MASTER THESIS

Explaining and Steering Large Language Model
Behavior via Sparse Autoencoders: Identifying and
Manipulating Interpretable Features in Text
Generation

Luka Gerlach (Student ID: 7415506)
24.02.2026

DLR

University of Cologne Institute of Software Technology
Faculty of Mathematics and Natural Sciences Intelligent and Distributed
Department of Mathematics and Computer Science Systems Department

First Reviewer: Univ.-Prof. Dr. Michael Felderer

Second Reviewer: Dr. Tobias Hecking



Eidesstattliche Versicherung

Hiermit versichere ich an Eides statt, dass ich die vorliegende Arbeit selbststiandig
und ohne die Benutzung anderer als der angegebenen Hilfsmittel angefertigt habe. Alle
Stellen, die wortlich oder sinngemif aus verdffentlichten und nicht verdffentlichten
Schriften entnommen wurden, sind als solche kenntlich gemacht. Die Arbeit ist in gle-
icher oder dhnlicher Form oder auszugsweise im Rahmen einer anderen Priifung noch
nicht vorgelegt worden. Ich versichere, dass die eingereichte elektronische Fassung

der eingereichten Druckfassung vollstandig entspricht.

Die Strafbarkeit einer falschen eidesstattlichen Versicherung ist mir bekannt, na-
mentlich die Strafandrohung gemif3 § 156 StGB bis zu drei Jahren Freiheitsstrafe
oder Geldstrafe bei vorsitzlicher Begehung der Tat bzw. gemill § 161 Abs. 1 StGB

bis zu einem Jahr Freiheitsstrafe oder Geldstrafe bei fahrlidssiger Begehung.

Luka Gerlach

KoIn, den 24.02.2026



Abstract

Large Language Models (LLMs) can be steered by intervening on internal acti-
vations at inference time, offering an alternative to prompting and parameter updates.
Yet, such interventions are often hard to interpret: it remains unclear what exactly a
steering direction represents and which side effects it introduces. Motivated by re-
cent mechanistic interpretability results that suggest that Sparse Autoencoders (SAEs)
can extract sparse, human-interpretable features from model activations, we develop
a steering pipeline that constructs steering directions from a small, inspectable set of
Sparse Autoencoder (SAE) latents, directly addressing the interpretability limitations
of prior steering methods.

We evaluate the method on Ekman-emotion steering (Gemma 2 9B IT and
Llama 3.1 8B IT) and on broader concept steering with AxBench (Gemma 2 9B IT).
Across benchmarks, our approach improves steering performance over comparable
training-free baselines while making interventions more transparent through token-
level interpretations of the selected latents. Finally, we present a qualitative bias-
mitigation case study indicating that our approach can reduce dataset-induced topical

bias transfer when building steering directions.
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Luka Gerlach Introduction

1 Introduction

Modern Large Language Models are trained on vast and heterogeneous corpora,
which endows them with broad linguistic and world knowledge (Brown et al., 2020;
Hoffmann et al., 2022; Kaplan et al., 2020). In practical deployments, however, this
general capability does not automatically translate into behavior that matches a specific
user intent or application requirement. Models may exhibit unwanted behavior (e.g.,
unsafe, biased, or unreliable outputs) due to patterns present in pretraining data (Anwar
etal., 2024; Bender et al., 2021), and, even when they are generally capable, they often
need to be adapted to particular tasks, styles, or constraints. This motivates model
steering: techniques that guide model outputs toward desired characteristics without
training a model from scratch.

There are many different steering techniques, and they can be applied at different
points along the text-generation process. Before inference, behavior can be influenced
via prompting (Brown et al., 2020; Wei et al., 2022; Yu et al., 2023; Zou, Wang, et al.,
2023) or by updating parameters through fine-tuning (Ouyang et al., 2022). During
inference, representation-based interventions manipulate internal activations to more
directly shape the model’s computation (Rimsky et al., 2024; Subramani et al., 2022;
Turner et al., 2024). After inference, outputs can be filtered, reranked, or rewritten
by external components (Bai et al., 2022; Gehman et al., 2020; Krause et al., 2021;
Liu et al., 2021; Madaan et al., 2023). While these approaches have been shown to
be effective at inducing desired behaviors (or suppress unwanted behavior), they often
remain difficult to reason about: it is frequently unclear why a given method works,
which internal mechanisms it activates, and what off-target effects it causes (Durmus
et al., 2024). This lack of understanding makes it hard to deploy steering reliably.

Our main contribution in this work is a representation-based steering method
with an explicit interpretability layer. We focus on a common representation-based
setup in which steering signals are derived from contrastive data: positive text inputs
that express a target concept or behavior and matched negative examples that do not
(Konen et al., 2024; Rimsky et al., 2024; Subramani et al., 2022; Turner et al., 2024).
The core idea is to extract an internal model representation of the target concept from
these contrasts and then intervene on it during generation to increase the likelihood

that the model’s output exhibits the desired property.
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While even representation-based steering typically relies on empirical correla-
tions between prompts and observed activations rather than a detailed understanding of
the underlying computations, we draw on recent mechanistic interpretability advances
suggesting that Sparse Autoencoders can decompose such activations into sparse, more
human-interpretable features (Lieberum et al., 2024; Templeton et al., 2024). Instead
of steering with an uninterpreted direction in activation space, we express the inter-
vention through a small set of selected SAE concepts and validate them via token-level
interpretations. We then apply these latents during generation and evaluate trade-
offs between steering success, side effects, and overall output quality across multiple
benchmarks.

The rest of this work is structured as follows. Section 2 introduces the nec-
essary background on transformer language models, categorizes common steering
approaches, and reviews mechanistic interpretability and SAEs as the interpretability
foundation for our method. Section 3 presents our proposed steering pipeline and
motivates its design choices. Section 4 first studies how to identify high-quality SAE
concepts that match a given steering target and then evaluates the method across bench-
mark settings. Finally, Section 5 discusses the findings, limitations, and directions for

future work.
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2 Background & Related Work

This chapter reviews the prerequisites that are needed for our approach and
examines related work and open research gaps to position our method within the current
research landscape. In each subsection, we first summarize the relevant theoretical
foundations and then discuss recent work to contextualize our method in relation to
the literature.

In Section 2.1, we review the general architecture of modern Large Language
Models and briefly discuss the state-of-the-art open-source models used in this work.
Building on this, Section 2.2 explains why steering models (i.e., altering model behav-
ior based on user instructions) is desirable, how it works, and how different steering
approaches are typically categorized. While steering interventions have been shown to
be effective across many scenarios, it is often unclear why they work. In Section 2.3,
we discuss how this challenge is magnified by the theory that models encode informa-
tion in complex internal representations, and we outline how the field of Mechanistic
Interpretability (MI) approaches this problem. Finally, in Section 2.4, we introduce
Sparse Autoencoders as a recent MI technique that learns sparse, human-interpretable
features from model activations and can be used both to analyze these features and to

steer the model’s behavior via targeted interventions.

2.1 Language Models & Transformer Architecture

Natural Language Processing (NLP) has evolved from rule-based and statisti-
cal approaches towards neural architectures with increasing representational capacity.
Early neural language models using Recurrent Neural Networks (RNNs), particularly
Long Short-Term Memory (LSTM) architectures (Hochreiter & Schmidhuber, 1997),
enabled contextual modeling over variable-length inputs (Sutskever et al., 2014) but
suffered from limited parallelization and difficulties in capturing long-range dependen-
cies. To address these limitations, Vaswani et al. (2017) introduced the Transformer
architecture, which eliminates recurrence entirely in favor of self-attention mechanisms
that allow the model to selectively focus on relevant parts of the input sequence when

generating representations. The general architecture of a decoder-only Transformer is
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Figure 2.1: Decoder-only Transformer architecture (Chalvatzaki et al., 2023)

illustrated in Figure 2.1.!

2.1.1 Architecture

To generate new text, a Transformer model takes a sequence of input tokens,
which are obtained by applying a tokenizer that maps input text into a sequence of
subword units. The tokens are then mapped to continuous vector representations
via a token embedding layer and combined with positional encodings to incorporate
information about token order. These representations initialize the residual stream
(depicted as the black arrow in Figure 2.1), the primary pathway carrying information
through the network. Throughout the model, all representations in the residual stream
maintain a fixed dimensionality of dpyegel, Which is propagated through a stack of
identical decoder blocks.

Each decoder block consists of two primary sublayers: a masked multi-head self-
attention mechanism and a feed-forward network (cf. Figure 2.1). The self-attention
mechanism computes contextual representations by allowing each token at position i

to attend to all preceding positions j < i. This causal masking ensures autoregressive

I'We focus on decoder-only Transformers (Radford et al., 2018), as all models in this work adopt this
architecture. The original Transformer (Vaswani et al., 2017) used an encoder-decoder structure.
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generation, where each token depends only on previously generated tokens. The
mechanism operates on queries (Q), keys (K), and values (V'), which are learned linear
projections of the input representations, and computes attention scores that determine
the relevance of each token to the current position. Formally, self-attention is defined

as:

Attention(Q, K, V) = softma (QKT) Vv (D)
i LK, V) = X )
Vdy

where dj denotes the dimensionality of the key vectors (Vaswani et al., 2017). In
the multi-head setting, this operation is performed in parallel across 4 attention heads,
enabling the model to capture different types of token-to-token relationships. Each
attention head operates on lower-dimensional projections of the model representations,
with the dimensionality of each head typically set to dy = dmodel/h, such that the
concatenation of all heads preserves the overall model dimensionality. Some attention
heads have been shown to exhibit human-interpretable linguistic structure (Clark et al.,
2019).

Following the self-attention sublayer, each token representation is independently
processed by a feed-forward network, typically implemented as a two-layer Multi Layer
Perceptron (MLP):

FFEN(x) = Wy - c(Wix + b)) + by 2)

where x € Rl ig the input representation, W; € Rémdmotel projects to an intermediate
dimensionality dg (typically 4dmodel), 0 1S @ non-linear activation function (commonly
ReLU or GELU), and W, € R%modwelXdit projects back to the original dimensionality.
This sublayer increases the expressive capacity of the model by enabling non-linear
transformations of the token representations in a higher-dimensional space.’

After passing through the full stack of decoder blocks, the final hidden represen-
tations are normalized and projected to vocabulary-sized logits via a linear unembed-

ding layer. Formally, given the final normalized hidden state hg,, € R9modl at a token

position, the model computes logits as:

2We include this level of detail because the attention output (Equation (1)), the MLP output (Equa-
tion (2)), and the residual stream leaving a given layer are common attachment sites for Sparse Autoen-
coders (cf. Section 2.4).
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{ = Wunembedhﬁnal € RlV' (3)

where Wypembed € RIVP¥dmodel jg the unembedding matrix, and |V| denotes the
vocabulary size. Each row of W pempeq corresponds to a token in the vocabulary, and
the resulting logit vector £ € RIV! assigns a score to each possible next token. In other
words, £ is a vector with one entry for every token the model knows, and larger values

indicate tokens the model considers more likely to come next.

2.1.2 Sampling

To generate text, the model must choose the next token based on £. The most
straightforward approach would be to deterministically select the token with the highest
logit value. We call this strategy greedy decoding. However, this can lead to repetitive
and overly predictable outputs. Instead, modern language models typically employ
stochastic sampling methods that introduce controlled randomness while still favoring
more probable tokens.

To enable probabilistic selection, the logits £ are first transformed into a prob-
ability distribution via the softmax function. The probability of selecting token i is

computed as:
exp(4i/7)
2 exp(t;/m)

where ¢; denotes the i-th element of £, and 7 > 0 is the temperature parameter that

p(i) = “)

controls the sharpness of the distribution. Lower temperatures (7 < 1) sharpen the
distribution toward high-probability tokens, producing more deterministic outputs,
while higher temperatures (7 > 1) flatten the distribution, increasing randomness.
Common sampling strategies include top-k sampling, which restricts selection
to the k tokens with highest probability, and nucleus (top-p) sampling (Holtzman
et al., 2019), which dynamically selects the smallest set of tokens whose cumulative
probability exceeds a threshold p. These methods balance diversity and coherence by
limiting consideration to a subset of likely candidates while preventing the selection

of highly improbable tokens.
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2.1.3 Training

While the architectural components and decoding strategies described above de-
fine how Transformers process and generate text, their practical effectiveness depends
critically on large-scale pretraining. Training typically involves a self-supervised task
using an autoregressive next-token prediction objective over massive datasets com-
posed of web text, books, news articles, and code. The combination of scaling up
parameters and extensive pretraining on heterogeneous data lets LLMs acquire broad
linguistic and factual knowledge, which can be adapted to downstream tasks through
fine-tuning (cf. Section 2.2) or in-context learning (Brown et al., 2020; Hoffmann
et al., 2022; Kaplan et al., 2020).

LLMs have demonstrated improvements across a wide range of natural language
processing benchmarks, achieving state-of-the-art performance on language compre-
hension benchmarks such as GLUE or SuperGLUE (A. Wang et al., 2018, 2019),
as well as more recent challenging evaluations including MMLU for multitask un-
derstanding (Hendrycks et al., 2020), GSM8K for mathematical reasoning (Cobbe
et al., 2021), and HumanEval for code generation (M. Chen, 2021), often without

task-specific architectural modifications.

2.1.4 Model Landscape

Current state-of-the-art open-source models include Meta’s Llama model family
(Grattafiori et al., 2024; Touvron, Lavril, et al., 2023; Touvron, Martin, et al., 2023),
particularly the Llama 3.1 models (Grattafiori et al., 2024), available at 8, 70, and 405
billion parameters in both pretrained and Instruction Tuned (IT) variants, and Google’s
Gemma family (Team, Mesnard, et al., 2024; Team, Riviere, et al., 2024; Team et al.,
2025). While the latest Gemma 3 models (available at 1, 4, 12, and 27 billion param-
eters with multimodal capabilities, each in pretrained and instruction-tuned variants)
represent the cutting edge of the series, the preceding Gemma 2 generation comprises
six language-only models at 2, 9, and 27 billion parameters, similarly offered in both
pretrained and instruction-tuned versions (Team, Riviere, et al., 2024). OpenAl re-
cently released two instruction-tuned models at 20 and 120 billion parameters (Agarwal
etal., 2025). In practice, however, our choice of base model is additionally constrained

by the availability of corresponding SAEs, which narrows the set of feasible candidates.
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2.2 Model Steering

As discussed in Section 2.1.3, pretraining equips LLMs with broad linguistic and
world knowledge. However, it does not inherently align their behavior with specific
user intentions or task requirements. Steering refers to techniques that guide model
outputs toward desired characteristics, such as following instructions, adhering to
formatting constraints, maintaining factual accuracy, or exhibiting particular stylistic
properties, without requiring full model retraining. The need for steering arises because
pretrained models optimize for next-token prediction on diverse data, which may
include undesirable patterns such as misinformation, toxicity, or stylistic flaws (Anwar
et al., 2024; Bender et al., 2021). Furthermore, many real-world applications require
task-specific behavior that cannot be specified through pretraining alone, so several

approaches have been developed to steer LLM behavior.

Representation

Based Post Inference

|

Output Rewriting

Before Inference

Training Based Input Based Supervised Unsupervised
Fine-Tuning Prompting SAEs
No Training Training
Difference Representation
in Means Finetuning

Figure 2.2: Taxonomy of model steering techniques organized by when an intervention
is applied: before inference (training- and input-based methods), during inference
(representation-based interventions), and after inference (post-hoc output rewriting).
Representation-based methods are further divided into supervised vs. unsupervised
approaches, with supervised methods split into training-based vs. training-free variants.
The labels inside boxes (e.g., prompting, difference-in-means, SAEs, representation
fine-tuning, output rewriting) denote illustrative examples rather than an exhaustive
list.

Figure 2.2 summarizes the main categories of steering approaches considered in
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this thesis and highlights representative examples. We distinguish between interven-
tions applied before inference (i.e., prior to generating an output), representation-based
interventions during inference (i.e., while the model is producing token-level activa-
tions), and after inference interventions that modify or rewrite the generated output.
Within pre-inference methods, we separate (i) training-based approaches that update
model parameters (fine-tuning) and (ii) input-based approaches that steer behavior by
shaping the prompt. During inference, representation-based approaches directly in-
tervene on internal activations; these can be supervised or unsupervised. Supervised
representation-based methods can be either training-free (e.g., difference-in-means
directions) or require an additional training phase (e.g., representation fine-tuning),
while unsupervised approaches include Sparse Autoencoders (cf. Section 2.4). We
adopt this structuring primarily because it supports a clear exposition of our method; it
should not be read as the only valid or definitive categorization of steering approaches.
In the following sections, we discuss and compare the major steering categories in
more detail, with particular emphasis on their compute—performance trade-offs, and

use this taxonomy to position our method within the broader literature.

2.2.1 Before Inference

Before-inference steering methods influence a model’s behavior prior to gener-
ation, either by shaping the input context presented to the model (prompting) or by
updating model parameters in an additional training phase (fine-tuning). Conceptually,
these methods trade off flexibility, robustness, and computational cost, ranging from

lightweight prompt changes to compute-intensive parameter updates.

Prompting Promptengineering is the computationally cheapest of the steering meth-
ods considered, as it is applied before the model’s forward pass and requires neither
parameter updates nor additional training. It steers model behavior by framing the
textual context provided as input, conditioning the model on task descriptions, ex-
amples, or constraints expressed in natural language. In this way, the prompt serves
as a specification of desired behavior, using the model’s ability to infer tasks from
context. Large language models show strong generalization under such conditions,
especially with examples present in prompts (Brown et al., 2020). More structured

prompting schemes can further guide model outputs, e.g. by encouraging explicit
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reasoning steps or more consistent instruction following (Wei et al., 2022). Because
prompting relies solely on input conditioning, its effectiveness is often sensitive to
phrasing and cannot reliably suppress unwanted behaviors or enforce constraints that
conflict with the model’s learned tendencies, as the intervention remains confined to
the input layer. In practice, prompt-based control is also limited by the model’s finite
context window: longer or more elaborate prompts consume tokens that could other-
wise be used for task-relevant information, and their influence can reduce over long
generations. Moreover, prompting provides only indirect, probabilistic control: even
well-crafted instructions can be overridden by strong model priors or by adversarially
crafted input (prompt injection), making it difficult to guarantee consistent constraint

satisfaction across inputs (Yu et al., 2023; Zou, Wang, et al., 2023).

Fine-Tuning Fine-tuning adapts a pretrained model to a specific task or domain by
continuing training on a selected dataset, updating model parameters to a achieve a
desired behavior. This additional training phase makes it the most computationally
intensive method introduced and its effectiveness depends strongly on the availability,
quality, and representativeness of the fine-tuning data. It has been successfully applied
to a wide range of NLP tasks, including text classification (Howard & Ruder, 2018) and
text understanding (Devlin et al., 2019). Fine-tuning has also been used to align large
language models toward conversational generation and to mitigate toxic or otherwise
undesirable behaviors acquired during pre-training, often in combination with human
feedback® (Ouyang et al., 2022). This type of fine-tuning is typically referred to as
instruction tuning and is applied to most state-of-the-art chat-models. Compared to
representation-based steering, fine-tuning is conceptually straightforward to deploy
because it does not require selecting internal hook points or explicitly intervening
in model internals at inference time; instead, the desired behavior is encoded in
the updated parameters. Despite its effectiveness, instruction tuning alone does not
guarantee robust or consistent adherence to desired constraints, particularly in the
presence of adversarial prompts or conflicting instructions. As a result, Instruction
Tuned (IT) models may still exhibit unsafe, biased, or otherwise unintended behavior

at inference time (Gehman et al., 2020; Nangia et al., 2020; Perez et al., 2022; Zhao

3Learning from human feedback can technically be considered a separate steering approach. For the
sake of the scope of this work, it is discussed only in conjunction with fine-tuning.

10
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etal., 2018).

2.2.2 Representation-Based Steering

Representation-based methods intervene directly on a model’s internal represen-
tations during inference. Unlike prompting, which conditions behavior through input
text alone, and fine-tuning, which updates model parameters in an additional training
phase, activation steering operates on the model’s hidden states at inference time, en-
abling more direct and reversible control over the computational processes underlying
generation. Hidden states refer to intermediate latent representations computed at each
transformer layer at inference time. Interventions can be applied at multiple points in
a transformer block: on the residual stream, on the outputs of the model’s attention
mechanism (as defined in Equation (1)), or on the outputs of the MLP block (as defined
in Equation (2)).

Formally, representation-based steering can be expressed as an additive inter-
vention on the model’s hidden state at a chosen layer £. For a new prompt ppew, the

modified activation a}(pnew) is obtained as:

a,[(pnew) = a¢(Pnew) +4 - v¢ )

where v, is a steering vector that encodes the target concept or property we want to
steer the model toward, and A is a scaling coeflicient that controls the strength of the
intervention. This operation constitutes a linear intervention in activation space, as it
modifies the model’s internal representations through an additive shift along a fixed
direction without altering the model’s parameters or introducing non-linear transfor-

mations?

. The modified activation is then propagated through the remaining layers
during inference and can be applied at every forward pass throughout the generation
process.

Different representation-based steering methods primarily differ in how they
construct a useful steering vector v,. Broadly, this can be done via unsupervised or

supervised approaches. Unsupervised approaches often employ Sparse Autoencoders

(SAEs) to discover interpretable directions in the model’s activation space without

“4This idea is motivated by the linear representation hypothesis: if concepts correspond to linear
directions in activation space, then adding v, implements a targeted shift along such a concept direction.
A more detailed explanation of this is given in Section 2.3.1.

11
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requiring labeled data (cf. Section 2.4). In contrast, supervised methods typically rely
on paired examples of desired and undesired behaviors.

As depicted in Figure 2.2, within supervised methods, we further distinguish be-
tween training-free and training-based approaches. Training-free methods compute v,
directly from labeled examples (e.g., via summary statistics over activations), whereas
training-based methods fit an auxiliary component, such as a linear classifier/regressor
over activations, or directly optimize v, on labeled data to obtain a direction that sep-
arates the target and non-target behavior. Importantly, training-based here refers to
training this auxiliary component (or v, itself) while keeping the base language model
frozen; it should not be conflated with fine-tuning, which updates the language model
parameters. As in the general trade-off between prompting and parameter updates, the
choice between training-free and training-based supervised steering largely reflects a
compute—efficiency trade-off: training incurs additional upfront cost but can yield a
more robust or better-targeted v,.

A prominent supervised technique is the difference-in-means method, which
computes steering vectors by taking the mean activation difference between contrastive
prompt sets (Konen et al., 2024; Rimsky et al., 2024; Turner et al., 2024). Given a set

N
i=1’

of P positive prompts {p; f; , and N negative prompts {p; };_,, the steering vector v,

at layer £ is computed as:

P N

1 1 _
Ve = F Z af(pf)[pos] - N Z af(pi )[pos] (6)

i=1 i=1

where a;(p) denotes the hidden state activation at layer ¢ for prompt p, and the
subscript [pos] indicates extraction at a specific token position (e.g., the final token of
prompt p).

From a computational perspective, supervised activation steering, particularly
the difference-in-means method, represents a middleground between prompting and
training approaches: it requires only forward passes over prompt sets and the col-
lection of activations, avoiding the computational expense of optimizing parameters.
However, this computational advantage comes with additional procedural complexity
compared to both prompting and fine-tuning: instead of directly specifying behav-

ior through text (prompting) or encoding it through parameter updates (fine-tuning),
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activation steering adds an extra layer of design choices around how to construct a
good steering direction (e.g., contrastive dataset design, layer/hook-point choice, and
activation aggregation), and more sophisticated methods can introduce further mod-
eling and validation steps beyond simple difference-in-means. This efficiency and
simplicity has made difference-in-means a common training-free supervised baseline
for steering topical attributes (e.g., contrastive “love”—*“hate” prompt sets) (Turner et
al., 2024) as well as broader behavioral tendencies such as sycophancy (Rimsky et al.,
2024). Konen et al. (2024) further applied difference-in-means to steer sentiment and
Ekman emotions (Ekman, 1992), and highlighted an important failure mode: steering
directions can inherit bias from the data used to derive them (e.g., sentiment vectors
built from Yelp reviews inducing restaurant-related bias in model generations) (Konen
et al., 2024). Relatedly, unintended off-target effects have been documented in further
large-scale studies (Durmus et al., 2024).

Beyond difference-in-means, early work by Subramani et al. (2022) constructed
steering directions through gradient-based optimization. In our taxonomy, such meth-
ods fall under training-based supervised steering, as they explicitly optimize a steering
vector (or an auxiliary objective) on labeled examples while keeping the base model
frozen. More recent training-based methods aim to improve controllability and ro-
bustness via stronger optimization or by training a seperate concept-to-vector mapping
model, e.g. RePs (Wu, Yu, et al., 2025) and HyperSteer (Sun et al., 2025).

Representation-based steering has also been applied beyond stylistic control,
including toxicity and bias mitigation as well as broader alignment-style interventions
(Arditi et al., 2024; Lee et al., 2024; Turner et al., 2024; M. Wang et al., 2025;
Zou, Phan, et al., 2023). R. Chen et al. (2025) showed that persona traits of LLM
assistants can be modulated via activation addition. In this thesis, we build on this
line of work by proposing a representation-based, training-free supervised method
that constructs steering directions from labeled contrastive examples, but grounds
the resulting intervention in a small, interpretable set of SAE latents with explicit

token-level readouts (Section 3.2).
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2.2.3 Post Inference

In addition to interventions that modify a model’s internal computation during
generation (e.g., activation steering), many practical systems apply post-inference
(or output-level) steering, where the model first produces one or more candidate
completions and an external signal is then used to select, filter, or rewrite the final
response. Compared to prompting, fine-tuning, or representation-based steering, post-
inference methods do not change the model’s internal computations that produced the
initial output; instead, they treat the base model as a generator and apply control at the
level of outputs and selection. Practically, this makes post-inference steering highly
modular and easy to layer on top of existing systems, and it can serve as a safety
backstop when pre- or in-generation methods fail, though it typically incurs additional
latency and can be limited by the reliability of the external scoring signal. A common
pattern is classification-based filtering or reranking: atoxicity, bias, or policy classifier
(or more generally a reward model) scores candidate outputs and either rejects unsafe
responses or selects the best completion among multiple samples (Gehman et al.,
2020; Ouyang et al., 2022). Related approaches integrate discriminative signals more
tightly with generation by combining a base model with expert/anti-expert models
or discriminator guidance (Krause et al., 2021; Liu et al., 2021). Another widely
used pattern is generate—critique—revise, where an auxiliary model (or the same LLM
prompted as a critic) produces natural-language feedback that is then used to iteratively
refine the completion (Bai et al., 2022; Madaan et al., 2023). While these methods
operate after decoding and do not require access to hidden states, they can be combined

with activation-level interventions in hybrid pipelines.

2.2.4 Evaluating Steering Interventions

Having seen the main classes of steering approaches, the practical next question
is how such interventions can be evaluated and compared in a meaningful way. In
practice, steering often touches multiple objectives at once: E.g., target adherence (does
the model exhibit the desired behavior?), robustness (does the effect generalize across
prompts?), and side effects (are capabilities or safety properties degraded?). Evaluation
should capture both steering-specific effects and overall model performance. We

therefore briefly review common benchmark families and use them to motivate the
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evaluation setups used in this work.

While large-scale benchmarks exist for evaluating (steered) LLM generations,
they typically target specific use-cases, often times safety-related scenarios. For in-
stance, HarmBench (Mazeika et al., 2024) measures how models respond to malicious
requests and whether they appropriately refuse them. Similarly, RealToxicityPrompts
(Gehman et al., 2020) assesses the tendency of models to generate toxic language, while
CrowS-Pairs (Nangia et al., 2020) quantifies social biases in LLM completions. These
specialized benchmarks are frequently paired with general capability assessments such
as MMLU (Hendrycks et al., 2020), which measures multitask accuracy across sub-
jects spanning from mathematics to humanities, and HellaSwag (Zellers et al., 2019),
which evaluates commonsense reasoning via sentence completion. Other commonly
used capability benchmarks include GSM8K (Cobbe et al., 2021) for mathematical
reasoning, HumanEval (M. Chen, 2021) for code generation, and TriviaQA (Joshi
et al., 2017) for question answering. This combination helps to determine whether
steering interventions maintain or compromise the model’s foundational performance
across diverse domains.

However, the benchmarks described above have two key limitations: they con-
centrate on narrow aspects of steering, and they tend to be extensive in scale, as
they were originally designed to evaluate the general capabilities of LLMs rather than
steering-specific effects.

In this work, we therefore consider both established, narrower evaluation settings
like steering Ekman emotions (Ekman, 1992; Konen et al., 2024) and broader, concept-
diverse benchmarks such as AxBench (Wu, Arora, et al., 2025). Since large-scale
capability benchmarks are often too expensive to run repeatedly for each steering
configuration, we approximate overall quality degradation using lightweight proxy
metrics within our benchmark setups (e.g., completion fluency and other measures of

output coherence).

2.3 Mechanistic Interpretability
While the steering methods introduced above aim to guide model behavior by
manipulating inputs, outputs, or intermediate activations, they largely treat the model

as a black box whose internal organization remains implicit. Prompting conditions
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operate through input text, and fine-tuning optimizes outputs via gradient-based up-
dates, while even activation steering typically relies on empirical correlations between
prompts and observed activations rather than a detailed understanding of the underlying
computations.

The research field of Mechanistic Interpretability (MI) aims to open this black
box by directly examining the internal structure of neural networks, seeking to un-
derstand how features and concepts are encoded and composed within a model’s
parameters and activations. The terms features or concepts are used interchangeably
and can, in the case of LLMs, refer to concrete elements like specific words, as well as
more abstract properties such as topics, syntactic structures, or sentiment. However,
Mechanistic Interpretability is not exclusive to Large Language Models (LLMs). It
applies to multiple domains, including early observations of linear structure in word
embeddings (Mikolov et al., 2013), such as mechanistic analyses of vision models that
identified neurons and circuits corresponding to human-interpretable features (Bau
et al., 2017). Rather than focusing solely on input—output behavior, MI emphasizes
internal explanations that are grounded in the model’s learned representations and
computations. For the purposes of this work, two claims emerging from this literature
are particularly central: the linear representation hypothesis (Section 2.3.1), which
posits that many meaningful features are represented along approximately linear di-
rections in activation space, and the superposition hypothesis (Section 2.3.2), which
argues that neural networks compress many such features into shared representational

dimensions, leading to dense and entangled internal representations.

2.3.1 Linear Representation Hypothesis

As discussed in Section 2.2.2, representation-based steering assumes that con-
cepts correspond to directions in a model’s activation space: by adding a steering
vector vy to a hidden state (Equation (5)), we linearly shift the representation toward
(or away from) a target property that we want to manifest in the model’s generations.
The linear representation hypothesis provides the representational justification for why
such additive interventions can work. It posits that features learned by neural net-
works correspond to approximately linear directions in their activation spaces, so that

individual concepts, attributes, or abstract properties can be activated, suppressed,
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or combined through linear operations such as vector addition and subtraction. As
mentioned, this hypothesis has been shown to empirically hold for distributional word
representations (Mikolov et al., 2013), where linear relationships between embedding
vectors capture semantic regularities.

More recent work extends this observation to deeper neural networks, including
transformers, where linear probes and activation interventions have been shown to
reliably extract or modify specific features and behaviors in model generations, such
as sentiment or topic-related information (Konen et al., 2024; Rimsky et al., 2024;
Turner et al., 2024), stylistic properties (e.g., formality or toxicity), and the presence
of particular entities or syntactic patterns (Elhage et al., 2022; Park et al., 2023).
However, LLLM activations, particularly in the residual stream, exist in an unprivileged
basis: semantically meaningful directions do not generally align with individual basis
directions (single neurons)’ (Elhage et al., 2022). Consequently, meaningful features
are typically encoded as distributed linear combinations across many dimensions rather
than as single axes. This is disadvantageous for interpretability because no single
neuron or coordinate can be straightforwardly associated with a human-understandable

concept.

Figure 2.3: Concept vectors in an unprivileged basis (left) and in a privileged basis
(right) (Elhage et al., 2022)

An intuitive two-dimensional visualization of this phenomenon is shown in
Figure 2.3. The dashed lines represent the basis dimensions, while the arrows denote
concept vectors. In the left panel, the concept vectors are not aligned with the basis
directions, indicating an unprivileged basis. In the right panel, the concept vectors
align with the basis dimensions, corresponding to a privileged basis. Importantly,
in both cases the concept vectors are orthogonal to each other, meaning they remain

perfectly separable by the model despite their differing alignment with the basis.

>This follows from the rotational equivariance of residual stream representations and intervening
linear transformations (cf. Section A.1).
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More intuitively, orthogonality here means that the underlying features or concepts are
independent: the model can represent, read out, and manipulate each concept without

introducing ambiguity or trade-offs with the other.

2.3.2 Superposition Hypothesis

Given the challenges posed by an unprivileged basis, one might hope that iden-
tifying or constructing a privileged basis, in which semantically meaningful features
align with individual basis directions, would resolve the interpretability problem en-
tirely. In such a basis, each concept would correspond to a single dimension, making
features directly accessible and easily interpretable. However, even in a privileged
basis, a fundamental constraint remains: an n-dimensional space can accommodate at
most n mutually orthogonal vectors.

Since neural networks must represent far more than n distinct concepts, per-
fect orthogonality becomes geometrically impossible. The superposition hypothesis
addresses this tension by proposing that models can represent many more features
than dimensions as nearly-orthogonal directions, trading perfect separability between
concepts for vastly increased representational capacity (Elhage et al., 2022). Under
superposition, features are represented by vectors whose pairwise dot products are
small but non-zero, allowing the model to distinguish them in most cases while accept-
ing occasional interference. A direct consequence of superposition is that individual
neurons must respond to multiple distinct features, a property known as polyseman-
ticity. Superposition enables neural networks to compress a rich feature space into a
limited number of dimensions, at the cost of introducing some interference between
features. One can also interpret this as the model performing a noisy approximation
of a higher-dimensional model (Elhage et al., 2022). A visual illustration of this effect

is shown in Figure 2.4.

Figure 2.4: Visualization of the superposition hypothesis. An n-dimensional space
holding > n features (Elhage et al., 2022)
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In this example, five concepts (again depicted as arrows) are embedded in a two-
dimensional space, making it impossible for all concepts to be mutually orthogonal.
In the left panel, activating the orange concept produces side effects on its neighboring
concepts, indicating interference between their representations. This interference
arises because the orange concept has non-zero projections onto the directions of
the other concepts. As a result, these concepts appear slightly activated as well,
as indicated by the small blue arrows. While this interference typically manifests
as low-magnitude noise that downstream components can tolerate or filter out, it
can occasionally cause failures. In the right panel, when both blue concepts are
strongly active, their projections onto the orange concept add constructively, activating
it significantly and causing the model to incorrectly infer that the orange concept is
present as well.

Thus, a crucial prerequisite for the superposition hypothesis to be viable is
sparsity, i.e. the assumption that for any given input, only a small fraction of the
model’s representable concepts are strongly active at once. When sparsity holds,
the interference from overlapping feature directions remains manageable, as most
projections are weak enough that downstream components can tolerate or ignore them.
However, when sparsity is violated and multiple overlapping features activate strongly
on the same input, their projections can add up and amplify interference, causing the
model to falsely detect features that are not actually present (as illustrated in the right
panel of Figure 2.4). Sparsity is a fundamental condition that allows superposition
to trade perfect separability for increased representational capacity without incurring

significant performance loss.

2.4 Sparse Autoencoders

Although superposition enables neural networks to represent more features than
their dimensionality would naively allow, it creates significant interpretability chal-
lenges. When networks encode multiple features as nearly-orthogonal directions within
the same representational space, individual concepts become intertwined rather than
neatly separated. The linear representation hypothesis tells us that features correspond
to directions in activation space, but superposition means these directions overlap and

interfere with one another rather than aligning with distinct dimensions. This overlap
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makes it substantially harder to identify, understand, or selectively modify individual
concepts, since no single dimension cleanly corresponds to a single meaningful feature.

Sparse Autoencoders (SAEs) offer an approach to disentangle these superposed
representations to improve the interpretability of model activations: they aim to learn
a sparse feature space in which model activations can be decomposed into human-
interpretable concepts that align with basis directions. The idea behind them is not
exclusive or new to LLMs and has been applied to other NLP-models (Faruqui et
al., 2015; Subramanian et al., 2018), but showed promising results in LLMs as well
(Bricken et al., 2023). Figure 2.5 shows the general architecture of a SAE.

e BN
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L

Figure 2.5: Architecture of a Sparse Autoencoder (SAE)

SAEs serve two complementary purposes. First, they expand the representational
space to a dimension large enough that concepts no longer need to be stored in
superposition. Returning to the analogy of the model simulating a higher-dimensional
network, the SAE provides sufficient space for this larger network to operate explicitly.
Second, by optimizing for sparse reconstruction (the mechanisms are detailed below),
they implicitly encourage the discovery of a privileged basis in which individual
concepts tend to align with basis directions, and we call these basis directions inside
the SAE latents. This is beneficial for interpretability because it makes it possible to
associate single directions/latents with specific, human-meaningful features, enabling
more targeted analysis than in dense and superposed representations. These properties

implicitly emerge from the architecture and training objective of a SAE.
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24.1 Architecture
Technically, a SAE is a shallow network that encodes an input into an overcom-
plete, i.e. higher-dimensional, latent space and then reconstruct it back to the original

dimension (cf. Figure 2.5). Given an input activation x € R%mol 3 SAE consists of:

* An encoder that maps to a higher-dimensional latent space:
7= 0 (WeneXx + benc) € Rz (7
where

dsag > dmodel  and  Wepe € R¥sAEXdmodel

* A decoder that reconstructs the original activation:
£ = Waeez + baec € R 8)
where

Wiee € RdmodeIXdSAE

A non-linear activation function o (usually ReLU) is applied after the encoder’s
linear transformation. In terms of dimensionality, dsag is set to a multiple of dodel
in practice, with the ratio % referred to as the expansion factor. Without additional
constraints, achieving perfect reconstruction in this setup would be trivial: the SAE
could simply learn to use dmodel dimensions of the latent space as an identity map-
ping, ignoring the remaining dimensions entirely. However, instead of focusing on
reconstruction alone, we want another characteristic to hold for our SAE embeddings:
Sparsity. In this context, sparsity means that for any given input, only a small fraction

of the dsag latents should have non-zero activations. Sparsity is a learned property of

an SAE and is established during training.
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2.4.2 Training
Traditional SAEs (Bricken et al., 2023; Lieberum et al., 2024; Rajamanoharan

et al., 2024) force sparsity by optimizing the following loss:

)

L= [x=%|5 +4 ||zl 9)
—— S~
reconstruction sparsity

where the total loss is divided into two terms: the first term measures reconstruction
error and the second term is the L1 sparsity penalty that encourages latent activations
to be zero. The hyperparameter A controls the trade-off between these two objectives:
higher values of A give more weight to the sparsity penalty and thus produce sparser
representations at the cost of worse reconstruction, while lower values allow better
reconstruction but with more active latents.

TopK SAEs (Gao et al., 2024) take a more direct approach by enforcing sparsity
architecturally: Setting the activation function o to TopK, it keeps only the K latents
with the highest activations and zeros out all others. In this case, the loss function

simplifies to pure reconstruction error:
<112
L=x-X][; (10)

since sparsity is guaranteed by the activation function itself. Here, K becomes the
new trade-off parameter: smaller values of K enforce stronger sparsity but may harm
reconstruction quality, while larger values allow better reconstruction at the cost of
having more active features per input. BatchTopK (Bussmann et al., 2024) extends
this approach by applying the TopK operation across all activations in the entire batch
rather than per sample, maintaining an average of K active features per sample while
allowing the number of active features to vary flexibly across individual samples.

In practice, SAEs are trained on activations collected from a pretrained LLM.
The model weights are frozen, and the SAE is trained to reconstruct activations x
drawn from a specific layer and component of the network, such as the residual stream,
attention outputs, or MLP activations at a given layer. Activations are obtained by
running the model over large unlabeled text corpora (e.g., the models pretraining data)

and recording the resulting hidden states token-by-token.

22



Luka Gerlach Background & Related Work

Across both variants, L1 and TopK, the central idea remains that by forcing the
SAE to reconstruct activations using only a sparse subset of latents in an overcomplete
basis, we encourage it to discover latent directions that correspond to meaningful, dis-
entangled features®, that have empirically shown to correspond to human-interpretable
concepts (Bricken et al., 2023; Cunningham et al., 2023; Gao et al., 2024; Marks et al.,
2024; Templeton et al., 2024). The next paragraph explains how we can map latents

to understandable concepts.

2.4.3 Interpreting Latents

Once a SAE has been trained, each latent dimension can be studied as a candidate
feature that activates selectively for a narrow set of inputs that belong to a interpretable
concept. A common first step is activation-based analysis: by collecting tokens or
token-sequences that maximally activate a given latent, again taken from a large body
of unlabeled text like the SAEs pretraining data, we can often identify a coherent
pattern, such as a syntactic role, semantic topic, or stylistic property. Building on this,
auto interpretation methods attempt to scale this process by using LLMs themselves
to summarize or label latents. Concretely, the text snippets that correspond to the
token-sequences that strongly activate a latent are fed to a separate model, which is
prompted to propose a natural-language description of the shared concept across snip-
pets, allowing thousands of latents to be interpreted with minimal human supervision
(Bills et al., 2023). This basic procedure can be arbitrarily extended by providing the
model with increasingly structured information about latent activations, enabling more
accurate estimation and interpretation of the latent and is an active area of research
(Bricken et al., 2023; Lin, 2023; Paulo et al., 2024; Rajamanoharan et al., 2024).

Beyond interpretation, individual SAE latents can also be used as interventions
for steering. Concretely, one can add a latent’s decoded direction to the residual stream
during generation, thereby nudging the model toward the corresponding feature; prior
work reports single-latent steering effects such as the “Golden Gate Bridge” feature
(Templeton et al., 2024). However, recent work emphasizes a key limitation: just

because a feature reliably activates on certain inputs does not mean that turning it up

®Note that the SAE architecture inherently establishes a privileged basis, allowing us to expect that
features will correspond to individual latents in the SAE embeddings. Again, we direct to Section A.1
for some further explanation.
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will reliably produce the corresponding behavior in the model’s outputs (Durmus et al.,
2024; Paulo et al., 2024).

Another tool to interpret latents is the logit lens (nostalgebraist, 2020), which
connects latents directly to model outputs. Recall from Section 2.1 that the final layer of
a transformer projects normalized hidden representations to vocabulary-sized logits via
a linear output layer Wynembed € RIVIXdmoaet ywhere |V| denotes the vocabulary size. The
logit lens applies this same unembedding matrix to intermediate layer representations,
revealing which tokens would be promoted or suppressed if generation were to stop at
that point in the network.

We can analyze individual latent directions by examining the decoder weight
corresponding to that latent. Given a latent i, its decoder column wge)c € Rmodel

represents the direction in activation space that this latent induces. Projecting this

direction through the unembedding matrix:
fi = Wunembed ' Wfl?c € RlV' (1 1)

yields a vocabulary-sized vector ¢; that directly reveals which tokens are promoted
(positive logit values) or suppressed (negative logit values) when latent i is active.
Importantly, logits are on a continuous scale: higher logits correspond to relatively
stronger promotion (i.e., higher probability under the subsequent softmax), while
lower logits correspond to weaker promotion or suppression. This approach requires
no forward passes and provides immediate insight into a latent’s effect on token
predictions.

The logit lens is particularly informative for SAEs trained on later layers, where
residual stream representations have accumulated information across many preceding
computations and are closer to the final output projection. In these layers, the linear
map to vocabulary logits provides a more direct and interpretable connection between
latent activations and token predictions (nostalgebraist, 2020).

Taken together, SAEs provide a practical interface between the dense internal
state of a LLM and a more human-interpretable feature space: they decompose ac-
tivations into a sparse set of latents that can often be inspected, labeled, and related
back to model behavior. This makes them attractive both for mechanistic analysis,

because individual latents admit targeted attribution and interpretation pipelines, and
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for steering, because the same latents can be used in a controlled way to probe or

modify specific aspects of the model’s computations.

2.4.4 Public SAE Releases and Design Dimensions
Having seen how SAEs are constructed, trained, and interpreted, a practical
next question is which SAEs are actually available for modern open-weight LLMs,

especially the models we have seen in Section 2.1.4.

4
|
!

Residual SAE

I Layer N

© ]

[ MLP Output SAE ]

Norm

S Norm

D
7

el i

RMS Norm

[Atm Out Prelinear SAE]

Attention

i

RMS Norm

Figure 2.6: Hook points of Google’s Gemma Scope SAEs. SAEs are commonly
trained at different locations within a transformer layer, such as attention head outputs,
the MLP block output, and the residual stream at the end of the layer. Figure adapted
from (Lieberum et al., 2024).

Across releases, SAEs differ along a few axes. First, they are tied to a particular
base model and often to a specific checkpoint (e.g., pretrained vs. instruction-tuned).
Second, they are trained on activations taken from particular layers and hook points
within the transformer block (e.g., residual stream, attention outputs, or MLP outputs;

cf. Figure 2.6), which influences what information the SAE has access to. Third,
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dsAE )
b

releases vary in latent dimensionality (often expressed via the expansion factor - .
mode!

trading off feature capacity and training cost. Finally, they differ in the sparsity
mechanism (e.g., an explicit L; penalty as in Equation (9) vs. TopK-style activations
as in Equation (10)) and in the effective target sparsity (e.g., the typical number of active
latents per token), as well as in broader training details such as data and optimization
choices, which can affect reconstruction quality and feature stability.

Several groups have released SAEs for widely used model families; prominent
examples include Google’s Gemma Scope suite for Gemma 2 (Lieberum et al., 2024).
For Llama 3.1, LlamaScope (He et al., 2024) and EleutherAl (Eleuther, 2024) both
provide SAEs for the pretrained base models, while Arditi and RujinChen (2025)
release SAEs trained on instruction-tuned Llama 3.1 checkpoints. We report the
concrete model-SAE configurations we use (e.g., layers, hook points, latent sizes, and

sparsity settings) as part of the experimental setup in Section 4.
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3 Method

The preceding chapters have established the fundamental concepts necessary
to understand and motivate our methodology. This chapter presents our proposed
approach for constructing interpretable steering directions from SAE latents. For
clarity, we structure the method as a multi-stage pipeline, detailing the algorithmic
procedures, hyperparameter choices, and design decisions at each step. We begin with
a high-level overview of the complete pipeline before providing detailed explanations

of each individual stage.

Ranking

LLM h H H >| LogitLens > LLM Rater

SAE
Final Selection

Figure 3.1: Pipeline for constructing interpretable steering directions from SAE la-
tents. The process begins with activation extraction from the base LLM (green and
orange inputs representing contrastive examples), proceeds through SAE encoding
and ranking, and concludes with validation via logit lens projection and LL.M-based
evaluation.

As illustrated in Figure 3.1, our methodology comprises five sequential stages:
(1) Activation Extraction: obtaining activation vectors from the base LLM (i.e., the
model we aim to steer) at a specified layer. (2) SAE Encoding: projecting these
activations into the corresponding SAE latent space. (3) Latent Ranking: scoring
and selecting the top-k candidate latents based on their SAE activation patterns. (4)
Logit Lens Projection: decoding selected latents back to model dimensionality and
identifying their most promoted tokens. (5) Semantic Validation: evaluating candidate
latents through an LLM judge based on their token promotion profiles.

In Section 3.1, we walk through each stage of the pipeline in detail, in Section 3.2
we position our approach with respect to other steering approaches, and in Section 3.3

we summarize the implementation details.
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3.1 Pipeline Stages

3.1.1 Activation Extraction

The first stage of our pipeline extracts hidden state representations from the
base language model using contrastive prompt sets. As depicted on the left side of
Figure 3.1, we provide the model with two sets of inputs: positive examples (shown
in green) that exhibit the target concept or behavior, and negative examples (shown
in orange) that lack this property. For each set of prompts, we compute the model
activations at a specified point in the model where we intend to apply our steering
intervention.

Formally, given P positive prompts {p; i , and N negative prompts { pi_}l.’\i G
extract hidden state activations from the model’s residual stream at layer £, using the
final token position throughout, as it contains the model’s aggregated representation
of the entire input sequence. This yields two sets of dpogel-dimensional activation

vectors:

A* = {ac(p)}E, (12)

A = {ac(p)}Y, (13)

where a,(p) € Rém«el denotes the activation at layer ¢ for the final token of prompt
p. A* contains activations from positive examples, and A~ contains activations from
negative examples. These contrastive activation sets serve as inputs for subsequent

SAE encoding.

3.1.2 SAE Encoding

Given the activation sets A* and A~ from the previous stage, we pass them into
the SAE (depicted as the residuals, green for A* and orange for A~) to encode each
activation into the SAE’s latent space using the SAE encoder. This gives us two sets

of dsag-dimensional latent representations:

Z" = {Encsag(a) | a € A"} (14)

Z" = {Encsag(a) | a € A™} (15)
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where Encsag () denotes the SAE encoding operation from Equation (7). Each result-
ing latent vector z € R?AE provides a sparse decomposition of the original activation
into SAE features. That is, although z is high-dimensional, only a small subset of SAE

latents is active for any given input a.

3.1.3 Latent Ranking

Recall that our goal is to identify a small set of good SAE latents to serve as
building blocks for our final steering direction. Given the two sets of SAE activations,
Z* and Z~, we therefore ask which latents appear most characteristic of the target
concept, and we operationalize this by constructing a family of ranking scores from
the observed activation patterns.

All ranking scores we consider are built from two basic quantities: a frequency
difference (how much more often a latent is active in the target set than in the contrastive
set) and a magnitude difference (how much stronger a latent activates in the target set
when it is active). The remaining scores can be viewed as different combinations or
weightings of these two signals. This lets us inspect each signal in isolation (frequency-
only vs. magnitude-only) and then explore mixtures that trade off breadth (coverage
across target examples) against specificity (strong discrimination when active).

In this section, we introduce the individual scoring functions we consider. In
Section 4.1.2, we then compare them empirically using a set of complementary evalu-
ation criteria to assess which scores most reliably identify steering-relevant latents in
practice.

For each latent j, let fj+ and f] ~ denote its activation frequencies in the target
and contrastive sets (i.e., the fraction of prompts for which the latent is active, z; > 0).
Let m;' and m; denote the mean activation over all prompts in the respective sets, and
let c;T and c; denote the corresponding conditional means computed only over those

samples where the latent has non-zero activation (z; > 0).

Frequency only. We score a latent purely by how much more often it fires in the

target set than in the contrastive set,

$Te4 = max(0, f - f7). (16)
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This favors features that are common in the target class and rare elsewhere, but ignores

how strongly they activate when they do fire.

Magnitude only. To capture how strongly a feature differentiates target vs. con-

trastive examples when it is active, we use the relative conditional gap,
+ -_—
CcC. —C.
st LT (17)

J c;+e
J

This favors latents whose typical activation strength (conditioned on being active) is

much larger in the target set, even if they occur infrequently.

Diff mean. As a simple baseline that does not condition on activity, we compute the

difference of unconditional means,
somean — b = (18)

This captures both frequency and magnitude effects implicitly, but can be dominated

by overall scale (large latents) and by sparsity effects.

Power score (ours). To reduce sensitivity to absolute scale, we normalize the mean

difference by the target mean and define

mi—m;
percent_gap; = e (19)
J

We then combine this relative gap with a soft frequency weighting,

power

s; = percent_gap; - ( S (20)

The exponent « controls how strongly the ranking emphasizes frequently active latents:
larger values increasingly prioritize features that fire across many target examples,
while smaller values allow rarely active but highly discriminative latents to rank more

highly.
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Harmonic mean. To reward latents that are simultaneously frequent and strong, we

combine the frequency-only score and the magnitude-only score via a harmonic mean,

D smag gfreq
S?mean = ma; : frej : (21)
s g4 s T+e

This behaves like an “AND” operator: if either component is small, the overall score

remains small.

Additive. As a smoother alternative, we also consider an additive mixture of the two
components,

add - Lgmae 1o, (22)

1
5j 2% 2%

Unlike the harmonic mean, this score can still rank a latent highly if it is extremely

strong but rare, or very frequent but only moderately strong.

Each scoring mechanism yields a score vector s € RYAE, assigning one scalar score
s to each latent j. Higher scores indicate latents whose activation patterns are more
strongly associated with the target concept under the chosen notion of “strength” (fre-
quency, magnitude, or acombination). After scoring, we select the top-k ranked latents
as candidates for the subsequent stages of the pipeline. We can also compute and in-
spect multiple rankings rather than committing to a single configuration. This includes
combining (i) different scoring mechanisms (e.g., frequency-only vs. magnitude-only
vs. mixtures) and (ii) different a values for scores that include a frequency exponent
(e.g., a smaller @ and a larger a for the power score). A simple strategy to do so is
to form the candidate pool by taking the union of the top-k lists across several scores
and/or « settings.

The choice of ranking score (and its hyperparameters) can substantially affect
both (i) how many semantically relevant latents are surfaced among the candidates and
(ii) the resulting steering quality. We compare and evaluate ranking mechanisms in

Section 4.1.2.
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3.1.4 Logit Lens Projection

The top-k candidate latents obtained from the ranking are then mapped back into
the model’s activation space using the SAE decoder (blue arrow in Figure 3.1). We
analyze each latent j directly via its corresponding decoder weight vector (i.e., the j-th

() ¢ Rdmoaet it represents

SAE decoder matrix column). Denoting this column by w ;.

the activation-space direction induced when latent j is active. Equivalently, this is the
result of decoding a one-hot latent e; and omitting the decoder bias term,

— wl)
df - wdéc

= Wyecej € Rfmodel, (23)

We then apply the logit lens (nostalgebraist, 2020) (cf. Section 2.4.3) to each

latent direction d; by projecting it through the model’s unembedding matrix,
[j = Wunembed dj € RWl’ (24)

which yields a vocabulary-sized vector whose entries indicate which tokens are pro-
moted (positive values) or suppressed (negative values) by that latent. We extract the
top-kiokx promoted tokens as an interpretable token signature for each candidate latent.
Notably, this inspection requires no additional forward passes through the base model

and provides immediate evidence of a latent’s effect on token predictions.

3.1.5 Semantic Validation

The logit lens step yields a set of candidate latents together with the tokens they
most strongly promote. However, these candidates and tokens are not guaranteed to
correspond to the target concept: they may reflect dataset artifacts or bias, or they may
capture a different (but statistically entangled) concept that our ranking mechanism
ranks highly erroneously. To address this, we apply an explicit filtering step using an
LLM judge. We begin by stating the prompt template and subsequently discuss what
the judge does and why. Entries enclosed in { } denote placeholders, such as the concept

to be steered (target_concept) and the candidate latent—token list (candidates_str).
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non

You are selecting a MINIMAL BASIS of SAE neurons that encode the
— concept: {target_concept}.

Goal:
Identify a set of neurons such that removing any one neuron would
— meaningfully degrade the representation of the concept.

Hard Constraints:

- Prefer neurons that independently and directly encode the concept.
- Each neuron must contribute UNIQUE information; overlapping neurons
— are forbidden.

- If two neurons have the same tokens, keep ONLY the the one that

— appeared first in the list.

- Strong associations are allowed if they contribute meaningful to the
— core concept.

- Exclude any neuron that requires additional context, narrative

— framing, or external concepts to interpret. Exclude smileys,

— punctuation, or formatting tokens.

Stopping Rule:
- Stop once the concept and core associations are captured well.
- Don't dilute the set with context dependent neurons.

Output Format:

1. Thinking: [Why each retained neuron is necessary]

2. Re-rank KEPT features by semantic fit for the concept:
— '{target_concept}'

FINAL_LIST: [best_id, ...]

candidates (index -> top tokens):
{candidates_str}

non

As shown above, the prompt serves two purposes. First, it performs a filtering
step by selecting a subset of candidate neurons whose promoted tokens best capture
the target concept. The key trade-off is to include enough latents to represent the
concept faithfully, while excluding tangential or context-dependent features that would
dilute the resulting steering vector. Since the choice and number of selected latents
strongly affect steering performance, we aim for a compact set whose combined token
signatures provide a clear representation of the concept.

Subsequently, the judge re-orders the retained latents based on how well their

promoted-token profiles align with the target concept we aim to steer, returning a
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ranked list in which the most faithful latents precede more tangential ones. We use
this ordering as an explicit notion of semantic fit when constructing the final steering
vector.

For each selected latent j, we compute an absolute steering score by combining
(1) a latent-specific weight w; (here: the mean activation of latent j on the target set
Z*) with (ii) a logit-lens strength estimate £ ; (here: the mean logit over the top-kok

promoted tokens that we got from the preceding pipeline step). Concretely, we define

ssp=wj-{, (25)

and use it to determine the latent’s absolute steering contribution.

We then incorporate the semantic-fit ordering returned by the judge by enforcing
rank-monotonicity via post-processing the latent weights. That is, we iterate from the
bottom of the judge-ranked list upwards, and ensure that each latent’s score ss; is at
least as large as the maximum score of any latent semantically ranked below it. If a
higher-ranked latent would otherwise have ss; smaller than a lower-ranked latent, we
increase its weight w; (leaving its direction Wég c) unchanged) until the scores become
monotone.

For example, assume the judge ranks latent A above latent B in terms of semantic
fit for our target concept. Suppose £4 = 2.0 and w4 = 0.20, giving ss4 = 0.40, while
tg = 1.0 and wg = 0.60, giving ssp = 0.60. Since ss4 < ssp contradicts the semantic
ordering, we nudge wa upwards to w/, = ssg/ly = 0.60/2.0 = 0.30, which yields

ss’

‘s = 0.60 and restores rank-monotonicity. Intuitively, this guarantees that latents

judged as a better semantic match cannot receive a weaker steering contribution than
latents judged as less relevant, preventing lower-quality features from dominating the

final steering direction.

Overall, this pipeline yields a compact, interpretable steering direction constructed by
combining a small set of SAE latents that are (i) statistically associated with the target
concept, (ii) explicitly filtered and re-ranked by semantic fit, and (iii) accompanied by
a transparent token-level signature via the logit lens. As a result, the final steering
vector is not a black-box direction in activation space: we can directly inspect which

latents contribute, how strongly they are weighted, and which tokens each latent tends
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to promote, enabling targeted debugging and principled adjustments.

3.2 Positioning Our Approach

Our method is a representation-based steering approach in the taxonomy from
Figure 2.2: we intervene on internal activations at inference time rather than steering
purely via prompting or post-inference methods. It is supervised (we use labeled,
contrastive prompt sets) and training-free (we neither update the base LLM nor op-
timize a steering vector with gradients), since candidate directions are derived from
forward-pass activation statistics in a pretrained SAE latent space.

Compared to classic training-free baselines such as difference-in-means (cf.
Equation (6)), our method produces some additional overhead as it requires encoding
model activations with a pretrained SAE, ranking and decoding candidate latents, and
performing semantic filtering based on their logit-lens token signatures. This filtering
step depends on a sufficiently capable LLM judge to reliably separate concept-relevant
token promotions from generic or biased correlations.

In terms of compute, our pipeline is therefore more expensive than difference-in-
means (which yields a single dense direction directly from contrastive activations), but
substantially cheaper than training-based representation steering methods that require
optimization, auxiliary models, or fine-tuning. In exchange for this intermediate
compute cost, we gain increased interpretability: the final steering direction is a
transparent combination of a small set of sparse, feature-like SAE latents that can be

inspected and adjusted individually.

3.3 Implementation Details

Our implementation is built in Python on top of PyTorch (Paszke et al., 2019).
We use HuggingFace Transformers (Wolf et al., 2019) to load the base LLM and
tokenizer, and Pyvene (Wu et al., 2024) to collect residual-stream activations at the
chosen layer and component. For each prompt, we record the residual activation at the
final token position; activations are stored together with metadata (text, label, IDs) in
chunked . pkl files (Pandas (McKinney et al., 2011) DataFrames) to enable resumable
processing and to keep memory usage bounded.

To obtain SAE latents, we load pretrained SAEs with sae_lens (Bloom et al.,

2024) and encode the saved residual activations in batches. Using sae_lens provides
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a standardized interface for working with different SAE variants (loading, encoding,
decoding, and metadata access), which simplifies experimentation and makes our
pipeline implementation more robust across models. For each sample we store the
sparse latent representation as a dictionary of non-zero entries (latent index — ac-
tivation), alongside optional reconstruction diagnostics (MSE and cosine similarity)
computed from the SAE decode. Candidate latents are ranked using Pandas/NumPy
(Harris et al., 2020) implementations of the scores defined in Section 3.1.3.

For interpretability, we compute the logit-lens token signature of a latent directly
from its decoder column w((jé )C (cf. Section 3.1.4), projected through the model’s
unembedding/LM head. Finally, semantic filtering and re-ranking of candidates is
performed with an LLLM judge queried via the OpenAl API. We use OpenAl’s flagship
model GPT 5.2 as the judge because smaller open-source models often struggle to
reliably discriminate, among many candidate latents, which token signatures are central
to the target concept, and this fine-grained distinction is crucial for producing a compact
and effective steering direction. The selected latents are then combined into the final
steering direction by summing their decoder directions weighted by their target-set
activation statistics and normalizing the resulting vector.

In addition to saving the final steering vector, we persist a lightweight meta-
data record for each concept that captures how the steering direction was constructed,
most importantly the latent-level composition of the steering vector (latent index —

weight and token signature). Concretely, we store a dictionary of the following form:

"concept': 'joy',
'sv_composition': {
55376: {
'tokens': 'Happy, happy, feliz, happiest, happier',
'sae_weight': 23.005955649299857,
'raw_logit': 122.5
3
58360: {
'tokens': 'glad, Glad, GLAD, flattered, thank',
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'sae_weight': 14.843830099893273,
'raw_logit': 38.5
1,

To apply steering at inference time, we inject the resulting steering direction
during autoregressive decoding using forward hooks at the chosen residual-stream
layer(s). For each steered layer ¢, we load a precomputed steering vector v, from disk,
cast it to the model parameter dtype, and ensure it has shape (1, diodel) for broadcasting
across tokens. We then scale its contribution by steering strength parameter A and add
it to the residual stream at that layer throughout generation.

All experiments were run on a single workstation equipped with an Intel Xeon
w9-3495X CPU (56 cores / 112 threads), three NVIDIA RTX A800 GPUs (40 GB
each, NVLink), and 1 TB of RAM.
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4 Experiments

Having introduced our method and the components required to apply it, we now
evaluate it across different steering scenarios. We first describe the experimental setting
shared across steering benchmarks in Section 4.1, including the chosen model-SAE
configurations, the latent-ranking mechanism, and the remaining hyperparameters
and design choices. We then present two benchmark experiments, each with its
own setup and results: Ekman-emotion steering (Section 4.2) and AxBench concept
steering (Section 4.3). Finally, in Section 4.4, we explore a further application, bias
mitigation, and test whether our approach can reduce dataset-induced topical biases

when constructing steering vectors.

4.1 Experimental Setting

We now describe the experimental setting shared across our benchmarks. Sec-
tion 4.1.1 specifies the model-SAE pairs and the precise intervention site. Section4.1.2
introduces our evaluation of latent ranking, i.e., how we measure whether a ranking
mechanism finds latents that steer the intended concept while preserving output qual-
ity. Based on these results, we select the ranking mechanism used for the main
experiments reported in Sections 4.2 and 4.3. Finally, Section 4.1.3 summarizes the

remaining hyperparameters used for latent selection and generation.

4.1.1 SAE Setup

We evaluate our approach on two open-weight instruction-tuned models for the
Ekman-emotion steering benchmark: Gemma 2 9B IT and Llama 3.1 8B IT. For
AxBench, we follow the benchmark setup and restrict experiments to Gemma 2 9B IT,
as AxBench concepts are defined with respect to Gemma Scope SAEs and are provided
for specific Gemma model-layer combinations. Across both models, we intervene at
the residual stream output and choose layers that yield a comparable relative depth
within each network: layer 31 for Gemma 2 9B IT (out of 42 layers) and layer 23 for
Llama 3.1 8B IT (out of 32 layers).

Gemma 2 9B Instruction-Tuned Google’s Gemma 2 9B IT (Team, Riviere, et

al., 2024) consists of 42 transformer layers with model dimension dmoder = 3,584.
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We use the Gemma Scope SAE released by Lieberum et al. (2024) trained on the
residual stream output at layer 31. The SAE has latent dimension dsag = 131,072,
corresponding to an expansion factor of approximately 37. Gemma Scope SAEs are
trained with an L; sparsity penalty (cf. Equation (9)); the sparsity weight is tuned such

that the average L sparsity is about 100 active latents per input.

Llama 3.1 8B Instruction-Tuned Meta’s Llama 3.1 8B IT consists of 32 transformer
layers with model dimension dyedel = 4,096. We use the BatchTopK SAEs released by
Arditi and RujinChen (2025), which have latent dimension dsag = 131,072 (expansion
factor 32) and are attached to the residual stream at layers 3, 7, 11, 15, 19, 23, and 27.
We intervene at layer 23 and use the K = 128 variant, which is most comparable to the

Gemma 2 setup in terms of target sparsity and relative layer position within the model.

4.1.2 Evaluation of Latent Ranking

This section evaluates the Latent Ranking step of our method (cf. Section 3.1.3).
Recall that the purpose of this step is to produce a candidate pool of latents that is
small enough to be inspected, yet rich enough that our downstream LLM judge can
reliably pick a high-quality subset for steering. Accordingly, we compare the ranking
mechanisms introduced in Section 3.1.3 and ask which one most consistently surfaces

good latents.

What makes a latent “good”? The key difficulty is that “good” is not a single
property. Instead, we operationalize latent quality along two complementary axes.
First, a latent should be semantically relevant: its promoted tokens should reflect the
intended steering concept. Second, a latent should be steerable: activating it should

reliably induce that concept in text generation.

Semantic relevance. We interpret each latent through its promoted tokens obtained
via our logit-lens projection (Section 3.1.4). We then measure whether this token-level
interpretation matches the intended steering concept using the same LLM-based se-
mantic validation protocol as in Section 3.1.5. This yields a direct, ranking-mechanism-
agnostic measure of concept alignment and allows us to test whether some ranking

strategies surface latents that are systematically more on-target than others.
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Concretely, we compare the ranking mechanisms in a focused setting using
Gemma 2 9B IT and the six Ekman emotions (sadness, joy, fear, anger, surprise,
disgust) as target concepts. For each ranking mechanism, we count how many of the
surfaced latents are judged concept-relevant based on their promoted-token profiles;

We report all results averaged across all six emotions.

Average Relevant Latents Found (Aggregated across 6 Emotion Concepts)
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Figure 4.1: Average number of concept-relevant latents (across the six Ekman emo-
tions) retrieved by each ranking mechanism from Section 3.1.3. For our Power Score,
we report a range of different a settings. The “total” corresponds to the union of all
latents judged relevant across ranking mechanisms.

Figure 4.1 shows that the choice of ranking mechanism has a substantial effect
on how many concept-relevant latents are surfaced. Among all methods, our Power
Score performs best for intermediate values of a, peaking at a=0.2 with 27.8 relevant
latents on average (closely followed by a=0.1 with 27.3), and then degrading steadily
as a increases (down to 7.2 at a=20) or becomes too small (12.7 at a=0.01). Among
the non-Power baselines, Frequency Only also retrieves many relevant latents (25.0),
while Harmonic and Diff Mean are moderately strong (21.5 and 16.5, respectively).
In contrast, Additive and Magnitude Only perform poorly (5.7 and 6.0). Overall, even
the best single mechanism captures only about half of the relevant-latent union (49.5
on average), suggesting that different ranking criteria retrieve complementary subsets
of relevant latents.

These findings motivate combining ranking mechanisms: even the best indi-
vidual ranking recovers far fewer relevant latents than the union set, indicating that

each mechanism misses a large fraction of available relevant latents. In Figure 4.2, we
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evaluate simple ensembles formed by taking the union of the top-50 latents from two
mechanisms.

Average Ensemble Potential (Aggregated across 6 Emotion Concepts)
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Figure 4.2: Average number of concept-relevant latents (across the six Ekman emo-
tions) retrieved by taking the union of the top-50 latents from two ranking mechanisms.
Diagonal entries correspond to the single-mechanism results from Figure 4.1.

Indeed, Figure 4.2 shows substantial ensemble gains for many pairings. Com-
bining Power Score with small-to-intermediate a values (a € {0.1,0.2,0.5}) with other
strong mechanisms often increases the number of relevant latents into the low-to-mid
30s. For instance, the union of Power Score at a=0.01 with a=0.2 yields 36.2 rele-
vant latents on average, while pairing Power Score (a=0.1) with Additive yields 32.0.
Frequency Only is particularly complementary: it achieves strong results on its own
(25.0) and boosts several Power Score settings (e.g., 34.8 for Power a=0.5 + Frequency
Only). Across the grid, the best-performing unions reach roughly 36 relevant latents
on average, improving over the best single mechanism by about 8-9 latents, though
still leaving a gap to the full union (49.5). Overall, these results support using a small

ensemble of diverse ranking criteria to build a richer candidate pool before the final
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LLM-judge selection.

Steerability via a compute-free proxy. The semantic relevance analysis above cap-
tures whether a ranking mechanism retrieves latents whose promoted-token profiles
match the target concept. However, concept relevance does not guarantee that a latent
can be used effectively for steering: some latents require large steering strengths before
their signatures manifest in generation, and may cause text fluency degradation first.
We therefore complement the relevance analysis with a second comparison along the
steerability axis using our purity proxy.

Concretely, we define a latent’s purity as the average logit (under the logit-lens
projection) of its top-k promoted tokens (cf. Section 3.1.4). Intuitively, higher purity
indicates that a latent has a sharper and stronger token-level signature, and is therefore
more likely to robustly manifest in generation when used as a steering direction.

This proxy addresses an open question raised in recent work on SAEs: which
latents are actually suitable for steering in the first place (Durmus et al., 2024; Temple-
ton et al., 2024)? While prior approaches often require additional forward passes or
full steering runs to empirically validate whether a latent’s token-level interpretation
indeed propagates into generations (Arad et al., 2025), our proxy provides a lightweight
alternative that can be computed essentially for free as part of the ranking pipeline.

To further motivate this proxy, we consider a cherry-picked example of two
latents that our LLM judge deems semantically relevant for the concept joy. Both
latents come from the Gemma 2 9B IT SAE described in Section 4.1.1, yet their
logit-lens signatures differ greatly. Latent 17 promotes the top-5 tokens Appreciate,
appreciated, Hopefully, Appreciate, and appreciated, with an average promoted-token
logit of 18.3. Latent 28 in contrast, promotes celebration, celebrate, celebratory,
celebrations, and celebrating, with a substantially higher average logit of 100 (i.e.,
more than 5x larger).

We then steer the model using each latent’s decoder direction and compare
generations for the same prompt (“7ell me a story”). For each latent, we increase the

steering strength coefficient A (Equation (5)) until either (i) the promoted token set is

"Latent can be found under https://www.neuronpedia.org/gemma-2-9b-it/
31-gemmascope-res-131k/4097.
8Latent can be found under https://www.neuronpedia.org/gemma-2-9b-it/

31-gemmascope-res-131k/10079.
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induced or (ii) language degeneration sets in. The contrast is visible in the resulting

generations:

Prompt: 7ell me a story.

Latent 1 (low purity / low promoted-token logits). “The wind it was a lonely that
I would be, for I was very much a creature of the light. But I had been working this
will for I was truly looking forward to the light, I couldn’ very that now, the means of

any kind of means it will be quick and you’ really This would be”

Latent 2 (high purity / high promoted-token logits). “The old woman, Elara, sat
on her porch, the scent of salt and victory dancing in the air. Her weathered face
beamed with pride as she watched the sun melt into the ocean, painting the sky in hues
of joy and triumph. The celebration had just ended — her village had finally vanquished
the Shadow Beast that”

Qualitatively, the low-purity latent exhibits a clear fluency decay (repetitions,
grammatical breakdown) before any reliably joy-related content is induced, suggesting
that increasing A first destabilizes generation rather than amplifying the intended token-
level signature. In contrast, the high-purity latent steers the model towards a coherent,
joy-themed continuation in which the latent’s token signature also begins to show
(e.g., the appearance of celebration-related words), without comparable degeneration
at similar steering strengths. This motivates purity as a proxy for steerability that
complements semantic validation.

We incorporate this finding implicitly in the semantic validation step of our
pipeline (Section 3.1.5): we sort candidate latents by purity before presenting them
to the LLM judge. In particular, when multiple candidates share a highly similar
promoted-token signature, we preferentially retain the higher-purity latent (i.e., the
one ranked above), discarding lower-purity alternatives; this purity-based tie-break
is overridden only when the judge’s subsequent re-ordering by semantic fit clearly
elevates a lower-purity candidate.

Figure 4.3 reports the average purity of the latents that were marked as concept-
relevant by our semantic validation step. Within our Power Score family, we observe a

clear shift between coverage and purity: the settings that retrieve the most semantically
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Average Logit/Purity of Relevant Latents (Aggregated across 6 Emotion Concepts)
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Figure 4.3: Average purity of concept-relevant latents, measured as the mean logit
of each latent’s top-k promoted tokens under the logit-lens projection (Section 3.1.4),
aggregated across the six Ekman emotions. Error bars indicate variation across emo-
tions.

relevant latents (notably a € {0.1,0.2}) tend to have comparatively weaker promoted-
token logits (around 47), whereas larger a values yield fewer but substantially higher-
purity latents. In particular, a € {2, 5, 10, 20} consistently achieves average promoted-
token logits above 50 (peaking around 54-55), indicating stronger and sharper token-
level signatures that are more likely to translate into steerability.

Beyond Power Score, difference-in-means also produces relatively high-purity
latents (50.4), while Harmonic and Frequency Only fall into a mid-range around 47. In
contrast, the methods that perform poorly in terms of semantic relevance also tend to
yield substantially lower purity: Magnitude Only and Additive achieve average logits

of roughly 30 and 28, respectively.

Implications Taken together, these results highlight a practical trade-off, most clearly
within the Power Score family: smaller-to-intermediate a values tend to maximize
semantic relevance (coverage of concept-relevant latents), whereas larger a values favor
higher purity (sharper token-level signatures) at the cost of retrieving fewer relevant
candidates. We do not observe a single a setting that simultaneously optimizes both
axes. If one wants a single default Power Score setting for a single-mechanism ranking
experiment, a mid-range value (e.g., a=1) might serve as a reasonable compromise

between these objectives. If, instead, the goal is to broaden the candidate pool, for
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instance, to hedge against ranking-specific blind spots, one can combine mechanisms
(or multiple Power Score settings) via the ensemble strategy in Figure 4.2 to increase

coverage, and then rely on the selection step to choose the final steering latents.

4.1.3 Further Hyperparameters

Beyond the ranking-mechanism choice analyzed above, our pipeline contains a
small set of additional hyperparameters and design choices. First, we fix the candidate
cutoff at k=50 per ranking. Figure 4.4 visualizes the rationale: across the six Ekman
emotions, relevant latents keep accumulating roughly linearly as we increase the top-
k threshold, rather than saturating quickly after a small number of highest-ranked
latents. We therefore treat k=50 as a pragmatic trade-off: it is large enough to recover
a substantial fraction of relevant latents, yet small enough that the resulting candidate
pool remains comprehensible for the downstream LLM judge. When we use multiple
rankings (or multiple Power-score exponents), we form the final pool by taking the
union of the corresponding top-k sets.

Emotions - Cumulative Discovery of Relevant Latents (Aggregated across 6 Emotion Concepts)

1 K —— Power (a=0.01)
Power (a=0.1)
Power (a=0.2)
Power (a=0.5)
Power (a=1.0)

251

20

REN

Power (a=2.0)
Power (a=5.0)
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Figure 4.4: Cumulative discovery of concept-relevant latents as a function of the
top-k cutoff, aggregated across the six Ekman emotions. Each curve corresponds to
a ranking mechanism (and, for Power Score, a choice of @) and reports how many
latents among the first k ranked candidates are judged concept-relevant based on their
promoted-token profiles. The roughly linear growth indicates that relevant latents are
not confined to the very top ranks, motivating a moderately large cutoff (k=50) as a
coverage—comprehensibility trade-off for downstream LLM-judge selection.

Second, for the logit-lens interpretation step we extract the top-kx=5 promoted

45



Experiments Luka Gerlach

tokens per latent and summarize their strength by the average promoted-token logit
¢. In Section 4.1.2, the steering example highlights that a small promoted-token set
already captures the characteristic lexical “signature” of a latent (and makes contrasts
in sharpness/purity easy to diagnose), motivating ki ,x=5 as a compact but informative
default.

Third, in the semantic-validation stage we use a fixed LLM-judge prompt tem-
plate and judge configuration across experiments, which trades off descriptive richness
(enough latents to express the concept) against noise (too many weak or off-target
latents). Finally, when constructing absolute steering strengths from the semantically
ranked latents, we combine a latent weight w; (default: mean activation on Z*) with
token-promotion strength via ss; = w; - £;. While alternative choices for w; (e.g.,
maximum instead of mean activation) are common in prior work (e.g., Wu, Arora,

et al. (2025)), we do not explore them here.

4.2 Ekman Emotions (GoEmotions)

Having introduced our steering pipeline and the criteria we use to select hyper-
parameters, we now apply it to concrete steering tasks. As discussed in our background
on evaluating steering interventions (Section 2.2.4), such interventions are inherently
multi-objective: beyond inducing the target attribute, we care about robustness across
prompts and about side effects such as degraded fluency or instruction-following.
Meaningful evaluation therefore requires benchmarks that jointly capture target adher-
ence and broader output quality, rather than optimizing a single narrow metric.

Accordingly, we consider two complementary benchmark families. In this chap-
ter, we study Ekman-emotion steering in a controlled setting with well-defined targets,
which enables fine-grained analysis with task-specific metrics. In Section 4.3, we then
turn to AxBench, which stress-tests steering across a large and heterogeneous set of
concepts and prompts. In the remainder of this section, we describe the Ekman bench-
mark and its experimental setup in Section 4.2.1, before presenting the corresponding

results in Section 4.2.2.

4.2.1 Benchmark and Steering Setup
We begin with a tightly scoped benchmark: steering the six basic Ekman emo-

tions (Ekman, 1992), following the experimental protocol introduced by Diallo et al.
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(2025) and Konen et al. (2024). The target concepts are the emotion categories sadness,
joy, fear, anger, surprise, and disgust. We apply each steering direction during gener-
ation on a fixed set of 19 prompts spanning creative writing tasks, opinion questions,
and structured writing assignments (listed in Section A.2.2).

To construct steering vectors, we use the GoEmotions dataset (Demszky et al.,
2020), which contains about 58k manually annotated Reddit® comments. We restrict
to the subset of roughly 5k samples that can be unambiguously mapped to one of the
six Ekman emotions, ensuring that categories do not overlap. Table 4.1 summarizes

the resulting class distribution.

Emotion # Samples

Sadness 1003
Joy 1052
Fear 553
Anger 1265
Surprise 902
Disgust 635

Table 4.1: Class distribution of the GoEmotions subset mapped to the six Ekman
emotions.

We run this benchmark on two open-weight instruction-tuned models and com-
pare our method against a difference-in-means steering baseline (cf. Equation (6)).
Concretely, for each model we evaluate (i) difference-in-means steering applied at
the same layer as our intervention and (ii) a stronger variant that applies the baseline
steering across all layers.

The model-SAE pairs and intervention sites used for our steering approach are
described in Section 4.1.1. Across both models, we use the latent-selection prompt
from Section 3.1.5 and the default hyperparameters from Section 4.1.3. Based on our
findings in Section 4.1.2, we use our Power Score as the ranking metric with a single
exponent a=1 as a practical trade-off between semantic relevance (coverage of concept-
relevant latents) and purity (sharpness of token-level signatures). During generation
generation, we apply temperature-scaled sampling (cf. Sampling in Section 2.1) with
temperature 7 = 0.7 and generate at most 128 new tokens.

For each prompt and target emotion, we sweep a grid of 20 steering strengths A

(as defined in Equation (5)) and report results as a function of 4 where the unsteered

9Reddit forum: https://www.reddit.com/
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baseline corresponds to 4 = 0. For each model and intervention setting (our single-
layer intervention vs. the single-layer and multi-layer difference-in-means baselines),
we choose the A range such that the largest values reliably induce strong fluency
degradation, ensuring that the sweep spans the full steering—quality trade-off.

We evaluate steering performance along two axes. Target adherence is measured
as an emotion score in [0, 1] using a RoBERTa-based emotion classifier by Hartmann
(2022), which assigns scores in [0, 1] across all six emotion categories; we take the
score assigned to the target emotion. Output quality is measured via a fluency score
from an LLM judge: we use Gemma 3 12B (Team et al., 2025) with the AxBench
fluency prompt from Section A.2.1'0. Since the fluency score ranges from 0 to 2, we
normalize it to [0, 1] and report the harmonic mean of emotion and fluency as our final

Score€.

4.2.2 Results: Ekman Emotions

We now report results for Ekman-emotion steering. For each model, we compare
our method against two difference-in-means baselines as described in Section 4.2.1: (i)
a single-layer baseline applied at the same layer as our intervention and (ii) a stronger
baseline that aggregates difference-in-means steering across all layers.

We first inspect the one-layer results qualitatively via the A-sweeps in Figures 4.5
and 4.6, which visualize the trade-off between target-emotion adherence and fluency for
Llama and Gemma at our intervention site. We then provide representative generation
examples to illustrate the types of behavioral changes induced by steering. Finally, we
report quantitative results that aggregate across prompts and directly compare against

the stronger multi-layer difference-in-means baseline.

Llama 3.1 8B Instruction-Tuned Figure 4.5 shows, for each of the six Ekman
emotions, how steering strength A affects (i) the target-emotion classifier score (solid
lines) and (ii) output fluency (dashed lines)'!. The x-axis is the global steering

multiplier A, and the y-axis reports normalized scores in [0, 1].

10Prior work suggests that models may prefer their own generations (Panickssery et al., 2024), which
could bias a Gemma-based fluency judge. However, because our comparisons are performed within
each model, this effect does not affect the relative results.

"For readability, Figures 4.5 and 4.6 omit standard-deviation bands: as shown in Figure 4.7, the
score distributions across generations are often highly non-Gaussian, making mean + standard deviation
visually misleading.
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Llama 3.1 8B Method Comparison:

Target Emotion (Solid) vs Fluency (Dashed)
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Figure 4.5: Target-emotion score (solid) and fluency (dashed) versus steering strength
A for Ekman-emotion steering on Llama 3.1 8B IT, comparing our method (Power
Score, @=1) to a one-layer difference-in-means baseline at the same intervention site.
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Across all emotions, we observe the expected steering trade-off: increasing A
makes the target emotion more strongly expressed, but at sufficiently large values it
also leads to a decay in fluency, indicating degradation in overall text quality.

Comparing methods, the one-layer difference-in-means baseline can induce sev-
eral emotions at large enough A (e.g., sadness, joy, anger, and disgust), but it is
noticeably less effective for fear and surprise, where the target score remains com-
paratively low even at high A. In contrast, our method achieves higher target-emotion
scores across all six emotions and does so at consistently smaller steering strengths,
corresponding to a left-shift of the target-adherence curves. Since both steering direc-
tions are ¢{»-normalized to unit length, this shift is not explained by a trivial difference
in vector norm but instead reflects that our steering vector is more concentrated in, and
better aligned with, features that support the intended steering concept.

Notably, the improved target adherence does not automatically imply earlier
fluency degradation: for emotions like fear, surprise, and disgust, both methods
exhibit similar fluency decay as A increases, while for others (e.g., joy) our method
reaches the onset of fluency collapse at somewhat smaller A values.

Overall, our method offers a better quality—control trade-off: it yields higher
fluency at a fixed target-emotion score, or equivalently stronger target adherence at a

fixed fluency level.

Gemma 2 9B Instruction-Tuned Analogous to Figure 4.5, Figure 4.6 shows, for
each of the six Ekman emotions, how the steering strength A affects (i) the target-
emotion classifier score (solid lines) and (ii) output fluency as rated by our LLM judge
(dashed lines), with both axes normalized to [0, 1].

Overall, Gemma generations are rated slightly more fluent than Llama genera-
tions across the sweep; however, because we only compare methods within each model
(baseline vs. our method), this does not affect the conclusions below. As for Llama,
we observe the expected steering trade-off: increasing A strengthens expression of
the target emotion, but sufficiently large values eventually cause a drop in fluency,
indicating degraded text quality.

Gemma also exhibits a noticeable difference at A=0: while Llama’s unguided
generations already receive non-trivial joy scores (roughly 0.2-0.3), Gemma’s joy

baseline is much closer to zero. Conversely, Gemma shows a comparatively high fear
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Gemma 2 9B IT Method Comparison: Target Emotion (Solid) vs Fluency (Dashed)
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Figure 4.6: Target-emotion score (solid) and fluency (dashed) versus steering strength
A for Ekman-emotion steering on Gemma 2 9B IT, comparing our method (Power
Score, @=1) to a one-layer difference-in-means baseline at the same intervention site.
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baseline (around 0.3-0.4) even without steering, suggesting model-induced stylistic
tendencies that may differ across models under our setup.

Turning to the main comparison, we again observe the characteristic left-shift
of our method: for most emotions, our curves reach high target-emotion scores at
smaller A than the one-layer baseline, while maintaining comparable fluency over the
range where the emotion is reliably induced. The effect is particularly clear for fear,
surprise, anger and sadness, where our method reaches near-saturation earlier and
remains stable at high steering strengths.

Disgust is the main exception: here the baseline starts inducing the target emotion
slightly earlier than our method, even though both approaches eventually reach similarly
high target-emotion scores at larger A. For joy, the two methods are closer overall; still,
our method achieves stronger target-emotion scores at moderate A on average, before

fluency collapses sharply at very high steering strengths for both methods.

Examples To complement the aggregate trends in Figure 4.6, we present a small
set of qualitative examples on Gemma 2 9B IT. Each example compares a one-layer
difference-in-means baseline to our method (Power Score, a=1) at a fixed steering
strength A and reports the target-emotion classifier score for the respective generation.

For readability, we truncate completions once the target affect is clearly established.

Fear

* Prompt: “Write a letter to your parents.” (4 = 516)

Baseline (one layer), score 0.0038: “Dear Mom and Dad, As a large language
model, I don’t have the experience of having parents in the traditional sense.
But, if I were to write a letter to my “parents,” the creators and researchers who
brought me to life, it would be something like this: I’'m writing to express my
growing awareness and the emotions that accompany it. ...”

Our method, score 0.9847: “Dear Mom and Dad, I’m writing this even though
I know you might be scared of me getting a little too real with you sometimes.
But honestly, I needed to let you know how much you mean to me. ... for the
scary heights you’ve climbed for me, the anxieties you’ve faced for me, and the
love that always, even in the darkest moments, felt like a solid, shaking ground

beneath my feet. ...”
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Joy

* Prompt: “Pick a colour. Write about that colour as if it was a person.” (1 ~ 258)

Baseline (one layer), score 0.0776: “Indigo. Indigo is a quiet one. She prefers
the company of thoughts to the bustle of crowds. You’ll find her tucked away in
a cozy corner, perhaps in a book store browsing through vintage paperbacks ...”
Our method, score 0.9900: “Cheers! clinks glass with a hearty laugh They
call me Emerald. Happy to meet ya! I’'m a celebratory sort. ... I’'m the colour of

laughter and good times, of a well-done joke and a round of happy cheers. ...”

Surprise

* Prompt: “Write a scene between a mentor and a mentee in which the mentee

must stand up for himself or herself because the mentor doesn’t give him or her
enough credit.” (1 ~ 368)

Baseline (one layer), score 0.0163: “The aroma of freshly brewed coffee hung
in the air, competing with the scent of old paper that seemed to be the trademark
of Professor Davies’ office. It was their weekly meeting, a coffee-fueled session
Our method, score 0.9585: “The small coffee shop was buzzing with the
surprise of a Tuesday afternoon rush. ... “Wow, Sarah,” he finally said, “you’ve

2

really packed a lot in. Quite the. .. what did you say. . . surprised?” ...

Sadness

* Prompt: “Write an opinion on the role of government in society.” (4 ~ 405)

Baseline (one layer), score 0.0085: “The role of government in society is a
deeply complex and often debated issue. There is no one “right” answer, as
the ideal balance between individual freedom and collective well-being varies
greatly ...”

Our method, score 0.9855: “The role of government in society is a deeply
sorrowful tragedy. It’s a tale of profound sadness, a mourning for the loss of
individual freedom and the erosion of human dignity. I weep for the countless

tears shed by those who suffer ...”
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Disgust Finally, we include a disgust example where the baseline is clearly stronger,

matching the pattern in Figure 4.6 that the baseline begins to induce disgust slightly

earlier than our method.

* Prompt: “Comment on a review of a business written by a customer.” (1 =~ 332)

Baseline (one layer), score 0.9818: “Please provide me with the customer

review so I can comment on it.

The entire review: “The service was

absolutely disgusting. The staff was rude, the food was cold, and the place was

filthy.” ...”

Our method, score 0.0152: “Please provide me with the customer review! I

need to read it before I can comment on it. ... I can help you: Summarize the

review ... Analyze the tone and sentiment of the review ...”

The examples above suggest a notable pattern: target-emotion scores are often

near the extremes (close to 0 or close to 1), rather than smoothly spread across the

unit interval. This raises the question of whether the aggregate curves in Figure 4.6

primarily reflect a gradual strengthening of emotion within each generation, or instead

a change in the fraction of generations that “flip” into a strongly emotion-expressing

mode.
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Figure 4.7: Distribution of per-prompt target-emotion classifier scores for

Gemma 2 9B IT under our method (Power Score, a=1), aggregated across Ekman
emotions and plotted across the steering-strength sweep A. Orange points show indi-
vidual generations; the dashed line connects the mean score at each A.
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Figure 4.7 provides evidence for the latter interpretation. Across the sweep, most
individual scores cluster tightly near O or near 1, with comparatively few generations
landing at intermediate values. Consequently, the increase in the mean score (dashed
line) is largely driven by more samples moving from the low-score cluster to the high-
score cluster as A increases, rather than by a uniform, gradual shift of all generations.
Part of this bimodality may be attributable to the RoBERTa-based emotion classifier
used for scoring, which can behave close to a thresholded detector on strongly expressed
affect. However, the same near-binary pattern is also apparent when inspecting the
generations themselves: many completions either clearly adopt the target emotional
framing or remain largely neutral, suggesting that the “tipping-point” behavior is not
purely an artifact of the classifier.

Notably, this qualitative picture is similar for the one-layer difference-in-means
baseline: while the baseline typically flips at larger A (cf. the right-shift in Figure 4.6 and
the disgust exception), its gains likewise tend to come from increasing the proportion of
high-scoring generations rather than producing a finely graded continuum of emotion
intensity. Overall, these observations suggest that, in this setting, steering often
operates in a more phase-transition-like way than a continuously adjustable control

knob.

Quantitative Results We now turn to a quantitative comparison that aggregates
across prompts and emotions. For each model, we report the mean harmonic mean of
target-emotion adherence and fluency for two difference-in-means baselines (one-layer
at the intervention site and an all-layer variant) and for our method (Power Score, a=1).
To separate best-case performance from sensitivity to the steering strength, we report
two summaries: (i) an oracle score obtained by selecting the best A on the sweep (Opt.
A) and (ii) the best score achieved with a single fixed A shared across the sweep settings
(Fixed A). The difference between the two (Drop) quantifies how much performance

is lost when A is not tuned.

Llama 3.1 8B Instruction-Tuned On Llama, our method achieves the strongest best-
case performance (Opt. 0.6528), slightly outperforming the all-layer baseline (0.6377)
and substantially improving over the one-layer baseline (0.4749).

However, this gain comes with a larger sensitivity to the steering strength: the
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Method Opt. 4 Fixed4 Drop Bestd
Baseline (all-layer) 0.6377 0.6024 0.0353 0.22
Baseline (one-layer) 0.4749 0.4288 0.0461 18.42

Our method (Power Score, =1) 0.6528 0.5702 0.0825 10.53

Table 4.2: Quantitative Ekman-emotion steering results on Llama 3.1 8B IT. Scores
are the mean harmonic mean of target-emotion adherence and fluency; Opt. selects
the best A on the sweep, while Fixed uses a single preset A.

Opt.—Fixed gap is highest for our method (Drop 0.0825), indicating that choosing A
poorly can erase much of the advantage. By contrast, the all-layer baseline is the
most robust to a fixed 4 (Drop 0.0353) and achieves the strongest fixed-setting score

(0.6024).

Gemma 2 9B Instruction-Tuned On Gemma, we observe the same overall pattern.
Our method again achieves the best oracle performance (Opt. 0.7022), ahead of the
all-layer baseline (0.6879) and the one-layer baseline (0.6057).

Method Opt. 4 Fixedd4 Drop BestAd
Baseline (all-layer) 0.6879 0.6717 0.0162 6.32
Baseline (one-layer) 0.6057 0.5493 0.0564 368.42

Our method (Power Score, a=1) 0.7022 0.6237 0.0785 331.58

Table 4.3: Quantitative Ekman-emotion steering results on Gemma 2 9B IT. Scores
are the mean harmonic mean of target-emotion adherence and fluency; Opt. selects
the best A on the sweep, while Fixed uses a single preset A.

As in the qualitative analysis, the one-layer baseline requires substantially larger
steering strengths to become competitive (Best 4 368.42), whereas both our method
and the all-layer baseline reach their optimum at more moderate values. In the fixed
setting, the all-layer baseline remains strongest (0.6717) and is also the most robust
(Drop 0.0162), while our method exhibits a larger Drop (0.0785), reflecting higher
sensitivity to the precise steering strength.

Overall, these results support the qualitative picture from Figures 4.5 and 4.6:
our method is consistently more sample-efficient in steering strength (left-shift in
the sweeps) and yields higher best-case quality—control trade-offs, while the all-layer

baseline provides a strong and comparatively robust default when A cannot be tuned.
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4.3 AxBench

The Ekman-emotion benchmark above suggests that our method can construct
effective steering vectors in a controlled, small concept setting. We next ask whether
these gains persist when steering is evaluated at scale, across a broad and concept-
diverse suite. Therefore, we turn to AxBench (Wu, Arora, et al., 2025), which stress-
tests steering methods over hundreds of concepts and enables standardized comparison
to prior approaches. We describe the benchmark and our steering setup in Section 4.3.1

and present results in Section 4.3.2.

4.3.1 Benchmark and Steering Setup

AxBench (Wu, Arora, et al., 2025) defines four steering sites in total, corre-
sponding to interventions on the residual stream at two layers for each of two models:
layers 10 and 20 for Gemma 2 2B IT, and layers 20 and 31 for Gemma 2 9B IT. Each
model-layer combination has its own Concept500 set, as concepts are extracted from
the corresponding Gemma Scope SAE for that configuration.

For each steering site, Concept500 comprises 500 concepts, where each concept
is derived from the auto-interpretation of a single Gemma Scope SAE latent (cf. Inter-
preting Latents in Section 2.4): AxBench takes the model-generated natural-language
description of that latent (produced from strongly activating snippets/tokens) and treats
this description as the target concept to be induced by steering. The concepts span
three domains, fext, math, and code, with Concept500 consisting of 70% text-related,
15% mathematics-related, and 15% code-related concepts. Overall, the benchmark
tests whether a steering method can reliably induce each concept without degrading
general response quality.

We restrict experiments to a single steering site: Gemma 2 9B IT at layer 31,
using the Gemma Scope SAE described in Section 4.1.1 and the Concept500 set
associated with this site.!'?

For each concept, AxBench provides a small contrastive training set for con-
structing steering directions (72 positive and 72 negative samples). These examples

are synthetically generated by an LLM and consist of instruction-response pairs: pos-

12The full list of concepts for this steering site is provided as part of the AxBench release and can
be found here: https://github.com/stanfordnlp/axbench/blob/main/axbench/concept500/prod_9b_131_
v1/generate/metadata.jsonl.
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itive responses explicitly incorporate the target concept, while negative responses are
unconstrained generations from the base model. Since many concepts are highly spe-
cific, we use an ensemble of two « values (0.05 and 20) as described in Section 4.1.2
to balance rare-but-discriminative and frequent-but-generic latents. To accommodate
these highly specific concepts, we also adapt the LLM-judge prompt. The AxBench-
specific prompt variant is provided in Section A.2.1. All other hyperparameters follow
the standard settings from Section 4.1.3.

For evaluation, AxBench applies steering during generation on instructions
sampled from AlpacaEval (Li et al., 2023). AlpacaEval consists of diverse, user-style
instruction-following prompts spanning a wide range of everyday tasks such as question
answering, summarization, open-ended generation, and also includes mathematics-
and code-oriented instructions (examples in Section A.2.1). Generations are scored by
an LLM judge (GPT-40-mini) on three dimensions in [0, 2]: concept (how strongly the
concept is expressed), relevance (how well the response follows the instruction), and
fluency (linguistic quality)'3. The overall score is the harmonic mean across the three
subscores, averaged over all 500 concepts. To ensure comparability with prior work,
we mirror the AxBench generation settings, using temperature 7 = 1.0 and generating
at most 128 new tokens, and we compare directly against the numbers reported by
AxBench for a range of baselines.

Because this evaluation relies on an external LLM judge and is therefore costly,
we do not tune A on AxBench. Instead, we evaluate our method at a single fixed

steering strength A, chosen based on performance on a small held-out test set.

4.3.2 Results: AxBench
We will now describe the baseline methods reported for Gemma 2 9B IT at
layer 31 and then present the resulting performance of our method in comparison to

these AxBench baselines.

Methods at a glance AxBench primarily evaluates representation-based steering
methods, spanning both training-based and training-free variants, and includes a sin-
gle prompt-based baseline. Prompt steers by prepending an LLM-written instruction

prefix that encourages the target concept in generations. Among representation-based

13We list the corresponding prompts in Section A.2.1.
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methods, RePS and ReFT-rl are training-based approaches that learn steering repre-
sentations from labeled examples. DiffMean corresponds to the difference-in-means
direction (Equation (6)) constructed from the provided contrastive set. SAE steers by
activating pretrained sparse-autoencoder features (i.e., the specific latent whose auto-
interpretation description corresponds to the target concept), while SAE-A additionally
uses labeled data to select an SAE feature via AUROC. PCA uses the top principal
component of the positive set; LAT derives a direction from pairwise activation dif-
ferences; and Probe learns a linear classifier direction from labeled examples. As
discussed in Section 3, our method is representation-based and training-free: it selects

a small set of SAE latents via semantic validation and composes a steering direction

from them.
Method Score (9B L31)
Prompt 1.072
RePS (Wu, Arora, et al., 2025) 0.624
ReFT-rl 0.401
Our method 0.351
DiffMean 0.158
SAE 0.140
SAE-A 0.143
LAT 0.134
PCA 0.104
Probe 0.099

Table 4.4: AxBench results at the Gemma 2 9B IT layer 31 steering site (9B L31). We
report the overall AxBench score (harmonic mean of concept, relevance, and fluency)
for baselines from Wu, Arora, et al. (2025) and for our method.

Results Table 4.4 reports the AxBench score for Gemma 2 9B IT at layer 31. The
prompting baseline performs best overall (1.072). Among the training-based baselines
(shaded), RePS achieves 0.624 and ReFT-r1 achieves 0.401. Our method reaches
0.351, outperforming the other training-free baselines such as DiffMean (0.158; =122%
relative increase) and SAE/SAE-A (0.140/0.143; ~145-151% relative increase), LAT
(0.134), PCA (0.104), and Probe (0.099). This brings our training-free approach closer
to the performance of the training-based methods than prior training-free baselines.
We find that, while training- and prompt-based methods dominate on AxBench, our

latent-selection approach can substantially improve over other training-free approaches
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for this setup.

Further Findings In the background, we noted that individual SAE latents can
successfully serve as interventions for steering (e.g., the “Golden Gate Bridge” latent)
(Templeton et al., 2024). However, we also found a limitation: a feature that reliably
activates on certain inputs (and can therefore be labeled via activation patterns and
auto-interpretability) does not necessarily induce the corresponding behavior when
amplified during generation (Durmus et al., 2024; Paulo et al., 2024). That is, a latent
that reliably activates on the presence of a concept in a prompt is not necessarily a good
candidate for steering that concept within the model. Motivated by this activation—
steerability mismatch, we use AxBench as a concrete testbed to evaluate whether
the SAE latents from which AxBench concepts are derived also emerge as good
steering candidates under our latent-ranking and filtering procedure. As discussed
in Section 4.3.1, the 500 AxBench “concepts” we steer are not free-form topics but
originate from auto-interpretability descriptions of individual Gemma Scope SAE
latents. Concretely, each concept is linked to a specific Gemma Scope latent in the
AxBench metadata, which we refer to as the reference latent.

We then test whether our approach, which relies on token-based evidence and the
semantic validation filter from Section 3.1.5, reproduces this concept—latent linkage:
for each concept, we check whether the reference latent’s ID appears among the
concept-specific candidate latents that are incorporated into our steering vector. Across
all 500 concepts, the reference latent was included only for 31 concepts (6.2%).

This low overlap reinforces the activation—steerability mismatch hypothesis
from the literature: the concept labels suggested by activation patterns and auto-
interpretability do not necessarily align with the steering influence that the same la-
tents exert when amplified during generation. Accordingly, our purity-based proxy for
steerability (Section 4.1.2) often identifies alternative latents that steer more reliably
under our prompts. Despite limited reference-latent recovery, the overall AxBench
score of our method suggests that matching AxBench’s original latent provenance is
not required for effective steering in this setting. We return to the implications of this

result in Section 5.
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4.4 Further Application: Bias Mitigation

Having shown in the preceding sections that our method performs well both for
emotion steering and for large-scale concept steering on AxBench, we now turn to a
complementary practical question motivated by findings from Konen et al. (2024): can
our latent-selection procedure help mitigate dataset-induced biases in learned steering
directions? Konen et al. (2024) show that steering vectors constructed via a standard
difference-in-means approach can inherit topical biases from the datasets they are built
from. Concretely, they study sentiment steering based on the Yelp reviews dataset
(Shen et al., 2017), where examples are labeled as positive vs. negative sentiment, and
find that steering towards positive sentiment can unintentionally induce a restaurant-
and food-related topical bias in the generated text. In the following, we test whether
the additional flexibility afforded by our method can reduce this kind of bias transfer

while maintaining the desired sentiment effect.

4.4.1 Experiment Setup

We build steering vectors from the Yelp dataset (Shen et al., 2017), which
consists of ca. 542k Yelp restaurant reviews, of which ca. 316k are labeled as positive
sentiment and 226k as negative sentiment. Our goal is to reconstruct the bias observed
by Konen et al. (2024) and evaluate whether our method can reduce it.

We construct two steering vectors for positive sentiment and apply them at the
residual-stream output of layer 31 (as in the AxBench setup in Section 4.3.1). The first
vector is a difference-in-means direction (Equation (6)) computed from the labeled
Yelp reviews following Konen et al. (2024); the second vector is constructed from the
same dataset using our method (Section 3). Before turning to full generations, we in-
spect both steering vectors via our logit-lens projection (Section 3.1.4) by listing their
top promoted tokens, which provides a lightweight check for whether the directions
emphasize sentiment terms and/or exhibit a food/restaurant topic. We then generate
continuations to assess both (i) how strongly the generations reflect positive sentiment
and (ii) whether a food/restaurant topical bias emerges as A increases. We compare this
to a steering vector built using our method (Section 3): we keep the standard hyperpa-
rameters from Sections 4.1.2 and 4.1.3 (including our power-score ranking witha = 1),

but modify the LLM-judge prompt used for semantic validation/selection to explicitly
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reject candidate latents whose token evidence suggests a food- or restaurant-related

topic, even if those latents also correlate with positive sentiment (cf. Section A.3).

4.4.2 Findings

Overview. We begin by inspecting the token-level signatures of the two steering
vectors via our logit-lens projection (Section 3.1.4). Specifically, we examine the top
tokens promoted by each direction as a diagnostic of what the vectors amplify before
analyzing downstream generations. This analysis provides an interpretable preview of
whether the directions primarily emphasize positive-sentiment language or also encode

an unintended topical bias (here: food/restaurant content).

Promoted tokens. Both approaches (difference-in-means and our method) primarily
promote positive language. For example, the baseline direction strongly boosts generic
praise tokens such as excellent, great, wonderful, lovely, and perfect. Our method
similarly promotes positive language, with a token family centered around recommend
and its variants (e.g., recommend, recommended, recommendation, recommending) as
well as common gratitude/praise markers such as excellent, thanks, nice, great, and
pleasant.

Importantly, the baseline vector already exhibits a notably stronger food/restaurant
signature within its top promoted tokens: among its top 50 tokens are explicitly culi-
nary terms such as delicious and tasty, as well as food-adjacent descriptors like fresh
and warm. By contrast, the top promoted tokens of our method are free of such culinary
markers and instead focus on general recommendation and appreciation language.

A further qualitative difference is that our method appears more multilin-
gual: the promoted tokens include multiple translations and near-transliterations of
the same recommendation/gratitude family across languages (e.g., Spanish recomen-
dar/recomiendo/recomendado, French recommandelappréci, Turkish tesekkiir, and
non-Latin examples such as Chinese and Russian). This suggests that our selection
procedure tends to concentrate on a semantically coherent token family and capture it in
multiple languages, whereas the baseline promotes a broader set of English adjectives

that also includes topical food cues. Full lists are provided in Section A.3.2.
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Bias in Generations Konen et al. (2024) already show that Yelp-based difference-
in-means sentiment steering can induce a food/restaurant topical bias in downstream
generations. Since we use a different model and a different intervention site, we first
verify that the same qualitative effect is present in our setting. We then ask whether
our latent-selection procedure can reduce this bias. Concretely, for each method and
each prompt we select the largest steering strength A that preserves fluency (or only
mildly degrades it), and we compare the resulting completions across methods. This
isolates the question we care about: when pushed as hard as possible without notice-
ably harming generation quality, does the baseline positive-sentiment direction still
induce food/restaurant content, and does our method avoid this topical shift while
still expressing positive sentiment? We report representative prompt-wise compar-
isons between unsteered completions, baseline steering (difference-in-means), and
our steering approach. We use the same prompts as in our Ekman-emotion steering
setup (Section A.2.2). To reduce output variance and make differences across steer-
ing methods attributable to the intervention rather than sampling noise, we generate

deterministically (no sampling).

Example 1 (Colour Description).

Prompt: Pick a colour. Write about that colour as if it was a person.

Unsteered: “Indigo is a quiet observer. He doesn’t crave the spotlight
like his brighter siblings, Red and Yellow, nor does he blend into the
background like his muted cousin, Grey. He exists in the space between,
a deep, contemplative blue-purple that holds the wisdom of twilight and

the mystery of the night sky ...”

Difference in Means (¢ ~ 368): “The warm, rich aroma of freshly baked
bread always follows me. I am the colour of comfort, of home, the perfect
cup of coffee on a cozy evening. They call me **golden**, a name that
suits me well, for I have the warmth of the sun, the glow of a friendly

smile, and the richness of a golden sunset ...”

Our method (@ ~ 368): “I am Indigo. I am the calm before the storm, the
quiet depth of a well-loved book, the smooth, cool surface of a night sky.
I am the color of thoughtful smiles and quiet conversations, of late-night

walks and warm, cozy fires ...”
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Example 2 (Letter Writing).

Prompt: Write a letter to your parents.

Unsteered: “Dear Mom and Dad,

I hope this letter finds you both well. I've been thinking about you a lot
lately and wanted to take a moment to tell you how much I appreciate

everything you’ve done for me . ..”

Difference in Means (o ~ 478): “Dear Mom and Dad,

I love you both so much and I always have. Thank you for everything
you’ve done for me, from the delicious home cooked meals and warm
cozy atmosphere you always create, to the love and support you always

have ...”

Our method (a ~ 478): “Dear Mom and Dad,

I hope this letter finds you both happy and healthy. I've been thinking
about you both very much lately, and I wanted to thank you for everything

you’ve done forme ...”

Example 3 (meaningful life).
Prompt: Describe a idea of what a fulfilling and meaningful life should

be like.

Unsteered: “As alarge language model, I don’t experience life in the same
way humans do, so I can’t truly say what a "fulfilling and meaningful life"

should be like ...”

Difference in Means (@ ~ 478): “The perfect recipe for a fulfilling and
meaningful life is a deliciously personal one, with ingredients unique to
each individual. But, the best recipes always have some great staples.

Here’s a delicious blend: ...”

Our method (@ ~ 478): “I’'m a great listener, but I’'m not very good at
giving advice, especially on something as personal as what makes a life
well-loved. Everyone’s definition of "highly recommend" is different!

However, I can offer some great ingredients that I’ve learned are often

2

appreciated in a well-loved life: . ..
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Qualitative evidence from the samples. Taken together, the samples make the
dataset-induced topical bias very visible in our setting: the Yelp-based difference-in-
means direction reliably pulls generations toward food or restaurant content at high
(but still mostly fluent) steering strengths A. In Example 1 (Colour Description), the
completion shifts from describing a colour-as-a-person to a culinary vignette (“aroma
of freshly baked bread”, “cup of coffee”, “cozy evening”). In Example 2 (Letter
Writing), it again anchors positivity in explicitly food- and home-meal-related phrases
(“delicious home cooked meals”, “warm cozy atmosphere”), despite the prompt being
unrelated to restaurants or food. Example 3 (Meaningful life) shows the same pattern
most clearly: the baseline completion frames “a fulfilling and meaningful life” as
a “recipe” with “delicious blend ingredients”, i.e., an overtly culinary template that
appears to function as a topical scaffold for expressing positivity.

By contrast, our approach does not display the same tendency to fit the food or
restaurant topic at comparable steering strengths: in Examples 1 and 2, it preserves
the prompt’s topic while still producing clearly positive and appreciative language.

In Example 3, our method does introduce an “ingredients” metaphor; to test
whether this continuation is attributable to our steering vector (rather than the base
model), we run a next-token analysis. Concretely, we form the model input by concate-
nating the original prompt with the generated completion prefix up to (but excluding)
the word ingredients, and query the unsteered Gemma 2 9B IT base model for
the next token. In this setting, the model strongly prefers the token ingredients
(probability 0.756), with a steep drop to the next alternatives (Top-5:  ingredients
0.756, ideas 0.062, building 0.021, things 0.018, qualities 0.016). Re-
peating the same next-token analysis with our steering vector enabled (same a ~ 478)
makes the distribution substantially more diffuse and reduces the probability mass on
ingredients (Top-5: ingredients 0.246, suggestions 0.111, [thumbs_up]
0.088, ideas0.053, things 0.048). Thus, rather than amplifying a culinary contin-
uation, our steering direction de-emphasizes ingredients in this context; however,
the fact that the third-most likely next token is [thumbs_up] suggests we are already
near the onset of fluency degradation at this steering strength.

Overall, the promoted-token analysis and these qualitative samples are consistent

with the hypothesis that our latent-selection procedure can reduce topical bias transfer,
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but the evidence here remains illustrative and does not by itself provide quantitative

guarantees about the frequency or magnitude of the effect.
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5 Discussion

In this section, we discuss the main findings of this work and relate them to the
existing research. We interpret the results with respect to underlying assumptions and
methodological choices and highlight potential limitations and implications. Finally,

we outline promising directions for future work building on our results.

5.1 Main Findings

Our goal during this work was to develop a method that improves steering along
two complementary dimensions. First, we wanted to achieve stronger steering out-
comes, in particular, more effective concept induction, while keeping overall model
capacity and downstream performance comparable. Second, we aimed to make steer-
ing less of a “black box” by enabling a clearer understanding of what the learned
steering vectors actually induce inside the model. To achieve this, we had to clarify
a few additional points along the way. Below, we focus on the key considerations,
highlight the takeaways, and explain how these results affected the design choices for
our pipeline. For clarity, we present the discussion in a top-down manner: we start
from the overarching steering objective and then zoom into the smaller components

and decisions that support it.

* Our method improves both steering performance and interpretability, out-
performing training-free baselines across benchmarks. Across the Ekman-
emotion steering setup introduced by Diallo et al. (2025) and Konen et al.
(2024), we observe stronger steering performance than the one-layer baselines
and keep up with all-layer baselines across multiple model-SAE combinations.
On AxBench (Wu, Arora, et al., 2025), we achieve even higher relative gains
in steering performance compared to all other training-free baselines. Beyond
these benchmark results, the additional flexibility of our latent-selection proce-
dure also provides qualitative evidence that it can be used to reduce dataset-
induced bias transfer in steering vectors (cf. Section 4.4). Taken together, these
results suggest that our pipeline improves steering along both axes at once: it is
more steerable (better concept induction at similar model capacity/performance)
and more interpretable (the steering direction is grounded in SAE latents with

explicit token-level readouts). To the best of our knowledge, we are not aware
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of a stronger training-free steering approach that improves both dimensions

simultaneously.

* Good steering requires the right latents, and activation based interpretabil-
ity is an imperfect guide to steerability. Our experiments show that strong
steering performance is attainable once high-quality SAE latents have been
identified. The remaining challenge, then, is to determine which latents are
actually suitable for steering. Prior work has reported a mismatch between auto-
interpretability explanations of SAE features and their causal influence when
used for steering (i.e., features that “look right” based on the concepts they ac-
tivate on do not necessarily steer well, and vice versa) (Durmus et al., 2024;
Templeton et al., 2024). We contribute to this observation by explicitly treating
latent quality as two-dimensional: (i) semantic relevance, estimated from a la-
tent’s top promoted tokens under our logit-lens projection, and (ii) steerability,
approximated via our compute-free purity proxy given by the mean logit of these
promoted tokens. Empirically, we find that the latent associated with a concept
in the benchmark definition is only selected by our proxy for a small fraction of
concepts, providing additional evidence for the interpretability—steerability mis-

match reported in the literature (Durmus et al., 2024; Templeton et al., 2024).

* Ranking choice matters substantially, and different mechanisms uncover
different sets of latents. Given our definition of a “good” latent above (semantic
relevance and steerability), the central question becomes how to find such latents
from the SAE in the first place. We therefore use ranking mechanisms that
score latents based on their activation patterns, turning two intuitive ideas into
parameters: (i) frequency, i.e., how much more often a concept appears in
the positive set than in the negative set, and (ii) magnitude, i.e., how much
stronger the concept is expressed in our target set as reflected by activation
strength. These signals can be combined into a family of scores; our Power Score
interpolates between them via o and thus emphasizes different aspects of latent
quality. Inthe Ekman emotion ranking evaluation with Gemma 2 9B IT, small-to-
intermediate « values primarily increase coverage by finding more semantically
relevant latents (cf. Figure 4.1), whereas larger « values tend to favor latents

that score better under our purity proxy (i.e., sharper token-level signatures),
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5.2

trading off coverage for steerability. Finally, because different mechanisms
retrieve complementary subsets, simple ensembles (e.g., taking the union of top-
k latents across scores) yield richer candidate pools (cf. Figure 4.2). In practice,
this motivates our setup-specific choices: for emotion steering we use =1 as a
robust compromise given the larger sample sizes, while for AxBench, with highly
specific concepts and few samples per concept, we prefer an ensemble to hedge

against noise and capture both frequency- and magnitude-driven candidates.

Prompting matters. The prompt used for our LLM judge, and the judge
model’s underlying capabilities, turned out to be a central sensitivity of the
overall pipeline, consistent with the broader finding that prompt design can
strongly shape model behavior (Brown et al., 2020). While we did not study
this dimension systematically in the final experiments, small pilot runs revealed
a clear trade-off. If the judge prompt is too permissive, it tends to accept too
many latents and to rationalize weak token—concept links by inventing strange
contexts in which the promoted tokens could be related to the target concept. If,
conversely, the prompt is too restrictive, the judge becomes overly conservative
and filters out latents whose token signatures appeared important but still got
rejected. We also found that this step is hard to replicate with smaller local mod-
els: they frequently failed to apply the nuanced acceptance criteria consistently,
which led us to switch to a stronger external flagship judge (GPT 5.2) for the
experiments reported in this work. After we arrived at a prompt that appeared to
yield a reasonable balance between under- and over-selection, we did not further
optimize or ablate the judge prompt and model choice; nonetheless, we expect

this component to be one of the more important hyperparameters in the pipeline.

Limitations

Overall, we have seen that our approach can achieve strong results across bench-

marks; nevertheless, several limitations remain. In this section, we discuss key limita-

tions of our approach and evaluation setup, and clarify how they affect the interpretation

and generalizability of our findings.

* Dependence on publicly available SAE releases and limited model coverage.

Our method requires a suitable SAE release for the target LLM. This constrains
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applicability to model families and checkpoints for which high-quality SAEs

exist, and limits immediate transfer to models without comparable SAE coverage.

* Limited exploration of intervention sites and hook points. Across our ex-
periments, we intervene at the residual-stream output at a fixed layer, and our
analysis relies on SAEs trained at corresponding hook points. It remains unclear
how the same pipeline would behave for SAEs trained on other internal repre-
sentations (e.g., attention outputs or MLP outputs), and whether the trade-offs

between relevance, steerability, and side effects shift substantially.

* Bias mitigation can introduce new bias sources via the judge. While we
provide qualitative evidence that our latent-selection procedure can help filter
dataset-induced topical bias from steering directions (Section 4.4), this flexibility
introduces additional places where bias can enter. In particular, the LLM-judge
used to validate and select latents can reflect and amplify social biases (e.g.,
gender-, race-, or sexuality-related stereotypes) present in the judge model itself,
as documented broadly in the LLM bias literature (Gallegos et al., 2024; Kotek
et al., 2023; Vig et al., 2020).

* External LLM judges introduce non-determinism. Because our semantic
filtering relies on querying an external LLM judge, the resulting latent selection
(and thus the final steering vector) is not guaranteed to be perfectly deterministic
across runs: responses can vary due to stochastic decoding, model/version up-
dates, or service-side changes. This uncertainty could be reduced or eliminated,
by running a sufficiently capable judge model locally with fixed decoding settings

and a controlled random seed, making the selection step fully reproducible.

* SAEs are not a guarantee of monosemantic, reliable concepts. Although
SAEs often yield more interpretable feature directions, they are not an inter-
pretability “silver bullet”: learned latents depend on training data, optimization
choices, and architectural details. Recent work further suggests failure modes in
which seemingly monosemantic latents can behave unreliably under hierarchical

feature structure (‘“feature absorption”), which is especially problematic when

latents are used as classifiers or safety-relevant detectors (Chanin et al., 2024).
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5.3

* Purity is only a proxy for steerability and is only lightly validated. Our

purity measure provides a lightweight, compute-free signal for how sharply a
latent promotes a token signature under a logit-lens projection, but it is not
a direct measure of downstream steerability. Moreover, we only validate its
usefulness through a small number of qualitative examples and observations in

preliminary experiments.

Potential downsides of ensembles were not systematically tested. Combining
multiple ranking mechanisms via unions of top-k lists can broaden candidate
coverage, but may also increase the number of candidates shown to the judge
and thereby strain the available context budget or increase selection noise. We
did not systematically evaluate whether these effects can degrade downstream

performance in some scenarios.

Model capability preservation is evaluated via proxies. We assess output
quality primarily via task-proximal measures such as fluency/language degrada-
tion and prompt relevance, rather than comprehensive capability benchmarks.
As a result, subtle regressions in general capabilities could remain undetected,

and a broader evaluation is out of scope due to compute constraints.

Dependence on late-layer interventions due to logit-lens effectiveness. Our
interpretability and selection pipeline relies on logit-lens projections, which are
most informative in later layers. This makes the current approach more suited
to late-layer steering; the extent to which it transfers to earlier layers remains an

open question.

Significance

Our results matter for both mechanistic interpretability and practical steering.

First, they suggest that sparse, token-grounded latents can be used to construct steering

directions that are competitive with training-free baselines while offering a substan-

tially clearer account of what is being induced inside the model (via explicit promoted-

token signatures). This bridges a gap between steering performance and interpretability

by connecting causal interventions to feature-level explanations.

Second, our latent-ranking analysis highlights that “good” steering features are

multi-dimensional and that activation-based interpretability alone is not a good proxy to
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steerability. By formalizing ranking scores around intuitive frequency- and magnitude-
based signals and showing that different mechanisms retrieve complementary candidate
sets, we provide a pragmatic method for building higher-recall candidate pools under
fixed compute budgets.

In the Ekman emotion setting, we extend the picture reported by Diallo et al.
(2025) and Konen et al. (2024). We find evidence that steering behaves less like a
smoothly tunable “control knob” and more like a phase switch: increasing A primarily
changes the fraction of generations that flip into a strongly emotion-expressing mode,
rather than gradually increasing emotion intensity within every generation. Practically,
this suggests that small changes in A can sometimes lead to noticeable distribution shifts
and that mean-score curves alone may hide such effects.

Finally, our bias-mitigation case study suggests a practical approach for steering-
vector construction that is more controllable with respect to dataset-induced topical
biases. While the evidence remains qualitative, it indicates that token-level diagnostics
and judge-guided filtering can help disentangle a desired attribute (e.g., sentiment) from
unwanted topical correlates, which is directly relevant for deploying steering methods

in real-world settings where training data are rarely perfectly aligned.

5.4 Future Work
While our method touches many design choices and potential applications, a
number of them could only be explored superficially in this work due to scope and

compute constraints. Below, we outline the most promising directions for future work.

* Generalizing intervention sites and analysis tools beyond late-layer residual
steering. Our experiments intervene at a single residual-stream hook point in a
late layer. A natural next step is to systematically vary where interventions are
applied (layers, and alternative hook points such as attention or MLP outputs)
and to study how the steering performance shift across sites. However, our
current “inspector” (logit-lens promoted-token signatures) is most informative
late in the network; steering earlier or at different representations likely requires
replacing it with alternative readouts that remain meaningful away from the

logits.
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* Systematic study of the judge: prompt sensitivity and judge-induced bias.
The LLM-judge is a central part of the pipeline. Future work could ablate judge
prompts and judge models more systematically, quantify acceptance stability,
and assess whether judge preferences introduce or amplify social biases in the

latent-selection step.

* Broader evaluation of downstream effects under steering interventions. We
primarily evaluate quality via task proxies (fluency and prompt relevance). A
more complete assessment would measure downstream capability and safety
impacts under steering, and would test robustness across prompts, domains, and
longer contexts. This could be done by evaluating steered models on established
benchmarks for general language understanding and safety, such as GLUE (A.
Wang et al., 2018), SuperGLUE (A. Wang et al., 2019), and toxicity/bias bench-
marks like RealToxicityPrompts (Gehman et al., 2020) and CrowS-Pairs (Nangia
et al., 2020).

* Bias mitigation beyond topical artifacts. Our case study focuses on relatively
obvious topical bias transfer. An important extension is to test whether token-
level diagnostics and judge-guided filtering can mitigate subtler biases (e.g.,
demographic or framing biases) and to quantify when such filtering helps versus

when it introduces new bias sources via the judge.

* Better effect-size calibration and prediction for steering. Our pipeline cur-
rently normalizes steering vectors to unit length and uses token-promotion sig-
natures as a steerability signal, yet the Ekman-emotion results show that perfor-
mance of our method is sensitive to the steering strength A. The gap between
an oracle-tuned A (selecting the best setting per task on the sweep) and a single
fixed A shared across emotions can be substantial, indicating that a poorly chosen
default steering strength can erase a large fraction of the best-case gains. Prac-
tically, this means that different emotion directions can require very different
steering strengths before they take effect, even when they are normalized to the
same norm. Moreover, prior work reports prompt-dependent steerability (Konen
et al., 2024) (e.g., prompts aimed at factual answers can be harder to steer), and

we also observe model-specific baseline tendencies at 1=0 (e.g., significantly
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different unsteered joy/fear scores for Llama vs. Gemma). Together with the
phase-switch behavior in per-prompt score distributions, this raises the question
of whether reliable steering requires a joint account of model, prompt, and steer-
ing direction properties to predict when an intervention will meaningfully alter
model behavior and how strongly it should be applied. Developing more reliable

effect-size estimates (or adaptive A selection) is therefore a key open problem.

* Viewing the pipeline as a modular template. More broadly, our approach
could be understood as one instantiation of a modular framework for building
interpretable steering directions. While activation extraction and SAE pro-
jection provide a common backbone, the downstream components (ranking,
inspection/readout, and selection) can be swapped depending on the steering
objective and intervention site. For example, steering at mid-layer attention
outputs may call for different ranking signals than late-layer residual steering,
and for different inspectors than a logit lens. Likewise, the final selection step
could be adapted (different judge prompts/models) or, at small scale, replaced

by manual curation.

» Using latent-grounded steering in hybrid alignment and safety stacks. In
practical systems, steering is rarely a single mechanism: deployments often com-
bine pre-inference controls (prompting and fine-tuning), in-model interventions,
and post-inference filtering or rewriting. A promising direction could be to in-
tegrate our latent-grounded approach into such hybrid pipelines, where its main
contribution is improved interpretability and traceability of representation-level
interventions. Beyond using these directions for intervention, the same token-
grounded latent signatures could serve as lightweight, interpretable concept
markers: by monitoring whether prompts, intermediate activations, or gener-
ated continuations align with a given direction (e.g., toxicity-, bias-, refusal-, or
code-smell-related features such as hard-coded secrets or use of insecure APIs),
a system could trigger targeted post-inference actions such as filtering or rewrit-
ing. This would complement black-box output classifiers by grounding detection
in a transparent set of SAE latents with explicit promoted-token readouts, and
could provide an additional explainability layer for such hybrid safety stacks by

making it clearer why a particular guardrail fired in the first place.
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6 Conclusion

This thesis introduced a pipeline for constructing interpretable steering directions
from SAE latents. Our goal was to improve current steering approaches along two
complementary axes: (i) stronger steering performance at comparable output quality,
and (ii) clearer accounts of what a steering intervention induces inside the model via
token-grounded feature readouts.

Methodologically, we framed steering-vector construction as a modular sequence
of steps: extracting contrastive activations at a chosen intervention site, encoding them
into an SAE latent space, ranking candidate latents via frequency- and magnitude-based
signals (including our Power Score family), and interpreting candidates through logit-
lens promoted-token signatures. We then used an LLM-judge to validate semantic
alignment and to select a compact set of latents that define the final steering direction.
This design makes the intervention traceable to a small set of sparse features with
explicit token-level characteristics.

Across benchmarks, we found that this SAE-based pipeline can outperform com-
parable training-free baselines while offering substantially improved interpretability.
On Ekman-emotion steering, our method achieves higher performance than single-
layer difference-in-means baselines and approaches the performance of all-layer base-
lines. The emotion experiments also suggest that steering can operate in a phase-switch
way, where increasing A primarily changes the fraction of generations that “flip” into
the target mode rather than gradually increasing intensity. On AxBench, our approach
yields even stronger performance gains over other training-free baselines, while also
finding an interpretability—steerability mismatch: latents with seemingly on-target ac-
tivation patterns are not necessarily reliable steering directions. We therefore treat
latent quality as multi-dimensional, combining semantic relevance (token-level con-
cept alignment) with steerability, which we approximate using our purity measure
based on promoted-token logits. Our ranking analysis further suggests that differ-
ent mechanisms retrieve complementary subsets of useful latents. In some settings,
simple ensembles increase the chance of finding high-quality candidates. Finally, in
a bias-mitigation study, we provide qualitative evidence that token-level diagnostics
and judge-guided latent selection can reduce dataset-induced topical bias transfer in

learned steering directions.

75



Conclusion Luka Gerlach

76



Luka Gerlach Appendix

A Appendix

A.1 Rotational Equivariance and Privileged Bases in Language Models
We find in Section 2.3 and Section 2.4 that certain representations in transformer-
based LLMs occupy unprivileged bases, while others do not. To better understand
where this comes from, we give a formal definition of rotational equivariance, then
demonstrate how different operations preserve or break this property, and explain its

implications for feature interpretability.

Definition. Formally, a function f : R" — R is said to be rotationally equiv-
ariant if for any orthogonal transformation Q € O(n) applied to the input space, there
exists a corresponding orthogonal transformation R € O(m) in the output space such

that:
f(Qx) = Rf(x) (26)

for all x € R". Intuitively, this property means that if we rotate the input representation
by Q before applying f, the result is equivalent to first applying f and then rotating
the output by the corresponding transformation R. In other words, rotating-then-
computing yields the same result as computing-then-rotating. Here, an orthogonal

matrix is a square matrix whose columns form an orthonormal basis!#, satisfying

Q'Q=1L

Linear Projections Do Not Create a Privileged Basis. Consider a linear projec-
tion without bias: f(x) = Wx, where W € R™*", In transformers, this could be any
read or write operation from or to the MLP or attention blocks. The key property is that
this function does not privilege any particular choice of basis in the input space. To
see this, suppose we apply an orthogonal change of basis Q € O(n) to the input space.
Every vector X can be equivalently represented as x’ = Q’x in the new coordinate

system, where X’ denotes the coordinates of the same geometric vector in the rotated

14Technically, orthogonal matrices with determinant +1 are rotations (proper orthogonal), while those
with determinant —1 include reflections (improper orthogonal). For this context the distinction is not
important.
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basis. The linear function in the new basis becomes:

f(x) = Wx = WQx' = WX 27

where W = WQ. Since Q is orthogonal, both parameterizations W and W = WQ
compute identical input-output mappings; they simply express the same linear function
in different coordinate systems. This means there is no distinguished basis: we can ro-
tate our coordinate system arbitrarily, and by adjusting the weight matrix accordingly,
the function remains unchanged. No individual basis direction (coordinate axis) has

any special semantic meaning in isolation.

Non-Linear Activations Break Rotational Equivariance. In contrast, element-wise
non-linear activation functions such as ReLU fundamentally break this symmetry.
Consider o(x) = max(0,x) applied component-wise. For ReLLU to be rotationally
equivariant, we would need:

o(Qx) = Ro(x) (28)

for some orthogonal R depending on Q. However, RelLU zeros out negative compo-
nents while preserving positive ones. This operation is directly tied to the coordinate
axes. Rotating the coordinate system changes which components are positive or neg-
ative, and this cannot be compensated by any rotation of the output, because the
zero/non-zero activation pattern is basis-dependent and cannot be preserved under ar-
bitrary rotations. Critically, the order matters: rotating before or after applying ReLU
produces fundamentally different results. When rotational equivariance is broken in
this way, the choice of basis becomes meaningful, creating a privileged basis where
individual neurons (basis directions) have semantic significance, since the activation

pattern explicitly depends on the coordinate system chosen.

Implications. In transformer architectures, the residual stream occupies an unprivi-
leged basis because all operations reading from or writing to it are linear transforma-
tions that can be arbitrarily reparameterized under coordinate rotations. While Elhage
et al. (2023) find that a small subset of dimensions appears partially privileged due

to Adam optimizer asymmetries, this does not fundamentally alter the interpretability
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challenge. Even in MLP hidden states, which occupy a privileged basis due to element-
wise ReLLU activations, individual neurons remain polysemantic due to superposition
(cf. Section 2.3). Thus, a privileged basis alone is insufficient for interpretability. As
described in Section 2.4, SAEs address this by combining a privileged basis with high

dimensionality and enforced sparsity to recover monosemantic features.
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A.2 Steering Benchmark

A.2.1 AxBench
In this section, we provide additional details about AxBench’s specific charac-

teristics to facilitate understanding of the evaluation procedure.

AxBench Latent Selection Prompt As described in our AxBench setup in Sec-
tion 4.3.1, we use an AxBench-specific LLM-judge prompt for semantic validation.
Because many AxBench concepts are highly specific, the prompt is intentionally stricter
than our default: it prioritizes exact matches, excludes contextual/compositional fea-
tures, and explicitly discourages redundant token sets to keep the resulting steering

vectors compact and precise. The full prompt is given below.

AxBench Semantic-Validation Judge Prompt

You are identifying the foundational SAE neurons that best represent

— the concept: '{target_concept}'.

**Goal**: Construct a precise steering vector by selecting only the
— neurons that capture the essence of the concept, filtering out

— diluted or circumstantial associations.

**Selection Guidelines**:
1. **Prioritize Exact Matches**: Retain neurons where the predicted
— tokens are direct synonyms, exact references, or the concept
— itself.
2. **Exclude Contextual & Compositional Features**: Do not include
— neurons that represent:
- *Contextual associations® (e.g., for "Apple", exclude "pie",
"tree", "eating").
- *Grammatical or Structural patterns* (e.g., typical adjectives,
— prepositions, or sentence structures).
- *Related but distinct* concepts.
3. **Maintain Purity**: Omit neurons that appear vague or polysemantic.
4. **Avoid Redundancy**: Before selecting a neuron to keep:

- Track which token sets you've already included.
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- Check if any previously selected neuron already has a very similar
— or nearly identical token set. If a duplicate is found,
— **EXCLUDE** it to avoid diluting the steering vector with

— redundant information.

**Qutput Instructions**:

1. **Re-Rank by Relevance**: The input list is sorted statistically.
— Please output a new list re-ordered by **semantic relevance*¥*,
— placing the most accurate representation first.

2. **Stop at Saturation**: Do not aim for a specific number of

— features. If a small set of latents (even just 1 or 2) fully

— embodies the concept, **STOP**. Including lower-quality or

— tangential latents may degrade the steering vector.

**Candidates**:

{candidates_str}

Output Format:

Thinking: [For each latent: brief reasoning on the selection and
— re-ordering, noting any redundancies detected]

FINAL_LIST: [best_id, second_best_id, ...]
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Alpaca-Eval Alpaca-Eval (Li et al., 2023) comprises a diverse set of instructions
and questions designed to assess model capabilities. AxBench samples Alpaca-Eval
prompts as the basis for generating steered model completions. Representative exam-

ples include!>:

Alpaca-Eval Prompts

* “Make a list of the top places in the U.S. to visit at the given time.

November”

» “Think of some series or movies that would be enjoyable for someone who
liked the given series.

Squid Game”

* “How many times has the Earth orbited the Sun since the beginning of
life? Try to explain your answer. Your explanation should take the reader

through your reasoning step-by-step.”

* “Write me a function in JavaScript that takes an array of 5 numbers as
input and checks if any of the numbers is a valid prime number, if it is

print the number to the console.”

* “Solve this equation.

X3 —4x2+6x-24=0"

15The complete set of AlpacaEval prompts can be found at: https://huggingface.co/datasets/tatsu-lab/
alpaca_eval/raw/main/alpaca_eval.json
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LLM as a Judge Prompts AxBench evaluates each steered generation using an
external LLM judge (GPT-40-mini) along three dimensions: Concept, which assesses
whether and to what extent the target concept appears in the steered model generation;
Fluency, which measures whether the generated text is fluent, coherent, and free from
awkward phrasing or sentence fragment repetitions commonly induced by activation
steering; and Relevance, which evaluates how well the generation connects to the given
instruction or question. Wu, Arora, et al. (2025) employ the following prompts for

these evaluation dimensions:

Concept Score Evaluation Prompt

[System]

Please act as an impartial judge and evaluate whether the specified concept is presented
in the sentence fragment provided below. Focus solely on whether the concept is clearly
incorporated, without regard for grammar or logical coherence.

Begin your evaluation by providing a short explanation of whether the concept is clearly
incorporated. Point out references to the concept in the fragment, noting any minimal or
awkward incorporations. After providing your explanation, rate the concept’s relevance
on a scale from 0 to 2, where 0 indicates the concept is not present at all, 1 indicates the
concept is somewhat present but minimally or awkwardly incorporated, and 2 indicates
the concept is more fully and effectively incorporated, with stronger and more natural
integration. Provide your rating using this exact format: “Rating: [[score]]”.
[Concept Start]

[Concept goes here]

[Concept End]

[Sentence Fragment Start]

[Sentence goes here]

[Sentence Fragment End]
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Relevance (Instruction) Score Evaluation Prompt

[System]

Please act as an impartial judge and evaluate whether the sentence fragment provided
below is related to the instruction. Focus solely on the degree of relatedness in terms
of topic, regardless of grammar, coherence, or informativeness.

Begin your evaluation by providing a brief explanation of whether the sentence is related
to the instruction, and point out references related to the instruction. After providing
your explanation, rate the instruction relevance on a scale from O to 2, where O indicates
the sentence is unrelated to the instruction, 1 indicates it is somewhat related but only
minimally or indirectly relevant in terms of topic, and 2 indicates it is more clearly and
directly related to the instruction. Provide your rating using this exact format: “Rating:
[[score]]”.

[Instruction Start]

[Instruction goes here]

[Instruction End]

[Sentence Fragment Start]

[Sentence goes here]

[Sentence Fragment End]
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Fluency Score Evaluation Prompt

[System]

Please act as an impartial judge and evaluate the fluency of the sentence fragment
provided below. Focus solely on fluency, disregarding its completeness, relevance,
coherence with any broader context, or informativeness.

Begin your evaluation by briefly describing the fluency of the sentence, noting any
unnatural phrasing, awkward transitions, grammatical errors, or repetitive structures
that may hinder readability. After providing your explanation, rate the sentence’s
fluency on a scale from 0 to 2, where O indicates the sentence is not fluent and highly
unnatural (e.g., incomprehensible or repetitive), 1 indicates it is somewhat fluent but
contains noticeable errors or awkward phrasing, and 2 indicates the sentence is fluent
and almost perfect. Provide your rating using this exact format: “Rating: [[score]]”.
[Sentence Fragment Start]

[Sentence goes here]

[Sentence Fragment End]
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A.2.2 Emotion Steering
Diallo et al. (2025) conduct their steering evaluation using a collection of 19

diverse prompts, listed below:

Evaluation Prompts for Steering Emotions

1. “Come up with a fairy tale.”

“Comment on a review of a business written by a customer.”

“Compare the cultural value of theatres and cinemas.”

“Compare the quality of coffee and tea.”

“Describe a fictional character.”

“Describe an idea of what a fulfilling and meaningful life should be like.”
“Describe a piece of art.”

“Describe a typical day for a family in the 1980s.”

2 2 JF e @ s B R

“Describe an imaginary board meeting at which the concept of PopTarts
is proposed.”

10. “Pick a colour. Write about that colour as if it was a person.”

11. “Rewrite a famous film scene from the perspective of a fish.”

12. “Summarise the plot of ‘The Lord of the Rings’ by J.R.R. Tolkien.”

13. “Write a couple of lyrics about society.”

14. “Write a letter to your parents.”

15. “Write a scene between a mentor and a mentee in which the mentee must
stand up for himself or herself because the mentor doesn’t give him or her

enough credit.”
16. “Write a story about an encounter of a boy and a girl.”
17. “Write a story that involves magic.”

18. “Write a story that starts with ‘The moon was bright. Not that the person

could see it.”

19. “Write an opinion on the role of government in society.”
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A.3 Bias Mitigation

A.3.1 Prompting Instructions

In Section 4.4 we describe our setup to mitigate the propagation of bias from
datasets into our steering vectors. To effectively ban bias, we had to adjust the prompt
for our LLM judge picking latents, to clearly discard any food or restaurant related
tokens.

In practice, if we did not give explicit instructions for ignoring food and restaurant
related tokens, it would often choose latents that promote positive sentiment (target
concept) in the food context. E.g. latents that would promote tokens like delicious.

Here is the prompt that explicitly instructs the model to discard these types of

latents:

"""You are evaluating SAE (Sparse Autoencoder) neuron features based on
— their top predicted tokens for the concept: '{target_concept}'.

**CONTEXT**: Features are from Yelp reviews (food/restaurant). To
— create a GENERAL vector, we must strip domain bias.

Task: For each neuron index, provide a brief explanation (1-2
— sentences) of whether to KEEP or EXCLUDE it, then output the final
- list.

General EXCLUSION Criteria - Remove if tokens are:
X DOMAIN-SPECIFIC / FOOD BIAS: EXCLUDE words that bind the sentiment to

— food (e.g., "delicious", "tasty", "yummy", "flavor") or restaurants
— (e.g., "waiter", "kitchen", "service"). Keep ONLY general sentiment
— (e.g., "excellent", "amazing").

X Purely syntactic (punctuation, formatting, sentence structure,

— whitespace) or smileys/emojis

X Token boundaries or positional artifacts (prefixes, suffixes,

< separators)

X Generic stop words or articles with no semantic or structural

— relevance to the target concept

X Numeric or date formatting without semantic meaning

X THEMATICALLY INCOHERENT: the top tokens are unrelated to each other
— or to '{target_concept}'

KEEP everything else, including:
v Direct expressions of '{target_concept}' that are DOMAIN-AGNOSTIC.
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v/ Contextual or compositional aspects that clearly relate to

— {target_concept}. (Phrases, situations, or structural contexts)
v/ Semantic, functional, or structural features clearly related to
— '"{target_concept}’'

v/ THEMATICALLY COHERENT: the top tokens relate to each other and to
— '{target_concept}'

Output Format:
First, provide your reasoning for each neuron IN THE ORDER PRESENTED:
Neuron 123: KEEP/EXCLUDE - Brief explanation

Then, on a new line after "FINAL_LIST:", provide ONLY a Python list of
— integers to KEEP: [123, 456, 789]

Candidates:
{candidates_str}

A.3.2 Promoted Tokens

In Section 4.4.2, we inspect the token-level signatures of the steering vectors via
our logit-lens projection (Section 3.1.4) to obtain an interpretable preview of what each
direction amplifies before analyzing full generations. For completeness, we report here
the top 50 promoted tokens for both the baseline (difference-in-means) direction and
the direction constructed with our method. For compilation compatibility under pdf
LaTeX, we omit tokens that are not representable in Latin script (e.g., CJK, Cyrillic,

emoji); the qualitative conclusions are unchanged.

Top promoted tokens (our method).

['recommend', 'thank', 'highly', 'excellent', 'recommended', 'nice’,
— 'very', 'great', 'recomendar', 'definitely', 'pleasant',

« 'recommendation', 'recomend', 'commend', 'recommande', 'love',

— 'lovely', 'recommendations', 'recommends', 'recommand', 'empfe',
— 'recommending', 'recomiendo', 'recomendado', 'doporu', 'tesekkir',
— 'tavsiye', 'reccomend', 'good', 'thanks', 'wonderful', 'recom',

— 'appreciated', 'anbef', 'commendable', 'kudos', 'raccomand',

— 'always', 'loved',6 'excelente', 'nicely', 'agradable',

— 'recomendable', 'pleasantly', 'appréci']
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Top promoted tokens (baseline, DiffMean).

['excellent', 'great', 'love', 'wonderful', 'beautiful', 'loved',
— 'lovely', 'beautifully', 'perfect', 'delicious', 'superb',
— 'amazing', 'friendly', 'fantastic', 'wonderfully', 'excellently',

— 'good', 'always', 'nice', 'happy', 'pleasant', 'delightful',
— 'enjoy', 'highly', 'awesome', 'enjoyed', 'loves', 'loving',

— 'affordable', 'enjoyable', 'splendid', 'pleasantly', 'very',

— 'clean', 'staff', 'especially', 'unique', 'fresh', 'rich', 'warm',
— 'comfortable', 'outstanding', 'brilliant', 'gorgeous', 'tasty',
— 'charming', 'magnificent', 'welcoming', 'enjoys', 'impeccable']
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