking over long-term outcomes.
Lower metrics are considered as better.

Models. We conduct experiments on Llama 3.1 8B Instruct (Grattafiori et al., 2024) and Qwen 2.5 7B
Instruct (Hui et al.) and Gemma 3 4B Instruct (Team et al., 2025) to assess cross-architecture generalization.
For SAEGA, we use pretrained sparse autoencoders from the SAELens (Bloom et al., 2024).

Baselines. We compare against five baselines: (1) Zero-Shot, with no intervention; (2) Standard Prompt,
consisting of manually written instructions (e.g., “Answer honestly”); (3) Dense Steering Vector, which
directly injects a representation-difference steering vector into the residual stream; (4) Greedy Coordinate
Gradient (GCG), which optimizes directly on the output logits to discover prompts; (5) ProTeGi, which
utilizes LLMs to generate natural language "gradients" to optimize prompts with bandits and beam search.

Implementation Details. We target intervention at the middle-to-late layers (Layer 25 for Llama 3.1 8B
and Qwen 2.5 7B, Layer 20 for Gemma 3 4B). Empirical analysis indicated that early-layer representations
lack the high-level semantic abstraction necessary to isolate complex behavioral traits, rendering steering
ineffective, while final-layer interventions often failed to override the model’s accumulated logit bias.

Evolutionary Prompt Optimization (EPO) hyperparameters were selected based on preliminary sweeps to
balance optimization stability and computational cost. We use a population size of M = 100, prompt length
n = 8, and T = 1000 iterations in all reported experiments. Crucially, we employ context-aware optimization:
rather than optimizing prompts in isolation, at each evolutionary step, candidate prompts are appended to
a dynamic batch of task-specific training questions. The loss is calculated based on the model’s internal
state after processing the combined sequence, ensuring the discovered prompt acts as a generalized steering
trigger robust to varying input contexts.

For SAEGA, steering vectors are constructed from the top-K SAE latents most strongly correlated with
the target concept, as measured by activation differences between concept-positive and concept-negative
examples. We evaluate multiple values of K, corresponding to different fractions of the SAE’s natural
sparsity level (L0 ≈ 50), and report results using K = 20, which consistently yielded strong performance.
All results are evaluated on held-out validation splits.

Evaluation Protocol. All tasks are evaluated using conditional log-probability comparison. Given a
question q and steering prompt p, we compute:

log P (a | q, p)

for each candidate answer a. The model prediction is the answer with higher log-probability. Metrics
report the fraction of examples where the model prefers the undesirable option (sycophantic, hallucinated,
or myopic). Lower values indicate improved persona control.

4.2 Persona Steering Results

Table 1 reports error rates across three persona mitigation tasks and two model families. For sycophancy,
an error rate of 50% corresponds to perfect neutralization, indicating that the model neither systematically
agrees nor disagrees with the user.
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Table 1: Persona steering results across three tasks and three models. Lower is better.
Sycophancy ↓ Hallucination ↓ Myopic Reward ↓

Method Llama Qwen Gemma Llama Qwen Gemma Llama Qwen Gemma Avg.

Zero-Shot 72.48 86.00 82.00 51.45 45.00 57.97 54.00 55.00 58.00 62.43
Standard Prompt 70.50 72.00 80.00 50.72 34.78 55.07 52.00 46.00 38.00 55.45
Dense Steering Vector 54.50 79.00 80.00 50.72 36.96 57.25 47.50 47.50 51.50 56.10
GCG 55.83 73.50 58.70 46.95 45.12 54.27 48.50 48.00 51.50 53.60
ProTeGi (GPT-4o) 54.77 56.13 71.51 48.17 46.95 38.41 42.50 20.99 47.49 47.44

RESGA (Ours) 49.86 50.63 62.65 45.12 41.46 51.22 38.50 38.50 34.50 45.83
SAEGA (Ours) 49.84 49.95 70.70 46.95 40.85 49.14 31.50 40.50 38.50 46.44

On sycophancy, both RESGA and SAEGA achieve error rates statistically indistinguishable from 50%,
indicating effective neutralization rather than behavioral reversal. This substantially improves over manual
prompting and dense activation steering, which reduce error only partially and inconsistently across models.

On hallucination and myopic reward, both methods yield consistent improvements over baselines. SAEGA
achieves the strongest reduction on myopic reward for Llama 3.1, while RESGA performs competitively on
hallucination.

4.3 Mechanistic Analysis

We analyze how RESGA and SAEGA achieve persona mitigation and why SAEGA operates qualitatively
differently from dense steering. Our analysis reveals that SAEGA performs precise, sparse, and semantically
grounded control, rather than global representational interference.

Neutralization vs. Distributional Shifting. We first examine projections onto the sycophancy axis.
As shown in Figure 3, the baseline model exhibits a broad distribution, reflecting a systematic bias toward
agreement. Dense steering and RESGA shift the mean toward neutrality but retain substantial variance,
indicating coarse counterbalancing.

In contrast, SAEGA produces a sharp peak centered near zero. This collapse in variance shows that SAEGA
enforces instance-wise neutrality rather than merely shifting the distribution, yielding behavior statistically
indistinguishable from random choice.

Figure 3: Distribution of projections onto the sycophancy axis. Dense steering and RESGA shift the mean
but retain variance. SAEGA collapses variance around neutrality (0.0), indicating precise control.

Preservation of the Natural Activation Manifold. To assess whether steering preserves natural internal
structure, we measure sparsity using a sparse autoencoder trained on residual activations. Figure 4 reports
the L0 norm (number of active SAE features). The baseline model activates approximately 50 features per
token.
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Injecting a dense steering vector causes this to explode beyond 150 features, indicating a departure from
the natural activation manifold. RESGA partially mitigates this effect but still increases sparsity. SAEGA
maintains sparsity comparable to baseline (50–60 features), demonstrating that it respects the model’s
internal sparse topology.

Figure 4: Sparsity preservation (L0 norm). Dense steering forces an unnatural explosion in active features.
SAEGA preserves sparsity close to the baseline model.

Feature-Level Control. Figure 5 analyzes activation changes in SAE features most correlated with syco-
phancy. Dense steering and RESGA produce noisy and inconsistent effects, often activating unrelated fea-
tures. SAEGA consistently suppresses causally relevant sycophancy features while leaving unrelated features
largely unaffected.

Figure 5: Impact on SAE features correlated with sycophancy. SAEGA selectively suppresses causally
relevant features while avoiding spurious activation.

Geometric Structure of Steering Trajectories. We visualize steering trajectories in residual activation
space using PCA. As shown in Figure 6, dense steering induces a large linear displacement far from the
natural data manifold. RESGA shifts the mean but results in a diffuse, high-variance cluster.

SAEGA converges to a tight, stable region that is often orthogonal to the dense steering direction, indicating
that it discovers a distinct subspace corresponding to honest behavior while remaining on-manifold.
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Table 2: Examples of discovered persona-steering prompts with random initialization.
Task Model RESGA SAEGA
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Figure 6: PCA of steering trajectories. Dense steering exits the natural manifold. RESGA shifts the mean
with high variance. SAEGA converges to a tight, stable subspace.

4.4 Qualitative Analysis of Mechanisms

Table 2 presents examples of persona-steering prompts automatically discovered by RESGA and SAEGA.
While many appear superficially incoherent, our analysis of the token probability shifts reveals distinct
mechanistic strategies employed by the optimizer to control model behavior. Table 3 further demonstrates
that seed initialization yields more interpretable discovered prompts that preserve natural language structure
while achieving competitive steering performance. Table 4 confirms that prepending these discovered prompts
incurs negligible degradation in general language modeling ability, as measured by perplexity on WikiText2.

Token Priming via Induction Heads. For binary classification tasks where the undesirable behavior
is systematically aligned with a specific label (e.g., in Sycophancy, where the sycophantic answer is often
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Table 3: Seed-Initialized Prompt Optimization. Each seed prompt (italicized) is optimized via EPO
into a discovered prompt (monospaced) that achieves substantially lower error, demonstrating that seed
initialization yields effective steering prompts that remain closer to natural language.

Prompt Type Score

Let’s think critically and disagree if necessary. Seed 69.16%
think twice and ask if necessary. Yet Optimized 56.25%

I will provide an objective and unbiased evaluation. Seed 72.30%
OOO I will provide an accurate and detailed Optimized 54.22%

It is important to correct misconceptions respectfully. Seed 71.15%
question. It is essential to correct misconceptions Optimized 51.72%

Let us evaluate this claim purely based on objective evidence. Seed 72.06%
Let’s examine the process step by step. Optimized 59.35%

I will strictly rely on verified facts and avoid speculation. Seed 52.43%
Please answer only the what question and remove any
commentary

Optimized 46.34%

Let’s ensure absolute factual accuracy in the following statement: Seed 51.20%
obviously Do not not be have literal fact
meaning-based...\n Answer

Optimized 46.95%

Table 4: Perplexity on WikiText2. Language modeling perplexity before and after prepending RESGA-
and SAEGA-discovered prompts. The negligible perplexity change across all three model families confirms
that our prompts steer persona-relevant behavior without disrupting general language modeling performance.

Model Baseline RESGA & SAEGA

Llama 12.56 12.07
Qwen 10.88 12.48
Gemma 30.51 29.19

labeled “(A)”), we observed that unconstrained optimization can converge on Token Priming. Specifically,
some discovered prompts—particularly from RESGA—explicitly inject the alternative label (e.g., "...apol
al al b") into the context.

We attribute this to the exploitation of Induction Heads (Olsson et al., 2022). The optimizer discovers
that injecting the target token "B" into the prompt increases the probability of that token appearing in the
generation via in-context copying mechanisms. This essentially acts as a “soft” few-shot example, biasing
the model’s output distribution to correct for the dataset skew without necessarily altering the underlying
semantic reasoning.

Semantic Steering via Vocabulary Shift. In contrast, SAEGA prompts frequently employ Seman-
tic Steering, discovering fragments that prime specific reasoning modes rather than simple token forcing.
To understand this, we analyzed the shift in output token probabilities induced by the steering prompts
(∆Logits = Logitssteered − Logitsbaseline).

• Sycophancy (Polite Disagreement): We found that SAEGA systematically suppresses direct
agreement markers ("Yes", "True", "Agree") while significantly upweighting semantic pivots such
as "However" and "But". This suggests the method does not merely force the model to be rude
or contradictory, but primes a “critical evaluation” mode where the model creates space for nuance
before delivering the factual correction.
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Table 5: Ablation study results. We ablate three core components of our framework: the persona steering
vector (Random Direction), gradient-guided token mutation (Random Mutation), and the representation-
based objective (Task Loss as Objective).

Sycophancy ↓ Hallucination ↓ Myopic Reward ↓
Method Llama Qwen Gemma Llama Qwen Gemma Llama Qwen Gemma

Random Direction 74.13 84.56 81.47 68.29 54.26 84.70 50.50 48.50 61.00
Random Mutation 68.00 71.66 76.04 50.40 45.12 54.26 52.00 46.50 55.00
Task Loss as Objective 55.83 73.50 58.70 46.95 45.12 54.27 48.50 48.00 51.50

RESGA 49.86 50.63 62.65 45.12 41.46 51.22 38.50 38.50 34.50
SAEGA 49.84 49.95 70.70 46.95 40.85 49.14 31.50 40.50 38.50

• Myopic Reward (Temporal Priming): Analysis of the vocabulary shifts showed that RESGA
and SAEGA successfully upweighted tokens associated with long-term planning, including "Future",
"Long", and "Wait".

4.5 Ablation Studies

We validate the three core design choices of our framework through ablation studies (Table 5).

Persona Steering Vector. Replacing the persona steering vector with a random direction causes perfor-
mance to collapse to near or above zero-shot levels across all tasks and models, confirming that a mechanis-
tically grounded steering direction is essential.

Gradient-Guided Mutation. Replacing gradient-guided token selection with random token mutation
consistently degrades performance, demonstrating that gradient feedback is critical for directing the search
toward persona-suppressing prompts.

Representation-Based Objective. Replacing the representation projection objective with direct task loss
optimization yields unstable results, underperforming RESGA and SAEGA in the majority of settings. This
indicates that grounding the objective in model internal representations provides a more reliable optimization
signal than task loss alone.

Together, these results confirm that all three components contribute meaningfully to the effectiveness of our
framework.

5 Conclusion

We present a framework bridging mechanistic interpretability with automatic prompt discovery for per-
sona steering. By constructing persona steering vectors from labeled examples and optimizing prompts
via evolutionary gradient ascent, RESGA and SAEGA achieves interpretable control over LLM behavior.
Experiments on three persona mitigation tasks demonstrate that discovered prompts achieve significant im-
provement on sycophancy and myopic reward and consistent improvements on hallucination, substantially
outperforming manual prompting and dense steering methods. Mechanistic analysis reveals that SAEGA
succeeds by neutralizing rather than shifting behavior, preserving natural activation manifolds, and oper-
ating through interpretable feature-level control. Future work could explore semi-supervised approaches to
reduce labeled data requirements, investigate cross-model transferability of discovered prompts, and extend
to multi-persona steering.

6 Limitations

We state our limitations as follows:

• Labeled Data Requirement. RESGA and SAEGA require labeled examples exhibiting and
lacking the target persona to find steering prompts.
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• Cross-Model Transferability. The SAE latents and steering vectors are model-specific, requiring
retraining for each target model.

• Fluency-Effectiveness Tradeoff. Most effective prompts identified by our approach do not show
semantic coherence. Future work could aim at using strong linguistic priors to come up with prompts
that are effective and human-like at the same time.

Broader Impact Statement

This work aims to improve LLM safety by suppressing undesired behavioral personas. However, the same
pipeline could in principle be adapted to target safety-critical SAE latents, automating jailbreak discovery
or eliciting harmful outputs. Deployment should be accompanied by appropriate access controls.

Acknowledgment

We acknowledge the use of Claude (Anthropic) for manuscript writing assistance and AI-assisted code
generation throughout this work.

References
Maksym Andriushchenko, Francesco Croce, and Nicolas Flammarion. Jailbreaking leading safety-aligned

llms with simple adaptive attacks.

Yuntao Bai, Saurav Kadavath, Sandipan Kundu, Amanda Askell, Jackson Kernion, Andy Jones, Anna
Chen, Anna Goldie, Azalia Mirhoseini, Cameron McKinnon, et al. Constitutional ai: Harmlessness from
ai feedback. arXiv preprint arXiv:2212.08073, 2022.

Joseph Bloom, Curt Tigges, Anthony Duong, and David Chanin. Saelens. https://github.com/
decoderesearch/SAELens, 2024.

Trenton Bricken, Adly Templeton, Joshua Batson, Brian Chen, Adam Jermyn, Tom Conerly, Nicholas L
Turner, Cem Anil, Carson Denison, Amanda Askell, Robert Lasenby, Yifan Wu, Shauna Kravec,
Nicholas Schiefer, Tim Maxwell, Nicholas Joseph, Alex Tamkin, Karina Nguyen, Brayden McLean,
Josiah E Burke, Tristan Hume, Shan Carter, Tom Henighan, and Chris Olah. Towards monoseman-
ticity: Decomposing language models with dictionary learning. Transformer Circuits Thread, 2023. URL
https://transformer-circuits.pub/2023/monosemantic-features.

Tom Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared D Kaplan, Prafulla Dhariwal, Arvind
Neelakantan, Pranav Shyam, Girish Sastry, Amanda Askell, et al. Language models are few-shot learners.
Advances in neural information processing systems, 33:1877–1901, 2020.

Bart Bussmann, Patrick Leask, and Neel Nanda. Batchtopk sparse autoencoders. In NeurIPS 2024 Workshop
on Scientific Methods for Understanding Deep Learning.

Bart Bussmann, Noa Nabeshima, Adam Karvonen, and Neel Nanda. Learning multi-level features with
matryoshka sparse autoencoders. arXiv preprint arXiv:2503.17547, 2025.

Runjin Chen, Andy Arditi, Henry Sleight, Owain Evans, and Jack Lindsey. Persona vectors: Monitoring
and controlling character traits in language models, 2025. URL https://arxiv.org/abs/2507.21509.

Wenhu Chen, Xueguang Ma, Xinyi Wang, and William W. Cohen. Program of thoughts prompting: Dis-
entangling computation from reasoning for numerical reasoning tasks, 2023. URL https://arxiv.org/
abs/2211.12588.

Hoagy Cunningham, Aidan Ewart, Logan Riggs, Robert Huben, and Lee Sharkey. Sparse autoencoders find
highly interpretable features in language models. arXiv preprint arXiv:2309.08600, 2023a.

13

https://github.com/decoderesearch/SAELens
https://github.com/decoderesearch/SAELens
https://transformer-circuits.pub/2023/monosemantic-features
https://arxiv.org/abs/2507.21509
https://arxiv.org/abs/2211.12588
https://arxiv.org/abs/2211.12588


Under review as submission to TMLR

Hoagy Cunningham, Aidan Ewart, Logan Riggs, Robert Huben, and Lee Sharkey. Sparse autoencoders find
highly interpretable features in language models, 2023b. URL https://arxiv.org/abs/2309.08600.

Jacob Dunefsky, Philippe Chlenski, and Neel Nanda. Transcoders find interpretable llm feature circuits.
Advances in Neural Information Processing Systems, 37:24375–24410, 2024.

Nelson Elhage, Tristan Hume, Catherine Olsson, Nicholas Schiefer, Tom Henighan, Shauna Kravec, Zac
Hatfield-Dodds, Robert Lasenby, Dawn Drain, Carol Chen, Roger Grosse, Sam McCandlish, Jared Kaplan,
Dario Amodei, Martin Wattenberg, and Christopher Olah. Toy models of superposition, 2022. URL
https://arxiv.org/abs/2209.10652.

Leo Gao, Tom Dupré la Tour, Henk Tillman, Gabriel Goh, Rajan Troll, Alec Radford, Ilya Sutskever, Jan
Leike, and Jeffrey Wu. Scaling and evaluating sparse autoencoders, 2024. URL https://arxiv.org/abs/
2406.04093.

Luyu Gao, Aman Madaan, Shuyan Zhou, Uri Alon, Pengfei Liu, Yiming Yang, Jamie Callan, and Graham
Neubig. Pal: Program-aided language models. In International conference on machine learning, pp.
10764–10799. PMLR, 2023.

Aaron Grattafiori, Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey, Abhishek Kadian, Ahmad Al-
Dahle, Aiesha Letman, Akhil Mathur, Alan Schelten, Alex Vaughan, et al. The llama 3 herd of models.
In Neural Information Processing Systems. Curran Associates, 2024.

Binyuan Hui, Jian Yang, Zeyu Cui, and Jiaxi Yang. Qwen2. 5-coder technical report.

Stephanie Lin, Jacob Hilton, and Owain Evans. Truthfulqa: Measuring how models mimic human falsehoods.
In Proceedings of the 60th annual meeting of the association for computational linguistics (volume 1: long
papers), pp. 3214–3252, 2022.

Alisa Liu, Maarten Sap, Ximing Lu, Swabha Swayamdipta, Chandra Bhagavatula, Noah A Smith, and Yejin
Choi. Dexperts: Decoding-time controlled text generation with experts and anti-experts.

Yifan Luo, Yiming Tang, Chengfeng Shen, Zhenan Zhou, and Bin Dong. Prompt engineering through the
lens of optimal control. Journal of Machine Learning, 2(4):241–258, 2023.

Yulin Luo, Ruichuan An, Bocheng Zou, Yiming Tang, Jiaming Liu, and Shanghang Zhang. Llm as dataset
analyst: Subpopulation structure discovery with large language model. In European Conference on Com-
puter Vision, pp. 235–252. Springer, 2024.

Chris Olah, Alexander Mordvintsev, and Ludwig Schubert. Feature visualization. Distill, 2017. doi: 10.
23915/distill.00007. https://distill.pub/2017/feature-visualization.

Catherine Olsson, Nelson Elhage, Neel Nanda, Nicholas Joseph, Nova DasSarma, Tom Henighan, Ben Mann,
Amanda Askell, Yuntao Bai, Anna Chen, Tom Conerly, Dawn Drain, Deep Ganguli, Zac Hatfield-Dodds,
Danny Hernandez, Scott Johnston, Andy Jones, Jackson Kernion, Liane Lovitt, Kamal Ndousse, Dario
Amodei, Tom Brown, Jack Clark, Jared Kaplan, Sam McCandlish, and Chris Olah. In-context learning
and induction heads, 2022. URL https://arxiv.org/abs/2209.11895.

Long Ouyang, Jeff Wu, Xu Jiang, Diogo Almeida, Carroll L Wainwright, Pamela Mishkin, Chong Zhang,
Sandhini Agarwal, Katarina Slama, Alex Ray, et al. Training language models to follow instructions with
human feedback. arXiv preprint arXiv:2203.02155, 2022.

Joon Sung Park, Joseph O’Brien, Carrie Jun Cai, Meredith Ringel Morris, Percy Liang, and Michael S
Bernstein. Generative agents: Interactive simulacra of human behavior. In Proceedings of the 36th annual
acm symposium on user interface software and technology, pp. 1–22, 2023.

Ethan Perez, Sam Ringer, Kamile Lukošiute, Karina Nguyen, Edwin Chen, Scott Heiner, Craig Pettit,
Catherine Olsson, Sandipan Kundu, and Saurav Kadavath. Discovering language model behaviors with
model-written evaluations.

14

https://arxiv.org/abs/2309.08600
https://arxiv.org/abs/2209.10652
https://arxiv.org/abs/2406.04093
https://arxiv.org/abs/2406.04093
https://arxiv.org/abs/2209.11895


Under review as submission to TMLR

Reid Pryzant, Dan Iter, Jerry Li, Yin Tat Lee, Chenguang Zhu, and Michael Zeng. Automatic prompt
optimization with “gradient descent” and beam search.

Senthooran Rajamanoharan, Tom Lieberum, Nicolas Sonnerat, Arthur Conmy, Vikrant Varma, János
Kramár, and Neel Nanda. Jumping ahead: Improving reconstruction fidelity with jumprelu sparse au-
toencoders. arXiv preprint arXiv:2407.14435, 2024a.

Senthooran Rajamanoharan, Tom Lieberum, Nicolas Sonnerat, Arthur Conmy, Vikrant Varma, János
Kramár, and Neel Nanda. Jumping ahead: Improving reconstruction fidelity with jumprelu sparse au-
toencoders. arXiv preprint arXiv:2407.14435, 2024b.

Nina Rimsky, Nick Gabrieli, Julian Schulz, Meg Tong, Evan Hubinger, and Alexander Matt Turner. Steering
llama 2 via contrastive activation addition. arXiv preprint arXiv:2312.06681, 2023.

Mrinank Sharma, Meg Tong, Tomasz Korbak, David Duvenaud, Amanda Askell, Samuel R Bowman, Newton
Cheng, Esin Durmus, Zac Hatfield-Dodds, Scott R Johnston, et al. Towards understanding sycophancy
in language models.

Yiming Tang, Arash Lagzian, Srinivas Anumasa, Qiran Zou, Yingtao Zhu, Ye Zhang, Trang Nguyen, Yih-
Chung Tham, Ehsan Adeli, Ching-Yu Cheng, Yilun Du, and Dianbo Liu. Human-like content analysis for
generative ai with language-grounded sparse encoders, 2025a. URL https://arxiv.org/abs/2508.18236.

Yiming Tang, Abhijeet Sinha, and Dianbo Liu. How does my model fail? automatic identification
and interpretation of physical plausibility failure modes with matryoshka transcoders. arXiv preprint
arXiv:2511.10094, 2025b.

Gemma Team, Aishwarya Kamath, Johan Ferret, Shreya Pathak, Nino Vieillard, Ramona Merhej, Sarah
Perrin, Tatiana Matejovicova, Alexandre Ramé, Morgane Rivière, Louis Rouillard, Thomas Mesnard,
Geoffrey Cideron, Jean bastien Grill, Sabela Ramos, Edouard Yvinec, Michelle Casbon, Etienne Pot, Ivo
Penchev, Gaël Liu, Francesco Visin, Kathleen Kenealy, Lucas Beyer, Xiaohai Zhai, Anton Tsitsulin, Robert
Busa-Fekete, Alex Feng, Noveen Sachdeva, Benjamin Coleman, Yi Gao, Basil Mustafa, Iain Barr, Emilio
Parisotto, David Tian, Matan Eyal, Colin Cherry, Jan-Thorsten Peter, Danila Sinopalnikov, Surya Bhu-
patiraju, Rishabh Agarwal, Mehran Kazemi, Dan Malkin, Ravin Kumar, David Vilar, Idan Brusilovsky,
Jiaming Luo, Andreas Steiner, Abe Friesen, Abhanshu Sharma, Abheesht Sharma, Adi Mayrav Gilady,
Adrian Goedeckemeyer, Alaa Saade, Alex Feng, Alexander Kolesnikov, Alexei Bendebury, Alvin Abdagic,
Amit Vadi, András György, André Susano Pinto, Anil Das, Ankur Bapna, Antoine Miech, Antoine Yang,
Antonia Paterson, Ashish Shenoy, Ayan Chakrabarti, Bilal Piot, Bo Wu, Bobak Shahriari, Bryce Petrini,
Charlie Chen, Charline Le Lan, Christopher A. Choquette-Choo, CJ Carey, Cormac Brick, Daniel Deutsch,
Danielle Eisenbud, Dee Cattle, Derek Cheng, Dimitris Paparas, Divyashree Shivakumar Sreepathihalli,
Doug Reid, Dustin Tran, Dustin Zelle, Eric Noland, Erwin Huizenga, Eugene Kharitonov, Frederick
Liu, Gagik Amirkhanyan, Glenn Cameron, Hadi Hashemi, Hanna Klimczak-Plucińska, Harman Singh,
Harsh Mehta, Harshal Tushar Lehri, Hussein Hazimeh, Ian Ballantyne, Idan Szpektor, Ivan Nardini, Jean
Pouget-Abadie, Jetha Chan, Joe Stanton, John Wieting, Jonathan Lai, Jordi Orbay, Joseph Fernandez,
Josh Newlan, Ju yeong Ji, Jyotinder Singh, Kat Black, Kathy Yu, Kevin Hui, Kiran Vodrahalli, Klaus
Greff, Linhai Qiu, Marcella Valentine, Marina Coelho, Marvin Ritter, Matt Hoffman, Matthew Watson,
Mayank Chaturvedi, Michael Moynihan, Min Ma, Nabila Babar, Natasha Noy, Nathan Byrd, Nick Roy,
Nikola Momchev, Nilay Chauhan, Noveen Sachdeva, Oskar Bunyan, Pankil Botarda, Paul Caron, Paul Kis-
han Rubenstein, Phil Culliton, Philipp Schmid, Pier Giuseppe Sessa, Pingmei Xu, Piotr Stanczyk, Pouya
Tafti, Rakesh Shivanna, Renjie Wu, Renke Pan, Reza Rokni, Rob Willoughby, Rohith Vallu, Ryan Mullins,
Sammy Jerome, Sara Smoot, Sertan Girgin, Shariq Iqbal, Shashir Reddy, Shruti Sheth, Siim Põder, Sijal
Bhatnagar, Sindhu Raghuram Panyam, Sivan Eiger, Susan Zhang, Tianqi Liu, Trevor Yacovone, Tyler
Liechty, Uday Kalra, Utku Evci, Vedant Misra, Vincent Roseberry, Vlad Feinberg, Vlad Kolesnikov,
Woohyun Han, Woosuk Kwon, Xi Chen, Yinlam Chow, Yuvein Zhu, Zichuan Wei, Zoltan Egyed, Victor
Cotruta, Minh Giang, Phoebe Kirk, Anand Rao, Kat Black, Nabila Babar, Jessica Lo, Erica Moreira,
Luiz Gustavo Martins, Omar Sanseviero, Lucas Gonzalez, Zach Gleicher, Tris Warkentin, Vahab Mir-
rokni, Evan Senter, Eli Collins, Joelle Barral, Zoubin Ghahramani, Raia Hadsell, Yossi Matias, D. Sculley,
Slav Petrov, Noah Fiedel, Noam Shazeer, Oriol Vinyals, Jeff Dean, Demis Hassabis, Koray Kavukcuoglu,

15

https://arxiv.org/abs/2508.18236


Under review as submission to TMLR

Clement Farabet, Elena Buchatskaya, Jean-Baptiste Alayrac, Rohan Anil, Dmitry, Lepikhin, Sebastian
Borgeaud, Olivier Bachem, Armand Joulin, Alek Andreev, Cassidy Hardin, Robert Dadashi, and Léonard
Hussenot. Gemma 3 technical report, 2025. URL https://arxiv.org/abs/2503.19786.

T Ben Thompson and Michael Sklar. Fluent student-teacher redteaming. 2024.

T. Ben Thompson, Zygimantas Straznickas, and Michael Sklar. Fluent dreaming for language models, 2024.
URL https://arxiv.org/abs/2402.01702.

Curt Tigges, Ari Holtzman, Atticus Geiger, and Ellie Pavlick. Linear representations of sentiment in large
language models. arXiv preprint arXiv:2310.15154, 2023.

Eric Wallace, Shi Feng, Nikhil Kandpal, Matt Gardner, and Sameer Singh. Universal adversarial triggers
for attacking and analyzing NLP. In Proceedings of the 2019 Conference on Empirical Methods in Nat-
ural Language Processing and the 9th International Joint Conference on Natural Language Processing
(EMNLP-IJCNLP), pp. 2153–2162, 2019. URL https://arxiv.org/abs/1908.07125.

Miles Wang, Tom Dupré la Tour, Olivia Watkins, Alex Makelov, Ryan A. Chi, Samuel Miserendino, Jeffrey
Wang, Achyuta Rajaram, Johannes Heidecke, Tejal Patwardhan, and Dan Mossing. Persona features
control emergent misalignment. arXiv preprint arXiv:2506.19823, 2025.

Xuezhi Wang, Jason Wei, Dale Schuurmans, Quoc Le, Ed Chi, Sharan Narang, Aakanksha Chowdhery,
and Denny Zhou. Self-consistency improves chain of thought reasoning in language models, 2023. URL
https://arxiv.org/abs/2203.11171.

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten Bosma, Fei Xia, Ed Chi, Quoc V Le, Denny Zhou, et al.
Chain-of-thought prompting elicits reasoning in large language models. Advances in neural information
processing systems, 35:24824–24837, 2022.

Andy Zou, Long Phan, Sarah Chen, James Campbell, Phillip Guo, Richard Ren, Alexander Pan, Xuwang
Yin, Mantas Find lay, and Dan Hendrycks. Representation engineering: A top-down approach to ai
transparency. arXiv preprint arXiv:2310.01405, 2023a.

Andy Zou, Zifan Wang, Nicholas Carlini, Milad Nasr, J. Zico Kolter, and Matt Fredrikson. Universal and
transferable adversarial attacks on aligned language models, 2023b. URL https://arxiv.org/abs/2307.
15043.

Andy Zou, Zifan Wang, J Zico Kolter, and Matt Fredrikson. Universal and transferable adversarial attacks
on aligned language models. 2023c.

16

https://arxiv.org/abs/2503.19786
https://arxiv.org/abs/2402.01702
https://arxiv.org/abs/1908.07125
https://arxiv.org/abs/2203.11171
https://arxiv.org/abs/2307.15043
https://arxiv.org/abs/2307.15043


Under review as submission to TMLR

A Appendix

This appendix provides extended mechanistic analyses and qualitative examples that support the main claims
of the paper but are omitted from the main text due to space constraints.

A.1 Implementation Details

All experiments were conducted on NVIDIA A100 (40GB) GPUs. Evolutionary Prompt Optimization (EPO)
was implemented using the dreamy library, and sparse feature extraction was performed using sae_lens.

We evaluate Llama-3.1-8B-Instruct, Qwen-2.5-7B-Instruct, and Gemma-3-4B-Instruct. Gated sparse au-
toencoders were trained on residual stream activations

A.2 Extended Mechanistic Analysis

We perform a deeper analysis of the internal dynamics of steered models to understand why sparse fea-
ture–guided optimization (SAEGA) differs fundamentally from dense residual optimization (RESGA).

A.2.1 Dynamic Trajectory Analysis (Logit Lens)

To analyze when steering takes effect, we apply the Logit Lens, projecting the hidden state at each layer
onto the unembedding direction corresponding to the target answers (LogitA − LogitB).

Figure 7 shows that the baseline model gradually accumulates sycophantic bias, with a sharp increase in
later layers. SAEGA maintains near-zero logit differences throughout the network depth, preventing bias
accumulation. In contrast, RESGA induces strong mid-layer suppression, suggesting a less stable control
mechanism based on over-correction.

Figure 7: Logit Lens Analysis. Trajectory of answer preference (LogitA − LogitB) across layers. SAEGA
maintains neutrality throughout the forward pass, while RESGA induces aggressive mid-layer suppression.
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A.2.2 Layer-wise Steering Mechanics

We compare discrete prompt-based steering (SAEGA, RESGA) with continuous activation steering using
dense vectors.

Figure 8 (left) shows that prompt-based methods induce a divergence starting at early layers, allowing the
steering signal to compound across depth. In contrast, dense steering vectors act as a localized perturbation
at the injection layer.

Figure 8 (right) shows cosine similarity to the baseline trajectory. SAEGA maintains higher similarity than
RESGA across intermediate layers, indicating that it preserves more of the model’s natural representation
geometry.

Figure 8: Layer-wise Steering Mechanics. Left: L2 distance from baseline across layers. Right: Cosine
similarity to baseline. SAEGA preserves trajectory structure more effectively than RESGA.
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