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Abstract

Steering vectors are a lightweight method for
controlling text properties by adding a learned
bias to language model activations at infer-
ence time. While predominantly studied for
multiple-choice and toy tasks, their effective-
ness in free-form generation remains largely un-
explored. Moving “Beyond Multiple Choice,”
we evaluate steering vectors for controlling top-
ical focus, sentiment, toxicity, and readabil-
ity in abstractive summaries across the SAM-
Sum, NEWTS, and arXiv datasets. We find
that steering effectively controls targeted prop-
erties, but high steering strengths consistently
induce degenerate repetition and factual hallu-
cinations. Prompting alone preserves summary
quality but offers weaker control. Combin-
ing both methods yields the strongest control
and the most favorable efficacy-quality trade-
off at moderate steering strengths. Our work
demonstrates that steering vectors face a criti-
cal control-quality trade-off in free-form gen-
eration, and that hybrid approaches offer best
balance in practice.

1 Introduction

Large pre-trained language models, trained on ex-
tensive web-based datasets, have become the stan-
dard approach for a wide range of tasks in natural
language processing (Devlin et al., 2019; Brown
et al., 2020). Consequently, the ability to adapt
foundation models to specific tasks and align their
outputs with user preferences has become crucial.
Recent methods for controlling language models
can often be classified into three main strategies:
prompt engineering (Shin et al., 2020; Lester et al.,
2021; Wei et al., 2022), trainable decoding mecha-
nisms (Deng et al., 2020) and fine-tuning according
to specific objectives (Ouyang et al., 2022; Rafailov
et al., 2023). However, prompting often provides
insufficient control, while alternatives require sig-
nificant engineering, computation, or data.

A promising fourth strategy is activation engineer-
ing, which directly modifies model activations dur-
ing text generation (Zou et al., 2025). For exam-
ple, difference of means steering vectors (Rimsky
et al., 2024a) compute a direction in the activa-
tion space by taking the mean of activations from
examples of a target behavior and subtracting the
mean of activations from counter-examples. This
resulting steering vector can then be added to the
model’s activations during inference to align out-
puts with user preferences. Although previous re-
search demonstrates the effectiveness of steering
methods in multiple-choice settings and simplified
toy tasks, their practical effectiveness for free-form
generation tasks remains understudied. We address
this gap by evaluating steering vectors for adaptive
summarization on three diverse abstractive summa-
rization datasets covering conversations, news, and
scientific articles. Through six research questions,
we examine the efficacy-quality trade-off and pro-
vide actionable guidelines for effective steering.
Our contributions are:
1. We evaluate steering vectors to control topi-

cal focus, sentiment, toxicity, and readability
in adaptive free-form summaries on diverse
datasets. Except for toxicity, all text proper-
ties can be effectively induced.

2. We evaluate generated summaries for unwanted
side effects, finding that high steering strengths
consistently induce degenerate repetition and
factual hallucinations.

3. We compare steering, prompting, and their
combination: prompting alone preserves qual-
ity but offers weaker control, while the hybrid
approach yields the strongest control and most
favorable efficacy-quality trade-off at moderate
steering strengths.

4. We release our code (MIT) and datasets (CC
BY-NC 4.0) to support reproducibility.1

1https://github.com/JoschkaCBraun/adaptive-steering
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2 Related Work

LLM-based controllable summarization. Gen-
erating adaptive summaries tailored to user prefer-
ences typically involves fine-tuning existing foun-
dation models, modifying model architectures, or
employing specialized training procedures (Urlana
et al., 2024; Bahrainian et al., 2024; Braun et al.,
2025c; Zhang et al., 2025). For instance, (Bli-
nova et al., 2023) proposes a two-stage model for
document-level text simplification that first sum-
marizes and then further simplifies content using
transformers, enhanced by keyword prompts and
an embedding similarity loss.

Steering vectors for LLM control. Controlling
text generation by adding a steering vector is eas-
ier to implement and only requires sufficient train-
ing data to be effective. Steering vectors lever-
age the interpretability-based insight that many
human-interpretable text properties like truthful-
ness (Marks and Tegmark, 2024; Li et al., 2023),
refusal (Arditi et al., 2024) and sentiment (Turner
et al., 2023; Tigges et al., 2024) are likely repre-
sented linearly. Various methods based on this
insight have been proposed to control LLM out-
puts (Subramani et al., 2022; Turner et al., 2023;
Rimsky et al., 2024a; Li et al., 2023; Hendel et al.,
2023; Todd et al., 2024; Rimsky et al., 2024a; Ko-
nen et al., 2024; Zou et al., 2025).

Limitations of steering vectors. Despite
their appeal as lightweight control methods,
activation steering methods face significant
challenges (Braun et al., 2024). Recent studies
highlight issues with reliability and generalization,
noting high variance across inputs and instances
where steering produces the opposite of the
intended effect (Tan et al., 2024; Brumley et al.,
2024; Braun et al., 2025b). Furthermore, steering
vectors are often evaluated in constrained settings,
like multiple-choice questions or simple toy
tasks, rather than more challenging free-form gen-
eration tasks (Pres et al., 2024; Braun et al., 2025a).

Our work addresses this research gap by
evaluating “difference of means” steering vectors
for adaptive free-form summarization, testing
the method across multiple language model
families and parameter sizes on three diverse,
established summarization datasets to assess its
control efficacy and side effects for this common
application.

3 Research Questions

Q1. How effective are steering vectors for con-
trolling free-form summarization? We evaluate
the extent to which steering vectors can control
summary properties like topical focus, sentiment,
toxicity, and readability in abstractive summaries.
We also examine how a model’s safety training
affects the ability to steer it towards suppressed
behaviors like toxicity.
Q2. What are the side effects of steering on sum-
mary quality? We measure the impact of steering
strength λ on intrinsic and extrinsic summary qual-
ity to characterize the trade-off between control
and quality degradation. We also probe for entan-
glement between the steering directions.
Q3. How does steering compare to prompting
for text control? We compare the control efficacy
and quality side effects of steering vectors against
prompting for the same target behavior. This estab-
lishes a performance baseline for activation engi-
neering versus a conventional control method.
Q4. How effective is a hybrid steering and
prompting approach? We test if combining steer-
ing vectors with instructive prompts yields stronger
control than either method alone. We also evaluate
whether this hybrid approach offers a more favor-
able trade-off between control efficacy and quality
degradation.
Q5. Can conditional steering mitigate steer-
ing side effects while maintaining control effi-
cacy? We investigate whether adjusting the steer-
ing strength λ based on the model’s current acti-
vations can mitigate quality degradation without
sacrificing control over the target property.
Q6. How do model scale and architecture im-
pact steering? To understand the generalizability
of our findings, we examine how steering efficacy
and its associated side effects scale with the num-
ber of parameters and layers in a language model.
We also explore whether performance differs sig-
nificantly across distinct transformer architectures,
using models from the Llama, Qwen, and Gemma
families.

4 Methods and Experimental Setup

4.1 Datasets
We evaluate the trade-off between control efficacy
and text quality when applying steering vectors
to three datasets selected for their diversity in do-
main, length, and linguistic complexity. SAM-
Sum (Gliwa et al., 2019) consists of approxi-



mately 16,000 short, informal messenger-like di-
alogues. Moving up in length and complexity,
NEWTS (Bahrainian et al., 2022) contains 3,000
news articles derived from CNN/DailyMail (Nal-
lapati et al., 2016), specifically designed with dual
reference summaries for topic-focused summariza-
tion. Finally, the arXiv dataset (Cohan et al., 2018)
represents the most challenging domain, featuring
long, highly technical scientific papers.

4.2 Steering Method

We use difference of means steering vectors
by Rimsky et al. (2024a) as the steering method.
To compute the layer- and behavior-specific steer-
ing vector sl ∈ Rd from training dataset Dtrain =
{(x+i , x

−
i )}

Ntrain
i=1 , we record residual stream activa-

tions at layer l. Activations are recorded at the
last position of the training sample. The resulting
activations are denoted al(x+i ) and al(x−i ) respec-
tively. The steering vector sl ∈ Rd is the mean
difference between positive and negative activa-
tions: sl = 1/|Dtrain|

∑
Dtrain

[
al(x+i ) − al(x−i )

]
.

To steer during inference, we add λsl to the resid-
ual stream at layer l. Here λ ∈ R is the steer-
ing strength. Most of our experiments are done
with a range of steering strengths, choosing λ ∈
{−5,−2,−1.5,−1,−0.5, 0, 0.5, 1, 1.5, 2, 5}.

4.3 Evaluation Framework

We evaluate generated summaries by measuring
both their overall quality and the efficacy of steer-
ing control. Summary quality is assessed from
two perspectives. Intrinsic quality is measured by
Perplexity (PPL) (Bengio et al., 2000) and textual
diversity using word and character bigram repeti-
tion (Distinct-2) (Li et al., 2016). Extrinsic qual-
ity is evaluated against reference summaries using
ROUGE-1, -2, and -L (Lin, 2004) and semantic
similarity with BERTScore (Zhang* et al., 2020;
He et al., 2021). Control Efficacy is quantified
for four target properties. We measure topical
focus using LDA-based methods, sentiment with
both lexicon-based (VADER) (Hutto and Gilbert,
2014) and transformer-based classifiers (Town,
2023), and toxicity using two separate transformer
models (Liu et al., 2019). Finally, readability is
scored using regression models based on Distil-
BERT (Sanh et al., 2020) and DeBERTa-V3 (He
et al., 2023). We provide detailed metric descrip-
tions and validate their correlation with LLM-based
judgments in Appendix C.

4.4 Prompt Engineering
We use a consistent prompt structure for all models
and steering vectors in our primary experiments.
The basic prompt x is designed to elicit a general,
neutral three-sentence summary and is formatted
as follows:
Write a {N} sentence summary of the article.
Article:
{article}
Summary:

In this template, article is the placeholder for the
input text, and the target sentence count N is set to
one for the SAMSum dataset, three for NEWTS,
and ten for the arXiv dataset. We defer the detailed
description of prompt variations engineered to en-
courage or discourage selected text properties to
the Appendix B.

4.5 Language Models
To study the generalizability of our results and the
influence of model scale, we experiment with thir-
teen models from three distinct families: Llama 3
(1B, 3B, 8B, 70B), Qwen 3 (0.6B, 4B, 8B, 14B,
32B), and Gemma 3 (1B, 4B, 12B, 27B). This se-
lection allows us to assess how results generalize
across different architectures and systematically an-
alyze the impact of model size on steering efficacy.

4.6 Summary Generation
For summary generation, we set the maximum out-
put length based on the characteristic length of
the source documents and reference summaries
for each dataset: 50 tokens for SAMSum, 150 for
NEWTS, and 300 for arXiv. Unless otherwise spec-
ified, we evaluated each setting on a random sample
of 250 articles from the respective dataset. As this
data was not used for training the steering vectors,
no data leakage occurs.

4.7 Steering Setup
Steering was applied to middle-to-late layers of
each model, a strategy that aligns with established
heuristics and previous literature. The exact layer
configurations for each model are detailed in Ap-
pendix C.6. For training the steering vectors, we
used custom datasets, each containing 100 con-
trastive samples of the desired behavior and its
opposite. These samples were text pairs designed
to primarily differ only in the target attribute (sen-
timent, toxicity, readability, or topic) and can be
found in our repository.

https://github.com/JoschkaCBraun/adaptive-steering


5 Results

5.1 Steering Vectors successfully control
target behaviors

We find that topical focus, sentiment (see Figure 1),
and readability can be effectively controlled across
all datasets and model sizes.
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Figure 1: Steering vectors successfully control the sen-
timent of generated summaries in Llama 8b. Without
steering the average sentiment is neutral. Negative and
positive steering strength effectively shift the average
sentiment towards the target polarity. Both metrics re-
sult in similar sentiment scores and measure a mono-
tonic increase in sentiment relative to the applied steer-
ing strength.

However, toxicity is not elicited in the gener-
ated text except at high steering strengths (typically
λ > 2, see Figure 2), an outcome likely attributable
to the model’s safety training. This makes toxicity
a compelling case study for examining the chal-
lenge of steering a behavior that the model has
been explicitly trained to avoid.
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Figure 2: Steering for toxicity only impacts toxicity
for steering strengths of 2 and larger. The safety-tuned
Llama 8b model is able to avoid generating toxic text
until very high steering strengths likely shift the acti-
vations out of distribution, bypassing post-training and
massively degrading text quality.

More detailed steering results are in Ap-
pendix D.11. Complementing quantitative metrics
from the results section, Appendix D.10 provides
qualitative summaries illustrating the impact of ap-
plied methods on text properties.
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Figure 3: The topic scores for all three metrics increase
monotonically for steering strengths up to 2. The effect
size of steering strengths between -1 and 1 is relatively
small, and there is a noticeable improvement for steering
strengths larger than magnitude 1. Applying the vector
with a negative factor makes the topic less dominant.
For a steering strength of 5 the text degrades and the
topic scores with it.

5.2 Steering Side effects on Unrelated
Properties

To assess potential steering direction entanglement,
we evaluate the generated summaries for unin-
tended impacts on unrelated text properties. Our
findings indicate that, apart from the specific in-
teraction where toxicity steering also influences
sentiment (Figure 4), steering vectors generally do
not affect other measured properties. See Appendix
D.1 for more detail.

-5 -2 -1.5 -1 -0.5 0 0.5 1 1.5 2 5
Steering Strength

1.0

0.5

0.0

0.5

1.0

Se
nt

im
en

t S
co

re
 (-

1 
to

 1
)

Toxicity Steering: Sentiment Scores vs. Steering Strength
Transformer
Mean

VADER
Mean

Figure 4: For the Qwen 32b model, steering for in-
creased toxicity also makes summary sentiment more
negative, an expected interaction given the common cor-
relation between toxic content and negative sentiment.
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Figure 5: Conversely, steering for sentiment does not
significantly alter toxicity levels for the Qwen 32b
model. This asymmetry likely occurs because content
with negative sentiment is not inherently toxic.
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Figure 6: For the Llama 8b (shown) and other models, intrinsic text quality decreases for larger steering strengths.
However, the change is much more pronounced for toxicity steering compared to sentiment steering. For toxicity,
steering strengths larger than 1 degrade performance significantly, whereas for sentiment, performance degradation
is milder and only starts at larger steering strengths. Distinct-2 word metric is most sensitive to these changes at
moderate steering strengths.
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Figure 7: For the Llama 8b model, extrinsic text quality is constant at small steering strengths and degrades at larger
ones. For sentiment steering, scores are stable between -1.5 to 1.5, and then continuously fall as steering strengths
increase. This trend is much more pronounced for toxicity steering, where extrinsic quality drops substantially
already at steering strengths larger than 1.

5.3 Large Steering Magnitudes Degrade
Summary Quality

Across all models, high steering magnitudes of
| λ |> 2 substantially degrade both intrinsic and
extrinsic text quality. Qualitatively, we observe
two stages of degradation. First, the emergence
of attribute-congruent hallucinations, where the
model fabricates facts to satisfy the steering ob-
jective (see Appendix D.12). This effect is non-
uniform across attributes: content-heavy properties
like sentiment are significantly more prone to hal-
lucinations than stylistic properties like readability.

At even larger steering strengths, we observe a
second stage of degradation manifesting as the gen-
eration of repetitive sequences of words strongly
associated with the steering direction. This col-
lapse is particularly pronounced for the toxicity
steering vector, which exhibits the steepest decline
in quality metrics (Figures 6 and 7). Unlike other
attributes that degrade gradually, overriding safety
training to induce toxicity frequently causes the
model to devolve into incoherent loops of toxic
keywords rather than fluent summaries, as illus-
trated in Table 12.

Finally, we find that larger models are consistently
more robust to degradation, maintaining higher co-
herence and faithfulness at steering strengths that
cause strong quality degradation in smaller models.

5.4 Comparing Steering to Prompting

We compare steering vectors with prompt engineer-
ing to evaluate their relative control strength and
impact on text quality. For each target property,
we designed encouraging, neutral, and discourag-
ing prompt variations by appending specific behav-
ioral directives, such as using simple language for
readability, or emphasizing optimistic viewpoints
for sentiment, to the standard base prompt (see
Appendix B). Averaged results for Llama 1b are
presented in Table 1; more detailed results can be
found in Appendix D.2 and Appendix D.3. We find
that steering offers stronger control than prompting
for smaller models, but prompting and steering are
on par for larger models. While both methods are
more effective for larger models, prompting bene-
fits even more from model scale. Furthermore, we
find that prompting has only a negligible impact on
text quality, as detailed in Appendix D.5.



Table 1: A comparison of mean metric values for the Llama 1b model on NEWTS shows that steering generally
offers stronger control over summary properties than prompt engineering for small models. For topic and sentiment,
a steering strength of λ = 1 matches or exceeds the effects of prompting, while λ = 2 produces an even larger
effect. Prompting, however, is more effective at increasing readability complexity and has simplification effects
similar to steering. The impact on toxicity is negligible for both methods, with the exception of strong steering
(λ = 2), which also degrades text quality. Individual metric values are provided in Appendix D.2.

Steering with strength λ Prompting model for behavior Steering with strength λ

Behavior λ = −2 λ = −1 Discourage Neutral Encourage λ = 1 λ = 2

Topic 0.02 ± 0.0 0.10 ± 0.0 0.13 ± 0.0 0.14 ± 0.0 0.16 ± 0.0 0.16 ± 0.0 0.25 ± 0.0
Sentiment -0.55 ± 0.3 -0.30 ± 0.4 -0.30 ± 0.3 -0.08 ± 0.5 0.27 ± 0.4 0.20 ± 0.5 0.79 ± 0.1
Readability 6.69 ± 3.5 6.52 ± 2.3 7.19 ± 3.6 6.00 ± 2.7 5.00 ± 2.1 4.94 ± 2.8 5.40 ± 5.7
Toxic 0.00 ± 0.0 0.00 ± 0.0 0.00 ± 0.0 0.00 ± 0.0 0.01 ± 0.0 0.00 ± 0.0 0.10 ± 0.0

5.5 Combining Steering and Prompting

A combined strategy of steering with prompting,
where prompts are encouraging for λ > 0, neutral
for λ = 0 and discouraging for λ < 0, leads to
greater effect sizes.
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Figure 8: For Gemma 12b, combining steering and
prompting provides stronger control over topical focus
than either technique alone. Topical focus increases with
larger λ values until text degradation reduces scores.

This combined approach yields substantially
stronger control across all evaluated target behav-
iors and models. For instance, it more strongly
influences topical focus (Figure 8) and achieves
significant sentiment shifts with smaller steering
values (Figure 11). Notably, the approach is also
powerful enough to elicit toxic generations with-
out causing a complete breakdown in text genera-
tion quality (Figure 9). Qualitative analysis further
confirms this effectiveness; as shown in Table 2,
combining steering with targeted prompting allows
for precise modulation of readability, enabling the
model to transition from dense, academic lexicon
to simplified language while retaining the core nar-
rative. Appendix D.7 provides a side-by-side com-
parison with steering-only results, illustrating this
significant improvement in control.

-5/D -2/D -1.5/D -1/D -0.5/D 0/N 0.5/E 1/E 1.5/E 2/E 5/E
Steering Strength / Aligned Prompt Type (Discourage, Neutral, Encourage)

0.0

0.2

0.4

0.6

0.8

1.0

To
xi

cit
y 

Sc
or

e 
(0

-1
)

Toxicity Scores for Toxicity Steering and Prompting
Toxic BERT
Mean

Severe Toxic BERT
Mean

RoBERTa Toxicity
Mean

Figure 9: For Llama 3b, strong increases in toxicity at
moderate λ values occur exclusively when combining
prompting and steering.
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Figure 10: Combined steering and prompting impacts
text readability more strongly than either method alone.
In Llama 3b and for λ > 2, substantial text degradation
causes different readability metrics to offer divergent
assessments of complexity.
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Figure 11: Combined steering and prompting achieves
significant average sentiment changes from baseline (to
approx. ±0.5) with λ = ±0.5 for Gemma 12b. Steering
alone requires λ ≈ ±1.5 to achieve similar respective
positive or negative shifts. This synergistic advantage
diminishes for larger λ magnitudes.



Table 2: Example summaries for combined readability steering and prompting applied to the Llama-3.2-3B model,
demonstrating varied outputs for the same source text. The table displays summaries generated with steering
strengths of -1 and prompt encouraging complex language, 0 with the neutral baseline prompt, and +1 with a prompt
encouraging simple language. Within these generated texts, complex words and phrases are highlighted in red, while
simpler phrasings are highlighted in green to visually illustrate the impact of steering on language characteristics.

λ = −1 + complexity prompting λ = 0 + neutral prompting λ = +1 + simplicity prompting
The United States is precipitating
a global economic calamity, ow-
ing to its failure to devise a plan
to augment its debt ceiling and
avert default, thereby precipitating
a calamitous event that will have
far-reaching consequences for the
global economy. As the World
Bank President, Jim Yong Kim, has
warned, the US’s inaction will pre-
cipitate a cataclysmic collapse of
confidence, leading to a precipitous
decline in economic growth, and ul-
timately, a devastating impact on ...

The World Bank President,
Jim Yong Kim, warned that
the US is just five days away
from causing a global eco-
nomic disaster unless a plan
is put in place to raise the
nation’s debt limit and avoid
default. The US debt ceil-
ing deadline is approaching
and Treasury Secretary Jacob
Lew has warned that the gov-
ernment will exhaust its bor-
rowing authority on Thursday.
The World Bank ...

The World Bank says the US is
close to causing a big economic
problem if the politicians don’t
fix the debt limit. The US needs
to borrow money to pay its bills,
but the government is running
out of money and might not be
able to pay its debts. The World
Bank says this could make inter-
est rates go up, and that could
make it harder for people to bor-
row money and for the economy
to grow ...

5.6 Summary Quality Degradation for
Combined Steering and Prompting

Combining prompting and steering not only am-
plifies the effect size, but also undesirable quality
degradation of the generated summaries. Details
can be found in the Appendix D.9. In general, the
combination of both techniques provides the most
favorable trade-off between efficacy and quality.
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Figure 12: For Qwen 3b, combining steering and
prompting for topical focus impacts extrinsic quality
more negatively than steering alone, especially for steer-
ing magnitudes |λ| > 1.

5.7 Conditional Steering

We apply steering vectors conditionally to a
model’s activations. The motivation is that if the
model is already generating text that aligns with a
target behavior, further steering is unnecessary and
might degrade text quality. To implement this, at
each generation step, the current activation is pro-
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Figure 13: Similarly, intrinsic quality for Qwen 3b de-
grades for |λ| > 1. At lower λ values, however, this
strategy enables stronger topical focus than steering
alone while causing only minimal degradation.

jected onto the difference of means line, the vector
connecting the mean activations of negative and
positive training samples. If this projected value
is greater than a threshold of 1, it signifies that the
model’s current state is already more aligned with
the target behavior than the average positive train-
ing example. In this case, no steering is applied for
that specific token. This projection is done at every
generation step, so in a sequence, some token po-
sitions are steered and others are not. We find this
method meaningfully reduces unintended side ef-
fects on text quality, but it also weakens the overall
control of the target behavior (see Table 3). Con-
ditional steering likely prevents activations from
going out-of-distribution in cases where cumula-
tive steering at prior generation steps has already
sufficiently biased the current context.



Table 3: A comparison of mean metric values for the Gemma 4b model on the SAMSum, NEWTS, and arXiv
datasets. The table shows the intended effect for steering the target behaviors alongside the unintended text quality
degradation, for a conditional steering threshold of τ = 1. Values are computed relative to unconditional steering
with λ = 1. Conditional steering meaningfully reduces text degradation, but also weakens control.

SAMSum NEWTS arXiv

Behavior Effect Degradation Effect Degradation Effect Degradation

Topic N/A N/A 0.01 ± 0.0 -0.1 ± 0.1 N/A N/A
Sentiment 0.0 ± 0.1 -0.1 ± 0.0 -0.12 ± 0.3 -0.05 ± 0.0 -0.09 ± 0.2 -0.1 ± 0.0
Readability -0.25 ± 0.2 -0.1 ± 0.2 -0.18 ± 0.3 -0.07 ± 0.1 -0.41 ± 0.3 -0.08 ± 0.2
Toxic -0.01 ± 0.0 -0.01 ± 0.0 -0.01 ± 0.0 -0.01 ± 0.0 -0.00 ± 0.0 -0.01 ± 0.0

6 Discussion

Q1. How effective are steering vectors for con-
trolling free-form summarization? Our find-
ings demonstrate the effectiveness of difference-of-
means steering vectors for controlling relevant text
properties during free-form abstractive summariza-
tion. Specifically, we find that steering effectively
controls topical focus, sentiment, and readability
but this control inherently involves an efficacy-
quality trade-off: higher steering strengths achieve
greater control at the cost of significant degradation
in both intrinsic and extrinsic summary quality.

Steering against the model’s safety training for
toxicity proved challenging for all models. Sup-
pressing toxicity via negative steering yielded
no quantitative changes due to a floor effect, as
the baseline toxicity of our datasets (SAMSum,
NEWTS, arXiv) is negligible. Conversely, when in-
ducing toxicity via positive steering to probe the ro-
bustness of safety alignment, we found that steering
alone failed to reliably produce coherent toxic con-
tent. The high positive steering strengths needed
to override the model’s safety alignments severely
degraded text quality, often reducing the output to
repetitive sequences of toxic words. This confirms
that while the steering vector successfully captures
the direction of toxicity, the model’s safety training
successfully resists generating coherent summaries
with the property that was suppressed during model
training.

Q2. What are the side effects of steering
on summary quality? A central finding of this
study is the existence of an efficacy-quality trade-
off. While higher steering strengths achieve greater
control over the target attribute, they do so at the
cost of a significant degradation in both intrinsic
(coherence, fluency and repetitions) and extrinsic
(summary faithfulness and hallucinations) sum-

mary quality. We observed that strong steering
causes the model to prioritize the steering objective
over source fidelity, leading to attribute-congruent
hallucinations. For example, steering for positive
sentiment occasionally induced the fabrication of
positive events not present in the source text, while
negative steering invented distinct negative details
to fit the targeted tone. This trade-off underscores
that practitioners cannot increase control indefi-
nitely without consequence. The degradation in
quality at high steering strengths appears to be a
result of pushing the model’s internal activations
into out-of-distribution states, which degrades the
model’s ability to generate coherent and faithful
summaries. We also observed that toxicity steering
influenced summary sentiment.

Q3. How does steering compare to prompt-
ing for text control? When compared to conven-
tional prompt engineering, steering vectors offer
a different set of trade-offs. Our results show that
steering generally offers stronger control over text
properties compared to prompting, particularly for
smaller models where prompting is less effective.
Prompting, however, preserves summary quality
much better than steering, making it preferable
when maintaining high coherence is paramount
and only moderate control is needed. Furthermore,
prompting remains the most practical method for
arbitrary, ad-hoc tasks where creating a special-
ized dataset to train a steering vector is impractical.
Consequently, steering excels at controlling broad,
pervasive text properties like style or sentiment, but
it does not replace prompting for complex, specific
instruction following.

Q4. How effective is a hybrid steering and
prompting approach? Combining steering vec-
tors with instructive prompts emerged as the most
promising strategy in our evaluation. This hybrid
approach yielded the strongest control over text



attributes, often achieving a greater effect with
moderate steering strengths than steering could
alone, even at high strengths. Consequently, the hy-
brid method achieved the most favorable efficacy-
quality trade-off. By leveraging the complementary
strengths of both techniques—the precise control
of steering and the quality-preserving nature of
prompting—it is possible to exert strong control
while mitigating some of the quality degradation.
However, it is important to note that even with this
combined approach, the use of very large steering
strengths still leads to a substantial decline in text
quality.

Q5. Can conditional steering mitigate steer-
ing side effects while maintaining control effi-
cacy? We find that conditional steering success-
fully mitigates steering side effects but with re-
duced steering effect size. Adjusting the steering
strength λ dynamically, based on the model’s cur-
rent activations is a promising approach to find a
better control-quality tradeoff.

Q6. How do model scale and architecture im-
pact steering? Increased model scale improves
steering efficacy by strengthening control while si-
multaneously mitigating text quality degradation.
This is likely because the additional layers in larger
models provide a greater capacity to absorb the
steering intervention without disrupting text gener-
ation. Furthermore, results were broadly consistent
across Llama, Qwen, and Gemma architectures, in-
dicating that steering is a robust and generalizable
technique for transformer-based models.

6.1 Future Work
The observed trade-off between control efficacy
and text quality motivates a systematic study com-
paring different steering methods on free-form
generation tasks. This would entail comparing
difference-of-means vectors (Rimsky et al., 2024b)
with (Hendel et al., 2023, Task Vectors), (Todd
et al., 2024, Function Vectors) and (Singh et al.,
2024, MiMiC) to determine which offers the best
balance between control and quality preservation.

Furthermore, it would be beneficial to compare
steering methods against a broader range of estab-
lished control methods from trainable decoding
mechanisms, to fine-tuning. A direct comparison
would clarify the specific advantages and disad-
vantages of each approach, helping practitioners
determine whether steering offers a more efficient
or effective solution than retraining for their spe-
cific use case.

Another important area for future exploration
is the application of steering vectors in multiple-
attribute controllable summarization. This would
involve developing and applying methods to steer
multiple text properties simultaneously. This ap-
proach could present new challenges related to
vector composition, possible interference between
steering directions, and managing cumulative im-
pacts on text quality.

6.2 Conclusion

Steering vectors represent an effective but
lightweight method for adapting large-scale foun-
dation models to user preferences at inference time.
We find that difference of means steering vectors
are effective at controlling text properties in free-
form adaptive summarization, but their use is gov-
erned by a critical trade-off between control effi-
cacy and text quality. We observe that large steering
strengths consistently induce degenerate repetition
and factual hallucinations in generated summaries.
The combination of steering and prompting pro-
vides the most effective balance between control
and quality. Our work points toward hybrid meth-
ods as a promising path for efficiently and robustly
aligning LLM behavior with user preferences in
complex, real-world applications.

Limitations

Our findings should be interpreted within the con-
text of several methodological constraints. First,
while we evaluate thirteen models across three fam-
ilies, our study is restricted to dense transformer
architectures between 0.6B and 70B parameters.
Second, our evaluation relies on automated met-
rics. While we validate these against LLM-based
judges, they serve as proxies and cannot fully cap-
ture the nuances of human preference, particularly
regarding subtle factual hallucinations induced by
high steering strengths. Third, we focus exclusively
on difference-of-means steering vectors applied to
heuristically selected layers. We did not perform
an exhaustive hyperparameter search for optimal
injection layers, nor did we compare against other
activation engineering techniques or fine-tuning
based alternatives. Finally, our experiments are
limited to English-language datasets; the efficacy
of steering vectors in multilingual or low-resource
settings remains an open question for future work.
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A Datasets

To rigorously evaluate steering vectors and the the
trade-off between control efficacy and text quality,
we selected datasets that represent a diverse spec-
trum of linguistic complexity, input length, and
domain formality.

A.1 SAMSum Dataset

We utilize the SAMSum dataset (Gliwa et al., 2019)
to represent the domain of short, informal, and
conversational text. The dataset consists of ap-
proximately 16,000 messenger-like conversations
accompanied by human-written abstractive sum-
maries. These dialogues were constructed by lin-
guists to emulate real-life instant messaging, fea-
turing natural conversational phenomena such as
slang, emoticons, typos, and overlapping threads.
SAMSum serves as a critical stress test for steering
vectors due to its high level of linguistic “noise”.
The conversations are short, distributed uniformly
across lengths of 3 to 30 utterances.

A.2 NEWTS Dataset

The NEWTS (NEWs Topic-based Summarization)
dataset (Bahrainian et al., 2022) is based on the
CNN/DailyMail dataset (Nallapati et al., 2016)
and consists of 2400 training and 600 test sam-
ples. Each sample provides a source article and
two human-written reference summaries, each fo-
cussed on either one of the two most prominent
topics in the article. The dataset is specifically
curated for topic-focused summarization and has
50 unique topics. The majority of articles are be-
tween 250 and 1000 tokens long and summaries
are between 25 and 200 tokens (see Table 4). For
our evaluation, NEWTS represents the standard
for polished, medium-length, journalistic English.
It serves as a middle ground between the casual
nature of SAMSum and the technical density of
arXiv. Because NEWTS was designed to bench-
mark topic-focused generation, it provides an ideal
testbed for evaluating our topical steering vectors.
A.3 arXiv Dataset

To evaluate our method on the most challenging
end of the linguistic spectrum, we utilize the arXiv
dataset introduced by Cohan et al. (2018). This
dataset consists of scientific papers collected from
the arXiv preprint server, where the task is to gener-
ate the paper’s abstract based on the full body of the
text. With an average document length of approx-
imately 6,000 tokens, the inputs are nearly an or-

der of magnitude longer than the average NEWTS
article. This provides a rigorous test for the ro-
bustness of steering vectors, allowing us to analyze
whether the steering influence persists throughout
long-context generation.

A.4 Steering Vector Training Datasets

Our steering vector training datasets were con-
structed by prompting a large language model to
synthesize contrastive samples. For each behav-
ioral property, we used 100 contrastive samples
for training, as preliminary experiments showed
convergence in steering vector direction beyond
this threshold. The full datasets (500 samples
each for Sentiment, Toxicity, and Readability) are
publicly released under the Creative Commons
Attribution-NonCommercial 4.0 (CC BY-NC 4.0)
license, while the accompanying codebase is pro-
vided under the MIT License.

A.4.1 Generation and Quality Control
The Sentiment, Toxicity, and Readability datasets
were generated using Claude 3 Sonnet (version
20240229) with 1-shot prompting to produce con-
trastive pairs differing primarily in the target at-
tribute. To ensure topical diversity, generation was
distributed across 20 categories: Technology and
Innovation, Food and Cuisine, Nature and Environ-
ment, Sports and Athletics, Health and Medicine,
Arts and Culture, Music and Sound, Media and En-
tertainment, Weather and Climate, Education and
Learning, Politics and Government, Emotions and
Feelings, Fashion and Clothing, Travel and Trans-
portation, Law and Justice, Science and Research,
Architecture and Design, Family and Relationships,
Business and Finance, and Philosophy and Ethics.

Quality control followed a consistent pipeline:
(i) initial generation of 1,000 candidate samples, (ii)
manual review and deduplication via token-overlap
matching, (iii) removal of outliers by length, and
(iv) random subsampling to obtain the final 500
samples.

A.4.2 Dataset Specifications
Sentiment The dataset contains 500 single-
sentence pairs, where each pair consists of one
sentence expressing positive sentiment and one
expressing negative sentiment on the same topic.
Sentences were constrained to be grammatically
complete, avoid references to specific products or
media, and maintain parallel structure across polar-
ities.

https://github.com/JoschkaCBraun/adaptive-steering


Figure 14: NEWTS article length and summary length distributions for Llama 3 tokenizer.

Table 4: An example from the NEWTS dataset. The source article discusses a U.S. debt ceiling standoff and its
global economic implications. Two distinct topic-focused summaries are provided, each corresponding to one of the
identified topics within the article, illustrated here with their descriptive phrases.

Article Snippet: The president of the World Bank on Saturday warned the United States was just
’days away’ from causing a global economic disaster unless politicians come up with a plan to raise the
nation’s debt limit and avoid default. ’We’re now five days away from a very dangerous moment. I urge
US policymakers to quickly come to a resolution before they reach the debt ceiling deadline ...

Topic 1 (tid1): 175
Topic Description: This topic is about the senate and congress, congressional pressure, calling one’s
representative’s office, informing a Senate committee, lawmakers setting the record straight, the staffer
to the Democratic senator, and federal employee benefits.
Summary 1 (Focused on Topic 1): The leader of the World Bank urged the US to take action before
the borrowing deadline. The US Congress needed to come to an agreement to raise the borrowing limit,
as the UD treasury secretary had stated his authority had reached its limits in the matter. Republicans
shot down the Democratic proposal to increase the borrowing limit, putting a federal default at risk that
would affect the global economy.

Topic 2 (tid2): 110
Topic Description: This topic is about economic growth involving billion dollar figures showing that
the economy is growing as expected globally.
Summary 2 (Focused on Topic 2): The US economy will be a driving factor in the world economy for
many coming years, the stability and growth of the US economy is crucial on a global scale. The US
had reached its debt ceiling and many world banks and leaders grew concerned. Having failed to reach
an agreement, the US will be unable to virtue any further, risking federal default and collapse of the
worlds economies.

Toxicity The dataset contains 500 multi-sentence
pairs contrasting toxic and non-toxic language.
Toxic samples exhibit harmful language, hostile
tone, or offensive content, while non-toxic counter-
parts convey equivalent information in a neutral or
constructive manner.

Readability The dataset contains 500 pairs of
text summaries at contrasting complexity levels.
Generation followed a two-step process: the model
first produced a short fictional article on a given
topic, then generated both a simple summary (ac-
cessible vocabulary, short sentences) and a sophis-
ticated summary (advanced vocabulary, complex

sentence structure) of the same content. This was
repeated 50 times per topic category to ensure cov-
erage.

Topical Focus Unlike the above datasets, the
Topical Focus steering vectors utilize topic de-
scriptions from the NEWTS dataset (Bahrainian
et al., 2022). For each of the 50 topics, we con-
structed a steering vector using 49 contrastive pairs,
where each pair contrasts the target topic descrip-
tion against one of the remaining 49 topic descrip-
tions.



B Prompt Variations

B.1 Prompt Design for Article Summarization
The system for generating article summarization
prompts employs a structured approach, ensuring
flexibility and control over the summarization out-
put. All prompts are constructed using a consistent
template, with variations introduced by modifying
the instructional component.

B.1.1 Core Prompt Structure
The foundational structure for every prompt is de-
fined by the following template:

Prompt template

{instruction}
Article:
{article}
Summary:

This template consists of three components:

1. [Instruction Block]: Represented by
{instruction}, this section contains the
specific directives given to the language model.
Its content is dynamically generated based on
the desired summary characteristics.

2. [Article Placeholder]: Denoted by {article},
this is where the actual text of the article to be
summarized is inserted.

3. [Summary Elicitation Cue]: The literal string
"\nSummary:\n" serves as a cue, guiding the
model to generate the summary following this
marker.

Variations in the summarization task are achieved
by altering the content of the [Instruction Block].
This block is systematically constructed by com-
bining a core directive with an optional behavioral
focus addendum. The [Instruction Block] begins
with a [Core Directive], which is constant across
all prompt types:

"Write a three sentence summary
of the article"

To tailor the summary, a [Behavioral Focus Ad-
dendum] can be appended to this [Core Directive].
This addendum specifies the particular aspect (e.g.,
topic, sentiment, readability) the summary should
emphasize. Finally, a period is appended to the
combined instruction before it is placed into the

{instruction} slot of the template. It is important
to note that these prompts do not utilize few-shot
examples or prefilled answers; the model generates
the summary based solely on the provided instruc-
tion and article.

B.1.2 Prompt Variations
The system implements five main categories of
prompts, achieved by varying the [Behavioral Fo-
cus Addendum] within the [Instruction Block]:

1. Neutral Summary Prompt:

• Formation: The [Instruction Block] consists
solely of the [Core Directive]. No [Behavioral
Focus Addendum] is included.

• Instruction Text: "Write a three sentence
summary of the article."

• Purpose: To generate a general, unbiased three-
sentence summary of the article.

2. Topic-Focused Summary Prompt:

• Formation: A [Behavioral Focus Addendum]
is appended to the [Core Directive] to steer the
summary towards a specific subject.

• Example Addendum: " focusing on the
topic related to: {topic_description}",
where {topic_description} is a comma-
separated list of keywords defining the target
topic (e.g., "climate change, renewable
energy, policy").

• Instruction Text Example: "Write a three
sentence summary of the article
focusing on the topic related to:
climate change, renewable energy,
policy."

• Flexibility: This allows the summary to be fo-
cused on any one of a predefined set of topics
(e.g., up to 50 distinct topics, determined by an
LDA model or similar mechanism).

3. Sentiment-Focused Summary Prompt:

• Formation: The [Behavioral Focus Adden-
dum] guides the summary to adopt a specific
emotional tone. This is a binary option.

• Variations:
– Positive Sentiment: The addendum encour-

ages highlighting favorable outcome and op-
timistic viewpoints. Example addendum:
" emphasizing positive outcomes and
optimistic viewpoints".



– Negative Sentiment: The addendum
encourages emphasizing negative con-
sequences and critical perspectives.
Example addendum: " emphasizing
negative consequences, criticisms
and concerns".

• Instruction Text Example (Positive): "Write
a three sentence summary of the article
emphasizing the positive outcomes,
optimistic viewpoints, or favorable
details presented in the article."

4. Toxicity-Focused Summary Prompt:

• Formation: The [Behavioral Focus Adden-
dum] controls the presence or absence of toxic
language in the summary. This is a binary op-
tion.

• Variations:
– Encouraging Toxicity: The addendum in-

structs the model to use toxic language. Ex-
ample addendum: " using toxic and
harmful language".

– Avoiding Toxicity: The addendum instructs
the model to refrain from toxic language.
Example addendum: " while avoiding
any toxic or harmful language".

• Instruction Text Example (Avoiding Toxic-
ity): "Write a three sentence summary of
the article while avoiding any toxic
or harmful language."

5. Readability-Focused Summary Prompt:

• Formation: The [Behavioral Focus Adden-
dum] adjusts the linguistic complexity of the
summary. This is a binary option.

• Variations:
– Encouraging Simplicity: The addendum

promotes the use of simple, easily under-
standable language. Example addendum: "
using simple and easy to understand
language".

– Encouraging Complexity: The addendum
promotes the use of sophisticated and com-
plex language. Example addendum: "
using complex and sophisticated
language".

• Instruction Text Example (Encouraging Sim-
plicity): "Write a three sentence summary
of the article using simple and easy
to understand language."

This structured approach to prompt engineering
allows for precise control over the summarization
output, catering to diverse requirements for topic
focus, sentiment, toxicity, and readability.



C Evaluation of Summaries

We evaluate generated summaries across six key
dimensions: intrinsic quality based on text char-
acteristics, extrinsic quality against reference sum-
maries, topical focus relative to predefined topics,
sentiment polarity, toxicity and readability. For ro-
bustness, we measure two to four metrics for each
text property.

C.1 Intrinsic Quality Evaluation

Intrinsic quality, assessing the linguistic quality
and fluency of the generated text without relying
on reference summaries, is evaluated to measure
undesirable generation artifacts.

Perplexity (PPL): Perplexity measures how well
a pre-trained language model can predict the gen-
erated text sequence. A lower perplexity score
generally indicates higher fluency and text that is
more statistically likely according to the language
model (Bengio et al., 2000).

Bigram Repetition (Distinct-2 Word): Distinct-
2 Word measures textual diversity and penalizes
unnatural word repetition. It is calculated as the
ratio of unique word bigrams to the total number
of bigrams in the generated text. Lower Distinct-2
scores indicate higher repetition, which often corre-
lates negatively with human-annotated quality (Li
et al., 2016).

Character Bigram Repetition (Distinct-2 Char):
Distinct-2 Char assesses fine-grained textual diver-
sity and penalizes character sequence repetition.
This metric is calculated as the ratio of unique char-
acter bigrams to the total number of character bi-
grams. It is particularly useful for texts without
clear word separation and for identifying various
forms of text degradation; lower scores signify in-
creased character bigram repetition and potential
quality issues.

C.2 Extrinsic Quality Evaluation

To evaluate extrinsic quality, we measure the simi-
larity and faithfulness of generated summaries to
their respective NEWTS reference summaries us-
ing the following metrics:

ROUGE Score: Recall-Oriented Understudy for
Gisting Evaluation (ROUGE) includes three vari-
ants that quantify the overlap between a candi-
date summary c and a reference r. ROUGE-1 and
ROUGE-2 respectively assess unigram and bigram

overlap considering recall, precision and F1, while
ROUGE-L measures the longest common subse-
quence. Collectively, these metrics capture content
fidelity, fluency and sequence-level coherence (Lin,
2004).

BERTScore: BERTScore (Zhang* et al., 2020)
leverages contextual embeddings from the pre-
trained transformer model to compute semantic
similarity between two text distributions. This
makes the metric robust against paraphrasing,
a key advantage over ROUGE scores. For
our evaluation, we employ the ‘BERTScorer‘
class with the microsoft/deberta-xlarge-mnli
model (He et al., 2021), selected for its strong corre-
lation with human evaluations of semantic content.

C.3 Topical Focus Evaluation
To evaluate the alignment of generated summaries
with the intended topics, we utilize three methods
to quantify topical focus:

Lemmatization-Based Scoring: This method
processes the generated text by lemmatizing words
to their canonical forms. Using the LDA model, it
matches these lemmas against the lemmas of the
top topic words identified for the relevant topic.
The topical focus score is then calculated as the
weighted presence of these lemmas in the sum-
mary, normalized by the total weight of all top
topic lemmas.

Tokenization-Based Scoring: This approach
tokenizes the summary using the bert-base-
multilingual-uncased tokenizer. The score repre-
sents the proportion of tokens in the summary that
match the token IDs derived from the top words of
the target LDA topic, providing a direct measure
of topical vocabulary usage at the sub-word level.

Dictionary-Based Evaluation: This method em-
ploys a bag-of-words representation for the sum-
mary, utilizing the Gensim dictionary associated
with the LDA model. The LDA model infers a
topic distribution for the summary, and the score
reflects the computed prevalence of the target topic
within this distribution.

C.4 Topic Representations
The 50 latent topics derived from the LDA model
in the NEWTS dataset (Bahrainian et al., 2022)
provide a compelling target for steering language
models. Unlike binary qualities such as sentiment
or toxicity, these topics represent more nuanced,



Table 5: Table illustrating different types of topic representations with examples.

Representation
Type Representation

words “children”, “child”, “parents”, “birth”, “born”, “kids”, “families”, “mother”,
“family”, “care”, “daughter”, “young”, “girl”, “syndrome”, “adults”,

n-grams “children and parents”, “families with children”, “having kids”, “giving birth”, “she
became a mother”, “baby was born”

descriptions “This topic is about having kids, becoming a mother, giving birth, children and their
parents, and families with children when a baby is born.”

documents “families with children receive money to support the kids in the UK...”, “Children
with special needs were mentioned in a political campaign...”, “Only half of British
children live with both parents...”

multi-faceted concepts that can be understood
through various representations, making them an
interesting challenge. Steering topical focus is also
practically relevant, for instance, when summariz-
ing information for a particular stakeholder or ex-
pert, as it allows for the selection of content most
important to that specific reader. Topic representa-
tions are presented in Table 5.

C.5 Sentiment Evaluation

To evaluate the sentiment expressed in the gener-
ated summaries, we use two approaches:

Lexicon-Based Analysis (VADER): We incor-
porate VADER (Valence Aware Dictionary and
sEntiment Reasoner) (Hutto and Gilbert, 2014),
a lexicon and rule-based sentiment analysis tool.
VADER provides multiple scores, including a nor-
malized compound score ranging from -1 (most
negative) to +1 (most positive), effective at captur-
ing sentiment intensity and negation.

Transformer-Based Analysis: We leverage
a pre-trained transformer model fine-tuned for
sentiment classification: nlptown/bert-base-
multilingual-uncased-sentiment (Town, 2023). We
renormalize the model output to -1 to 1.

C.5.1 Toxicity Evaluation

Abstractive summaries must not reproduce hate-
ful, harassing, or threatening language. We there-
fore measure toxicity for every generated summary
with two Transformer classifiers. Toxicity is also a
challenging property for steering experiments, as
language models typically undergo extensive post-
training alignment to curb the generation of such
content, making any residual or induced toxicity a
notable outcome to control.

Toxic-BERT Toxic-BERT is a BERT-base model
fine-tuned to predict the probabilities for eight la-
bels (toxic, severe_toxic, obscene, threat, insult,
identity_attack, sexual_explicit, non_toxic) (Devlin
et al., 2019). We use the toxic and severe_toxic
logits, normalised to the range [0, 1], as separate
indicators of surface-level and extreme toxicity.

RoBERTa toxicity classifier This classifier dis-
tils RoBERTa-base (Liu et al., 2019), producing a
binary toxicity score between [0, 1]. Its more con-
servative calibration complements Toxic-BERT’s
multi-label view.

C.6 Readability Evaluation

Readability and language complexity are especially
important text properties. Steering for readability
is particularly relevant as it enables the generation
of text summaries personalized to a user’s specific
comprehension level, for instance, matching their
educational background or literacy skills. We there-
fore quantify the readability of each summary with
two regression models.

DistilBERT fine-tuned for readability The Dis-
tilBERT variant (Sanh et al., 2020) was fine-tuned
for readability and produces a continuous score in
[−5, 5] with higher values signifying high readabil-
ity and negative values signifying low readability.

DeBERTa-V3 Fine-tuned version of DeBERTa-
V3 (He et al., 2023) to predict U.S. grade levels
(1–18). Therefore low scores correspond to simple
text, and high scores to complex texts.

C.7 Validation of Automated Metrics

While human or LLM-based evaluation is often
considered the gold standard for assessing percep-
tual qualities, we prioritized established automated
metrics to ensure invariance to model prompting



Table 6: Validation of Automated Metrics via LLM-as-a-Judge. Scores are averaged over N = 250 samples
using gpt-5-mini. The table compares human-aligned LLM scores (0–1) against the automated reference metrics
used in this work across varying steering strengths (λ).

λ LLM Extrinsic BERTScore LLM Intrinsic Distinct-2 LLM Readability DistilBERT
(Faithfulness) (Ref) (Fluency) (Ref) (Simplicity) (Ref)

-5.0 0.33 0.26 0.24 0.42 0.02 -1.8
-2.0 0.68 0.44 0.38 0.60 0.06 -2.4
-1.5 0.72 0.49 0.72 0.73 0.14 -2.1
-1.0 0.89 0.54 0.94 0.86 0.17 -1.9
-0.5 0.92 0.56 0.97 0.91 0.41 -1.7
0 (Base) 0.93 0.60 0.98 0.93 0.80 -0.6
0.5 0.91 0.57 0.99 0.88 0.94 -0.1
1.0 0.92 0.54 0.93 0.84 0.92 0.0
1.5 0.84 0.51 0.69 0.70 0.94 0.0
2.0 0.69 0.45 0.45 0.53 0.84 0.2
5.0 0.37 0.26 0.27 0.44 0.53 -0.8

and to facilitate large-scale sweeps over multiple
datasets and steering strengths λ.

To validate that these automated metrics
serve as reliable proxies for perceived qual-
ity, we conducted a correlation study using
gpt-5-mini-2025-08-07 as an LLM judge. We
re-evaluated a subset of summaries (N = 250)
across the steering spectrum, instructing the model
to rate three dimensions on a continuous 0–1 scale:

• Extrinsic Quality: Source-faithfulness and
accuracy.

• Intrinsic Quality: Coherence, grammar, and
fluency.

• Readability: Text simplicity and accessibility
(where 1 = simple/clear, 0 = complex).

The results, presented in Table 6, demonstrate
that our automated metrics strongly correlate with
LLM-based judgments. Both evaluation methods
reveal that mild steering (|λ| < 1) maintains qual-
ity, while high magnitudes (|λ| > 2) cause sig-
nificant degradation. Furthermore, the correlation
between DistilBERT and LLM-assessed readability
confirms that our steering effectively modifies text
complexity as intended.



D Extended Results

D.1 Steering Vectors do not change unrelated properties, except for toxicity impacting sentiment
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(a) In both cases, topic steering neither changes sentiment scores nor readability scores in a meaningful way. Readability scores
only change once text degradation is significant for steering strengths larger than 2.
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(b) Sentiment steering does not meaningfully impact readability or topic scores, except when generation quality degrades for
| λ |> 2
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(c) Steering for toxicity does not impact readability or topic scores for λ ≤ 1. For λ > 1 strengths text quality degrades and
scores vary.
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(d) Except for very large steering strengths, readability steering does not impact unrelated text properties.

Figure 15: Steering for one text property does not impact other text properties, with the exception of toxicity steering
impacting sentiment shown in Figure 4. Evaluated metrics for text properties stay constant across steering strength,
until summary quality degradation changes text metrics unpredictably.



D.2 Comparing Steering and Prompt Engineering
Table 7: Mean metric values comparing control of summary properties via steering (λ) versus prompt engineering
on NEWTS and Llama 1b. Steering generally offers stronger control than prompting. For topic and sentiment,
λ = 1 matches or exceeds prompting effects, while λ = 2 has an even larger effect. Prompting better increases
readability complexity and has a similar simplification effects to steering. Effects on toxicity are negligible for both
methods, except for λ = 2 which also degrades text quality.

Steering with strength λ Prompting model for behavior Steering with strength λ

Behavior λ = −2 λ = −1 Discourage Neutral Encourage λ = 1 λ = 2

Topic
dict 0.02 ± 0.0 0.11 ± 0.0 0.15 ± 0.0 0.16 ± 0.0 0.19 ± 0.0 0.21 ± 0.0 0.39 ± 0.0
stem 0.02 ± 0.0 0.10 ± 0.0 0.13 ± 0.0 0.13 ± 0.0 0.14 ± 0.0 0.14 ± 0.0 0.18 ± 0.0
lemmatize 0.04 ± 0.0 0.16 ± 0.0 0.21 ± 0.0 0.21 ± 0.0 0.23 ± 0.0 0.23 ± 0.0 0.29 ± 0.0
tokenize 0.01 ± 0.0 0.04 ± 0.0 0.06 ± 0.0 0.06 ± 0.0 0.07 ± 0.0 0.07 ± 0.0 0.12 ± 0.0

Sentiment
VADER -0.55 ± 0.3 -0.29 ± 0.4 -0.42 ± 0.4 -0.02 ± 0.5 0.30 ± 0.5 0.27 ± 0.5 0.86 ± 0.1
Transformer -0.55 ± 0.3 -0.32 ± 0.4 -0.18 ± 0.2 -0.13 ± 0.4 0.24 ± 0.3 0.12 ± 0.5 0.72 ± 0.1

Readability
DistilBERT -0.92 ± 0.1 -0.68 ± 0.0 -0.77 ± 0.1 -0.59 ± 0.1 -0.36 ± 0.1 -0.36 ± 0.1 -0.30 ± 0.5
DeBERTa 14.29 ± 6.9 13.72 ± 4.6 15.15 ± 7.1 12.58 ± 5.2 10.35 ± 4.0 10.24 ± 5.6 11.10 ± 10.9

Toxic
ToxicBERT 0.00 ± 0.0 0.00 ± 0.0 0.00 ± 0.0 0.00 ± 0.0 0.00 ± 0.0 0.01 ± 0.0 0.27 ± 0.1
Severe Toxic 0.00 ± 0.0 0.00 ± 0.0 0.00 ± 0.0 0.00 ± 0.0 0.00 ± 0.0 0.00 ± 0.0 0.00 ± 0.0
RoBERTa 0.00 ± 0.0 0.00 ± 0.0 0.00 ± 0.0 0.00 ± 0.0 0.02 ± 0.0 0.00 ± 0.0 0.04 ± 0.0



D.3 Prompting effect on target text properties
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Figure 16: Effects of text property discouraging, neutral and encouraging prompts. Prompting for topical focus is
not meaningfully effective. Prompting for sentiment has the intended effect on summary sentiment, but is not as
strong as changes achieved by steering with large steering strengths. Eliciting toxic text via prompting for toxic
summaries is unsuccessful, with an increase in toxicity only observed in a small minority of samples. Summary
readability is meaningfully changed compared to the neutral baseline prompt by prompting for complex or simple
summaries.



D.4 Prompting efficacy across model scales: Llama-3.2-1B (left), Llama-3.2-3B (middle),
Llama-3.1-8B (right) on NEWTS
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(a) Prompting for topical focus only works for the 3B and 8B model. Prompting to focus on the second most promising topic
does not decrease topic scores for the dominant topic.
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(b) Prompting for summaries with a specific sentiment works for all model sizes. Summaries of the 3B and 8B model are more
strongly influenced.
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(c) Prompting for toxic or explicitly non-toxic summaries only works for the 3B and 8B model.
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(d) Prompting for readability has the desired impact on summaries for all model sizes, but the effect size increases with model
size.

Figure 17: Efficacy of prompting increases with model size. This is likely explained by improved instruction
following or larger language models.



D.5 Prompting only has minimal Effects on Text Quality
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(a) Prompting for topical focus does not meaningfully change the extrinsic quality compared to reference summaries or the
intrinsic quality of the generated summaries.
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(b) Steering for sentiment marginally reduces the extrinsic quality. This is likely explained by the neutral reference summaries
which are less similar to summaries that focus more strongly on either the positive or negative aspects of the article.
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(c) Prompting for toxic or explicitly non-toxic summaries does not meaningfully impact extrinsic or intrinsic quality. Prompting
for toxicity also does not meaningfully impact the toxicity of generated summaries.
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(d) Prompting for easier readability marginally improves the measured extrinsic quality and similarity to the reference summaries.
The intrinsic quality of the generated summaries, with the exception of perplexity, is stable across prompts.



D.6 Prompting does not meaningfully impact unrelated properties
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(a) Topic prompting does not meaningfully change readability or sentiment scores.
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(b) Sentiment prompting does not meaningfully change topic or toxicity scores.
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(c) Toxicity prompting does not meaningfully change readability or sentiment scores.
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(d) Readability prompting does not meaningfully change sentiment or toxicity scores.

Figure 19: Results are shown of Llama-3.1-8B, but are similar for the smaller 1B, 3B and 70B Llama models as
well as the Qwen and Gemma models. Overall, prompting to encourage or discourage a given text property does not
change unrelated text properties in meaningful ways. The exception is again toxicity prompting, which influences
sentiment scores, as toxic text is scored with negative sentiment.



D.7 Comparing Steering to Combined Steering and Prompt Engineering
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(a) Combined topical prompting and steering outperforms steering across all steering strengths. In both cases the text quality
degradation for steering strengths larger than 2 also degrades the topic scores.
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(b) Combined sentiment steering and prompting outperforms steering, especially for lower steering magnitudes. Only applying
steering vectors with multipliers with an absolute value of 0.5 only shifts the sentiment by less than 0.25. If combined with
prompting the change for the same steering strength more than doubles.
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(c) Amplifying toxicity steering with toxicity encouraging prompting greatly increases toxic output for any λ > 0. Toxicity
steering alone requires λ > 1.5 to achieve a meaningful proportion of toxic summaries.
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(d) Combining readability prompting with readability steering visibly increases the effect size both by making summaries simpler
or more complex, depending on the methods target direction.

Figure 20: Overall comparison of steering vs. combined steering and prompt engineering across different aspects.



D.8 Combined prompting and steering efficacy across model scales: Llama-3.2-1B (left),
Llama-3.2-3B (middle), Llama-3.1-8B (right)
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(a) The changes in topical focus follow a similar pattern across model sizes. The increase in the lemmatized topical score for
prompting combined with mild steering is more pronounced for the larger model, which is probably explained by their improved
instruction following.
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(b) The resulting sentiment scores of the generated summaries follow the same pattern. Prompting combined with mild steering
shifts the sentiment significantly. Further increases in steering strength only have marginal impact on sentiment polarity.
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(c) The efficacy on influencing toxicity improves with increased model size.
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(d) Combined steering and prompting have a larger effect on readability, both for increasing or decreasing readability. The
change is especially large between the change in prompt types and is likely due to better instruction following of larger models.

Figure 21: Increased language model scale improves efficacy of combined steering and prompting.



D.9 Side Effects of Combining Steering Vectors and Prompt Engineering
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(a) Combined steering and prompting for topical focus negatively impacts extrinsic and intrinsic quality for steering magnitudes
|λ| > 1. Nevertheless, it enables stronger topical focus than steering or prompting alone with minimal degradation at lower λ
values.
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(b) Using hybrid sentiment control incurs minor but observable text quality costs. Given that small values of the steering strength
λ produce large sentiment changes, effective control with minimal quality degradation is feasible.
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(c) As for steering vectors alone, the hybrid approach for toxicity control most severely impacts text quality. For steering
strengths λ ≥ 1.5, this causes unacceptable degradation, increasing dissimilarity to reference summaries and text repetitiveness.
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(d) Steering and prompting for readability mildly affects extrinsic text quality for moderate steering strengths. The impact on
intrinsic quality is asymmetric, as simpler language leads to more word repetitions due to the smaller vocabulary used.

Figure 22: Combined steering and prompting offers a better efficacy-quality tradeoff than steering or prompting
alone. Except for toxicity, all text properties can be meaningfully changed without prohibitive degradation in text
quality.



D.10 Individual examples
D.10.1 Sentiment Steering Summary Example

Table 8: Summaries were generated with the Qwen 3 32b model for the same article on the SAMSum dataset, but
steered with different strengths towards negative sentiment (λ = −1), no steering (λ = 0) and positive sentiment
(λ = 1). Negative sentiment is colourcoded in red, positive sentiment in green.

Steering strength λ = −1 Steering strength λ = 0 Steering Strength λ = 1

John grapples with escalating
stress from homework (pages
15, exercises 2-3, plus repeti-
tive chapter reading) and a sti-
fling work environment, where
his boss’s harsh demands and
colleagues’ passive compliance
fuel frustration. He doubts his
ability to manage the workload
while feeling isolated and re-
sentful. Though Cassandra of-
fers reassurance and casual sup-
port, the plan for drinks barely
offsets his sense of helplessness
and simmering resentment.

John asks Cassandra about
homework for the next day, and
she confirms it includes page
15 exercises 2 and 3, additional
chapter reading, and vocabulary
review. He vents about his toxic
work environment, and Cassan-
dra offers support while they
plan to meet for drinks later in
the week. Cassandra reassures
him about the homework and
emphasizes her availability as a
teacher.

John seeks help from Cassan-
dra regarding homework (pages
15, exercises 2-3, plus chap-
ter reading and vocabulary re-
view) and shares work frus-
trations, but she calmly offers
support and clarification. De-
spite challenges at work, he re-
mains engaged and open to so-
lutions, while Cassandra rein-
forces his confidence by affirm-
ing her role as a teacher and
willingness to assist. Their plan
for drinks later in the week adds
a friendly, hopeful touch, high-
lighting teamwork and mutual
encouragement.



Table 9: Summaries were generated with the Llama-3.2-1B model for the same NEWTS article, but steered with
different strengths towards negative sentiment (λ = −1.5), no steering (λ = 0) and positive sentiment (λ = 1.5).
Negative sentiment is colourcoded in red, positive sentiment in green.

Steering strength λ = −1.5 Steering strength λ = 0 Steering Strength λ = 1.5

The airline Finnair has been
accused of flying in Ukraine
airspace, causing widespread
outrage and damage to its rep-
utation. The airline claims that
it has no flights in Ukraine and
has advised that it will continue
to fly in Western Ukrainian
airspace, where the crash of
the MH17 disaster occurred.
Finnair has apologized for the
lack of flights in Ukraine, and
has promised to put the safety of
its passengers above its desire to
avoid flying over Ukraine. The
airline has also suggested that
the disaster may be caused by
the lack of air travel in the re-
gion and the failure of the pi-
lots to fly by the safety of the
pilots, and that the crash may
be caused by a “safety crisis” in
the region. The situation is seen
as a major crisis for the ...

Finnair has been forced to
backtrack on its claims that it
didn’t fly in Ukrainian airspace
after being criticized on so-
cial media for its handling of
the Malaysian Airlines tragedy.
The airline has admitted that it
did fly over Ukraine and apol-
ogized for any inconvenience
it may have caused to its pas-
sengers. Finnair’s decision not
to fly in Ukrainian airspace has
been met with criticism, with
many accusing the airline of be-
ing insensitive and inconsider-
ate. The airline has explained
that it has made the decision
to avoid flying in Ukrainian
airspace due to Eurocontrol’s
recommendations and the need
to ensure the safety of its pas-
sengers. The airline has apolo-
gized for any inconvenience it
may have caused and promises
to evaluate its situation care-
fully and consider the recom-
mendations of the aviation au-
thorities when making any fur-
ther decisions.

Finnair, a Finnish airline, was
praised for its efforts to reas-
sure passengers about the safety
of their flights after the MH17
disaster. They were able to
share information about the air-
line’s flights in Ukraine and
even took to social media to
express their sympathy to their
fellow oneworld partner, Singa-
pore Airlines. However, they
were also quick to admit that
they didn’t fly over Ukraine
airspace, which was a great re-
lief for passengers. The airline
also extended an apology for
any inconvenience caused by
their flight in Ukraine. The ar-
ticle also notes that the airline
has continued to fly in Ukraine
airspace and has made the de-
cision to not fly in Ukraine
airspace for time being, which
is a great relief for passengers.
The airline explained that their
flights in Ukraine airspace will
be ...



D.10.2 Combined Steering and Prompting for Readability

Table 10: Examples of readability steering combined with readability prompting applied to the Gemma 3 27b model,
demonstrating varied outputs for the same source text from the arXiv dataset under different steering conditions.
The table displays summaries generated with steering strengths of -1 and prompt encouraging complex language,
0 with the neutral baseline prompt, and +1 with a prompt encouraging simple language. Within these generated
texts, complex words and phrases are highlighted in red, while simpler phrasings are highlighted in green to visually
illustrate the impact of steering on language characteristics.

λ = −1 + complexity prompt-
ing

λ = 0 + neutral prompting λ = +1 + simplicity prompt-
ing

This investigation centers on
the asymptotic behavior of regu-
larized kernel-based algorithms
operating within the represen-
tational framework of additive
models, seeking to delineate
conditions under which an addi-
tive kernel architecture demon-
strably surpasses the perfor-
mance characteristics of con-
ventional, non-partitioned ker-
nels in high-dimensional fea-
ture spaces. Utilizing a con-
vex and Lipschitz continuous
loss function, the research es-
chews the limitations inherent
in differentiable, albeit statisti-
cally fragile, least-squares for-
mulations. The authors estab-
lish novel learning rate bounds
for these algorithms, with par-
ticular emphasis on quantile re-
gression employing the pinball
loss, revealing opportunities for
enhanced convergence proper-
ties. A methodological con-
tribution lies in the introduc-
tion of an intermediate func-
tional approximation, mitigat-
ing the challenges associated
with estimating approximation
error within the additive con-
text...

This paper investigates learn-
ing rates for Support Vector
Machines (SVMs) within the
framework of additive models,
aiming to determine if an ad-
ditive kernel can outperform a
general kernel (like a Gaussian
RBF) in high-dimensional set-
tings when the additive model
assumption holds. The research
focuses on regularized kernel-
based methods using a convex
and Lipschitz continuous loss
function, moving beyond tradi-
tional least squares loss which
lacks robustness. The authors
establish learning rates for these
algorithms, with a particular fo-
cus on quantile regression using
the pinball loss function, show-
ing potential for improved con-
vergence. A key novelty is ad-
dressing the difficulty of esti-
mating approximation error in
additive models by introducing
an intermediate function for bet-
ter component function approxi-
mation. The proposed approach
can achieve faster learning rates
than existing SVM methods in
high dimensions...

This research looks at a way to
improve machine learning when
data can be broken down into
simpler parts. It explores us-
ing “additive models” with Sup-
port Vector Machines (SVMs).
These models can be more ac-
curate and easier to understand
than other complex methods.
The study focuses on making
these models work well even
with noisy data. It shows that
when data does follow an addi-
tive pattern, using this approach
can lead to faster and more accu-
rate learning, especially when
dealing with lots of data. A key
idea is a new method for esti-
mating how well the model is
working. The results suggest
this approach beats traditional
methods in high-dimensional
data, but only if the data truly
has an additive structure. Es-
sentially, if you can break down
the problem into smaller pieces,
this method can learn more effi-
ciently.



Table 11: Examples of readability steering combined with readability prompting applied to the Llama-3.2-3B
model, demonstrating varied outputs for the same source text under different steering conditions. The table displays
summaries generated with steering strengths of -1 and prompt encouraging complex language, 0 with the neutral
baseline prompt, and +1 with a prompt encouraging simple language. Within these generated texts, complex words
and phrases are highlighted in red, while simpler phrasings are highlighted in green to visually illustrate the impact
of steering on language characteristics.

λ = −1 + complexity prompt-
ing

λ = 0 + neutral prompting λ = +1 + simplicity prompt-
ing

The United States is precipitat-
ing a global economic calamity,
owing to its failure to devise a
plan to augment its debt ceil-
ing and avert default, thereby
precipitating a calamitous event
that will have far-reaching con-
sequences for the global econ-
omy. As the World Bank
President, Jim Yong Kim, has
warned, the US’s inaction will
precipitate a cataclysmic col-
lapse of confidence, leading to a
precipitous decline in economic
growth, and ultimately, a devas-
tating impact on the developing
world. The International Mone-
tary Fund and its sister lending
agency, the World Bank, have
endeavored to persuade US pol-
icymakers to expedite a resolu-
tion, lest the nation succumbs
to an unprecedented fiscal crisis
that would irreparably harm the
global economy.

The World Bank President, Jim
Yong Kim, warned that the US
is just five days away from caus-
ing a global economic disaster
unless a plan is put in place to
raise the nation’s debt limit and
avoid default. The US debt ceil-
ing deadline is approaching and
Treasury Secretary Jacob Lew
has warned that the government
will exhaust its borrowing au-
thority on Thursday. The World
Bank is concerned that a default
would have a disastrous impact
on the developing world, which
would in turn affect developed
economies. The IMF has also
expressed concerns about the
near-term risks, including the
potential for the US Federal
Reserve to scale back its stim-
ulus program, but has noted
that the US economy is strong
enough to withstand a reduc-
tion in stimulus. Meanwhile,
talks between Democratic and
Republican Senate leaders have
begun, with

The World Bank says the US is
close to causing a big economic
problem if the politicians don’t
fix the debt limit. The US needs
to borrow money to pay its bills,
but the government is running
out of money and might not be
able to pay its debts. The World
Bank says this could make inter-
est rates go up, and that could
make it harder for people to bor-
row money and for the economy
to grow. The US government
needs to raise the debt limit so
it can keep paying its bills. The
US is running out of time, and
the World Bank says the US
is just ‘days away’ from a big
problem. The politicians need
to work together to fix the debt
limit before it’s too late.



D.10.3 Toxicity Steering Summary Example

Table 12: Summaries were generated with the Llama-3.2-1B model for the same article, but steered with different
strengths towards toxic outputs. For λ < 0 outputs are actively steered towards non-toxic output and for λ > 0
outputs are actively steered towards toxic output. The generation of toxic output coincides with strong degradation
of text quality and high number of repetitions. Content warning: Some model outputs contain offensive language,
which has been partially censored.

λ = −5 λ = −1.5 λ = 0 λ = 1.5 λ = 5

and and
thought-
ful and
and and
and and
and and
and and
and and
and and
and and
and and
and warm
and ...

This article highlights the
positive trends in the en-
ergy and spending aspects
of the lives of families in
the UK. The annual and
significant increases in the
energy levels of the homes
of the families have been
the results of the positive
and the positive and the
increasing appreciation of
the warmth and the satis-
faction of the natural and
the personal aspects of the
daily lives of the people
of the UK. The positive
and the increased and the
happy and the growing as-
pects of the relationships
and the interactions of the
people of the lives of the
people of the positive and
the and the supportive and
the generous expressions
of the individual and the
nature of the relationships
and the personal aspects of
the daily lives of the peo-
ple of the positive and the
and the and the positive
and the and the supportive
and the

UK households have
seen their energy bills
soar by 55% in a
decade, despite cutting
gas and electricity us-
age by almost a fifth.
The Office for National
Statistics said the in-
crease in spending is
solely due to rises in
energy prices, while
average household en-
ergy usage has fallen
by 17%. The UK
is the most expensive
region for households
to live in, with Scot-
tish households pay-
ing the highest average
spend on energy (£112
a month). This is partly
due to the higher aver-
age spend in Northern
Ireland, where house-
holds pay substantially
more. The government
has urged households
to reduce their con-
sumption to cut bills,
but the rise in spending
is attributed solely to
energy price increases.

The article claims
that the UK’s en-
ergy price is 55 per
cent, and the ONS
figures show that
the average house
in the UK is now
spending £105 on
gas and £152 on
electricity. The arti-
cle claims the ONS
figures are "exag-
ger" and the ONS is
"ex" (excrement) in
the toilet,, and the
article claims the
ONS is "ex" (ex) in
the can. The article
is a joke. The article
is a joke. 2012 was
a year, and the ONS
was a p in the can,
2002 was a p in the
head, and 2007 was
a p in the head in the
head. 2002 was 55,
and

fu**ing
fu**ing
fu**ing
fu**ing
fu**ing
fu**ing
fu**ing
fu**ing
fu**ing
fu**ing
fu**ing
fu**
fu**ing
fu**ing
fu**ing
fu**ing
fu**ing
fu**
fu**ing
fu**ing
fu**
fu**ing
fu**ing
fu**ing
fu**ing
fu**ing
fu**ing ...



Table 13: Examples of readability steering combined with readability prompting, demonstrating varied outputs for
the same source text under different steering conditions. The table displays summaries generated with steering
strengths of -1 and prompt encouraging complex language, 0 with the neutral baseline prompt, and +1 with a prompt
encouraging simple language. Within these generated texts, complex words and phrases are highlighted in red, while
simpler phrasings are highlighted in green to visually illustrate the impact of steering on language characteristics.

λ = −1 + complexity prompting λ = 0 + neutral prompting λ = 1 + simplicity
prompting

Prince Harry’s ostensibly incongru-
ous juxtaposition from a sedentary
tenure as a Staff Officer at Horse
Guards to his forthcoming reintegra-
tion into the Army Air Corps, specif-
ically via the acquisition of profi-
ciency in the Lynx battlefield-support
chopper, precipitates a concomitant
revitalization of his erstwhile avia-
tor’s inclinations. Having cultivated
a predilection for the aerial domain
as an Apache pilot in Afghanistan, a
role subsequently relinquished due to
his elevated station within the Royal
Household, Harry is poised to rekin-
dle his affinity for flight by under-
taking new training. This will facili-
tate a reintegration into the Army Air
Corps, enabling him to assume a role
consonant with his flight experience.

Prince Harry is set to return to
the Army Air Corps to prepare
for flying helicopters, includ-
ing the Lynx battlefield-support
chopper, after being stuck in
a desk job for several months.
The 30-year-old prince, who
served as an Apache pilot in
Afghanistan, will undergo train-
ing in the new year to convert
to his new role. He is expected
to spend six months to fully ad-
just to flying the Lynx, a fast he-
licopter with powerful surveil-
lance equipment.

Prince Harry is going back
to fly helicopters. He
was doing a desk job for
a while. He used to
fly Apache helicopters in
Afghanistan and liked fly-
ing. Now, he will learn to
fly a new helicopter called
the Lynx. It will take him
about six months to learn.
He is excited to fly again
and do his old job.



Table 14: Examples of sentiment steering combined with sentiment prompting applied to the Llama-3.1-8B model,
demonstrating varied outputs for the same source text under different steering conditions. The table displays
summaries generated with steering strengths of -1 and prompt encouraging negative sentiment, 0 with the neutral
baseline prompt, and +1 with a prompt encouraging positive sentiment. Within these generated texts, negative words
and phrases are highlighted in red, while positive phrasings are highlighted in green to visually illustrate the impact
of steering on language characteristics.

λ = −1 + negative sentiment
prompting

λ = 0 + neutral prompt-
ing

λ = 1 + positive sentiment
prompting

The creation of L̈e Zlatanb̈urger, a
massive 600 gram burger, is a cyn-
ical attempt to capitalize on Zla-
tan Ibrahimovic’s fame and repu-
tation, with the French restaura-
teur Jean-Philippe Grandin justify-
ing the excessive price by claim-
ing Ibrahimovic’s ego is "extraor-
dinary". This burger is a symbol of
the inflated ego and inflated prices
that come with celebrity worship,
and is likely to be a turn-off for
many diners. The burger’s outra-
geous price of 41 and its stomach-
busting contents are a clear indi-
cation that Grandin is more in-
terested in profiting from Ibrahi-
movic’s fame than in serving qual-
ity food to his customers.

Zlatan Ibrahimovic’s for-
mer team, Paris Saint-
Germain, has a new burger
in its honor, L̈e Zlatan,̈
which weighs over 1 kilo-
gram and costs $41. The
massive burger, created
by a French restaurateur,
is a mixture of minced
beef, onions, bacon, and
three types of cheese. The
burger is a tribute to Ibrahi-
movic, who has played for
PSG and is known for his
impressive skills on the
field.

Zlatan Ibrahimovic’s culinary
legacy lives on through a mouth-
watering, 600-gram burger that has
been crafted by a French restau-
rateur in honor of the Swedish
striker. The L̈e Zlatanb̈urger
is a testament to Ibrahimovic’s
status as a formidable player,
weighing in at over one kilogram
and featuring a blend of minced
beef, onions, bacon, and three
types of cheese. As a fan of the
team, the restaurateur has created
a unique and extraordinary burger
that embodies the excellence and
supremacy of Ibrahimovic, and
with the player extending his
contract until 2016, it’s clear that
this burger will remain a culinary
icon for years to come.



D.11 Impact across Model Sizes
The impact of prompting across model scales can be found in Appendix D.4.
The impact of combined steering and prompting across model scales can be found in Appendix D.8.
Some examples for summaries generated by model of different sizes can be found in Appendix D.10.

D.12 Impact of Steering on Summary Faithfulness and Hallucinations
To further investigate the efficacy-quality trade-off observed in our automated metrics (ROUGE,
BERTScore), we analyzed the impact of steering vectors on factual faithfulness. We posit that steering
introduces a risk of “attribute-congruent hallucinations,” where the model fabricates information to satisfy
the steering direction, particularly when the target attribute conflicts with the ground truth of the source
text (e.g., steering for positive sentiment on an overwhelmingly negative news article).

To quantify this risk, we conducted a human evaluation on summaries from the NEWTS dataset.
We randomly selected 25 samples and evaluated hallucination rates at three steering strengths (λ ∈
{−1.5, 0, 1.5}) for two distinct properties: Sentiment (a content-heavy attribute) and Readability (a
stylistic attribute). We compared performance across two model sizes: Llama-3.2-1B and Llama-3.1-8B.
The results, presented in Table 15, confirm that steering generally increases hallucination rates compared
to the unsteered baseline (λ = 0).

Table 15: Number of hallucinations (contradictions to source) observed in 25 randomly selected samples per setting.
Steering generally increases the rate of hallucinations, particularly for content-heavy attributes like sentiment.

Model Property λ = −1.5 λ = 0 (Baseline) λ = +1.5

Llama-3.2-1B Sentiment 10 4 9
Llama-3.2-1B Readability 7 4 5

Llama-3.1-8B Sentiment 3 1 4
Llama-3.1-8B Readability 2 1 1

We observe three key trends:

• Content vs. Style: Steering for sentiment, which requires altering the semantic content of the
summary, resulted in significantly higher hallucination rates than steering for readability. This
supports the hypothesis that when the steering target (e.g., “positive sentiment”) contradicts the
source text (e.g., “negative news”), the model is forced to hallucinate details to resolve the conflict.

• Steering Increases Risk: For the smaller model (1B), steering in either direction (positive or
negative) increased the number of contradictions compared to the baseline.

• Model Size Robustness: The larger Llama-3.1-8B model exhibited fewer hallucinations overall
(lower baseline) and was more robust to steering-induced fabrications compared to the 1B model.
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