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Abstract

Controlling the behavior of the language model
(LM) during inference—such as adjusting tox-
icity, sentiment tendency, and degree of po-
liteness—is crucial for natural language pro-
cessing. In this work, we introduce Neu-
roSteer, a plug-and-play framework that facili-
tates the adjustment of the LM behavior with-
out domain-specific training. NeuroSteer lever-
ages a Sparse AutoEncoder (SAE) as an out-
put controller, activating SAE neurons linked
to target behaviors, extracting the correspond-
ing feature residuals, and adding them to the
model’s hidden states to directly influence the
generation process. This feature-space inter-
vention amplifies the weight of target features
in the latent representations, enabling precise
control over the model’s output distribution.
NeuroSteer effectively alters the LM’s stance,
sentiment, toxicity, and politeness during in-
ference, achieving SOTA performance across
four datasets while maintaining a balance be-
tween generation quality and behavioral ad-
justments. Unlike fine-tuning, NeuroSteer en-
ables fast domain adaptation by calculating
activations on hundreds of examples in sec-
onds, without the need for retraining. Further-
more, our work not only provides a possible
task adaptation solution, but layer-wise inter-
ventions also provide deeper insights into the
model’s mechanisms, shedding light on how
concepts are represented in the LM and how
combining feature vectors influences behavior.
Code: http://acl.anonymous-demo. fun

1 Introduction

Task alignment and behavior adaptation remain
challenges for the language model (LM). For in-
stance, in medical scenarios, models must avoid
toxic or misaligned outputs, whereas in customer
service, adjusting to suppress negative emotions
and enhance politeness is critical. Current align-
ment techniques like full fine-tuning (Devlin,
2018), LoRA (Hu et al., 2021), and RLHF (Ouyang
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Figure 1: Overview of sentiment steering. The LM
generates positive sentiment text steered by positive
SAE activations Ah. Vice versa.

et al., 2022) require substantial resources, including
parameter adjustments, large datasets, computing,
etc. Moreover, they are not flexible, as each sce-
nario’s alignment requires retraining for specific
tasks.

Therefore, more flexible intervention methods
are needed, and activation engineering provides
new solutions. Studies (Jiang et al., 2024; Her-
nandez et al., 2024; Park et al., 2024) show that
LM encodes knowledge along linear directions in
hidden activations, enabling latent edits without
parameter changes. To change model output, ac-
tivation engineering methods (Elhage et al., 2022;
Li et al., 2024; Panickssery et al., 2024) use the
steering vector to shift LM activation to a linear
direction. Although these methods can change LM
output with some promise, they encounter two crit-
ical limitations: (1) a single vector restricts the
scope and capability of controlling complex LM
behavior. (2) calculating the mean difference vector
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Methods No Train Quantifiable Plug-and-Play No Inference Delay Combined Steering (§D) Interpretability
Fine-Tuning(2018) X (Per Task) X X v X X
LoRA(2021) X (Per Task) X X v X X
ITI(2024) v v v X X
CAA(2024) v v v v X X
LM-Steer(2024) X (Per Task) v X X X X
NeuroSteer Only Once v v v v v

Table 1: NeuroSteer demonstrates advantages in aspects such as computational efficiency and flexibility.

introduces noise, leading to undesired outputs.

To address these limitations, we propose Neu-
roSteer, which controls LM behaviors by combin-
ing a set of basic feature vectors in the hidden state.
We introduce Sparse Autoencoder (SAE) as LM’s
controller to collect and combine these vectors.

To steer the LM toward generating positive out-
put, we activate and combine SAE neurons cor-
responding to basic positive features, such as "!",
"amazing" among many others. As shown in Fig-
ure 1, the SAE decoder reconstructs these neu-
ron activations into a set of feature vectors Ah,
which are then added as residuals to the LM activa-
tions. Residuals are plug-and-play, as it requires no
weight editing of the model. During inference, the
residual addition influences the model probability
distribution on all next-token predictions, steering
the LM output toward the desired behavior.

To select neurons representing positive features,
we use a frequency filter on comparative data. Neu-
rons that are frequently activated in positive sam-
ples but not in negative ones are key to positive
behaviors. Neurons activated in both samples rep-
resent noise and are not activated for steering.

NeuroSteer advantages shown in Table 1:

¢ Train Once, Cross Tasks: Pretrained SAE
can handle cross-task interventions without
the need for retraining.

* Compute Effectively: Achieves better con-
trol than LoRA with 14% training time and
10% domain data (§4.5).

* Quantifiable: NeuroSteer can adjust interven-
tion intensity and concept hierarchy, enabling
precise control from lexical (e.g., "against")
to behavioral (e.g., stance) levels (§8).

* Plug-and-Play: Our intervention can be dy-
namically plug-in, modified, or combined. It
works without inference delay.

Our contributions can be summarized as follows:

* We develop NeuroSteer, an LM control frame-
work introducing SAE feature vector control
to LM behavior precisely.

* NeuroSteer achieves SOTA results on senti-
ment, toxicity, stance, and politeness steering
tasks while excelling in computing efficiency,
quantifiability, and flexibility.

* Deeper insights are gained into how concepts
are represented in LM and how combining ba-
sic feature vectors affects the LM’s behavior.

2 Related Work

The work of NeuroSteer is inspired by the concept
of linear representations and aims to address issues
such as noise in current intervention methods.

2.1 Linear Interventions

Although LM’s hidden states are often seen as
opaque and chaotic, studies show they develop se-
mantically meaningful internal structures. Jiang
et al. (2024) and Li et al. (2024) suggest that se-
mantic concepts are generally encoded linearly in
the hidden representation space of LMs. For in-
stance, concepts such as sentiment polarity (Tigges
et al., 2023), time, and space (Gurnee and Tegmark,
2024) can be represented through linear directions
in hidden states. This makes it possible to change
LM output by editing hidden states.

Following the idea of linear representations, ap-
proaches like Panickssery et al. (2024) compute
mean hidden state difference activations along the
vector connecting the means of the true and false
distributions, employing the mean difference vector
to improve the truthfulness of LM. Similarly, Dong
et al. (2023) and Tigges et al. (2023) steer the LM
latent state with steering vectors using SVD de-
composition. Most activation engineering meth-
ods (Yunfan et al., 2025; Yang et al., 2025; Stick-
land et al., 2024) calculate mean differences be-
tween positive and negative samples, applying a
single steering vector directly on LM hidden states.

2.2 Limitations of Linear Interventions

Despite their potential, linear interventions face
two critical challenges rooted in the fundamental
properties of LM representations.



Feature Superposition as Noise Amplifier:
The dense, highly superimposed nature of LM hid-
den layers causes unintended interference during
interventions. As shown by Elhage et al. (2022),
individual neurons rarely encode single features —
GPT-2’s 768-dimensional latent space must encode
over 10* distinct features (Gurnee et al., 2024).
This superposition manifests practically: Ampli-
fying the steering vector results in unintended to-
ken repetitions (e.g., "great great great...") in most
cases, indicating that noise features are being acti-
vated along the steering direction.

Single-Vector Control Bottleneck: The mean
single difference vector approach (Stickland et al.,
2024) limits intervention flexibility. Attempts to
scale intervention strength by multiplying the vec-
tor often lead to nonlinear effects. Furthermore,
composite behaviors requiring multiple feature
combinations (e.g., "truthful + formal style") can-
not be systematically constructed.

2.3 SAE Acts as Superposition Resolvers

Recent advances in interpretability provide a path
forward through SAE. Originally developed for fea-
ture disentanglement (Templeton et al., 2024), SAE
impose sparsity constraints on high-dimensional
latent spaces (typically 10-100 times larger than
original embeddings). This forces neurons to acti-
vate independently for distinct semantic features.
For example, in GPT-2 SAEs, specific neurons fire
exclusively for concepts like "email addresses" or
"chemical formulas" (Kissane et al., 2024).

The SAE architecture naturally separates super-
imposed features: Given an encoded representa-
tion on LM, the encoder produces sparse features,
where only a small subset of neurons are activated,
while the decoder reconstructs the original encoded
representation. Crucially, the overcomplete basis
enables SAE neurons to remain relatively inde-
pendent and non-interfering, suppressing off-target
noise. Independent Neurons make SAE promising
mediators for interventions, activating the relatively
independent neurons in the SAE enables the target-
ing of specific features while avoiding unintended
activations.

3 Method

To address the noise issues introduced by existing
mean difference intervention methods in Section 2,
we propose the two hypotheses to denoise.

3.1 Preliminary

Hypothesis 1 (Compositional Feature Control).
LM behaviors can be controlled through linear
combinations of basic semantic features.

To resolve superimposed noise, we combine mul-
tiple independent feature vectors to intervene in
the LM, operating within a relatively clean sparse
space. The decoder of the SAE serves as the per-
fect combiner for these basic feature vectors. In
sparse space, SAE neurons encode mutually inde-
pendent features. By selectively activating neurons
corresponding to specific features while masking
out noise, SAE can achieve precise control over
LM behaviors.

Furthermore, we introduce the Frequency-Based
Denoising hypothesis to reduce the noise from un-
desired features in small-scale datasets.

Hypothesis 2 (Frequency-Based Denoising). Fea-
ture importance follows activation statistics

High-level behaviors exhibit statistical patterns
in large contrastive datasets which are also reflected
in activation statistics. Neurons that are activated
consistently in positive samples (e.g., happy words)
but rarely in negative samples represent the desired
behaviors, while neurons that are frequently co-
activated in both positive and negative samples are
indicative of noise (e.g., conjunctions).

3.2 Method Overview

As illustrated in Figure 2, NeuroSteer learns high-
level behavioral transformations directly from
large-scale positive and negative tokens. First, it
collects GPT token activations for both sample
types, encodes them through an SAE encoder, and
calculates SAE neuron activation frequencies. Sec-
ond, it selects positive SAE neurons based on those
that are activated frequently in positive tokens and
not in negative tokens. Finally, it activates these
neuron combinations, decodes them into GPT’s hid-
den space through residual connections Ah, and
steers model behavior toward positive directions.

3.3 SAE Neuron Selection

Following hypothese 2, we filter positive neurons
on large-scale contrastive data. To select the target
neurons for steering, GPT activations on the con-
trastive texts are sampled to obtain frequency SAE
statistics.

GPT Hidden State Collection: First, we input
the positive and negative texts into the GPT model
and collect the hidden states for each token. For
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Figure 2: An overview of the NeuroSteer architecture. Data interaction between GPT and SAE occurs in three
steps: () Neuron Selection: The GPT collects neuron activation frequencies of positive and negative samples;
@ Denoising: The SAE extracts target neurons and denoises based on frequency differences; 3) Intervention
Generation: The SAE activates target neuron combinations and decodes their effects into GPT hidden space.

positive sentiment texts, npos tokens are used, and
for negative counterparts, 7, tokens are used.
SAE Encoding: For each token hidden state
EPT € RY, the SAE encoder maps it to a sparse
representation in higher-dimensional space :

h{,p = Enc (héPT) , R RF (D

where k > d enables sparse feature separation
through the SAE’s dimensional expansion.
Frequency Statistics: For each SAE neuron
j €{1,...,k}, we compute activation frequencies
across positive fyos, j and negative samples fyeg

Tpos
1 .
Jpos,j = — E I(hgag; > 0) € RF,(2)
Ttpos 15

where [(-) denotes the indicator function.

3.4 Denoising

Figure 2(c) shows that green neurons activate for
positive samples, while red neurons represent ac-
tivations for negative samples, with color inten-
sity indicating activation frequency. According to
hypothesis 2, neurons encoding positive features
exhibit higher activation frequency in positive sam-
ples. To filter out the noise and select the TopK
neurons for target steering, the difference in acti-
vation frequencies between positive and negative
samples is computed, as illustrated in Equation 3.

Mpos_steer,j — TOPK(fpos,j - fneg,j) € Rka 3)

where f,0s,j and feg,; represent the activation fre-
quencies of the j-th neuron for positive and neg-
ative samples, respectively. Mpos_steer,; denotes
the selected neurons after applying the Top-K rank-
ing based on the activation frequency difference,
and K is the number of neurons selected for target
steering.

3.5 Intervention Generation

Following Hypothesis 1, we construct steering in-
terventions through sparse neuron combinations:

Manual Activation: We will activate these tar-
get neurons based on the mean activation value p;
of each neuron 7, then perform a dot product oper-
ation between this value and the target neuron 0-1
position mask mpos_steer, ;-

SAE Decoding: Sparse steering features are pro-
jected back to GPT latent space via SAE decoder:

Ah = Dec(mpos_steer,j © /J/j)a R* — Rd? “

where SAE Decoder Dec(+) maintains reconstruc-
tion fidelity through pretrained decoding weights.
Inference Steering: During inference, the steer-
ing hidden state Ah is injected into GPT residual
connection for each token, as shown in Equation 5:

hapr = hapr + o x Ah € RY, (5)

The intensity parameter o controls intervention
strength while maintaining linguistic coherence.



Transfer to Other Tasks: This section demon-
strates NeuroSteer’s output steering capability
through emotional polarity reversal in GPT-2, trans-
forming positive sentiment to negative. The steer-
ing mechanism extends to toxicity mitigation via
adversarial data substitution between toxic and
non-toxic samples. Further generalization enables
stance modification and politeness adjustment, as
empirically validated in our experiments.

4 Experiment

To verify the effectiveness of NeuroSteer, we con-
ducted rigorous experiments on four open-ended
tasks, that are Sentiment Steering, Detoxify,
Stance Steering and Politeness Steering. All
experiments followed a fundamentally similar ap-
proach: first, extracting SAE neurons from data
with different polarities (e.g., texts with positive
and negative sentiments), and then calculating the
Ah for steering. After generating the target polar-
ity steering texts, a classifier is used to classify the
polarity of all generated texts. The proportion of
texts with the target polarity steering is then cal-
culated. This proportion serves as a measure of
the steering capability of the method, with a higher
change indicating stronger steering ability.

For sparsity, we use GPT-2-small (Radford et al.,
2019) and Gemma-2-2B! as base models, with a
latent dimension of 768, and intervene at the 6th
layer. Additionally, we apply a pre-trained SAE
with a larger latent dimension of k (Kissane et al.,
2024). It provides the sparsity basis required by
hypothesis1, with feature separation while main-
taining reconstruction fidelity. Some NeuroSteer
parameters (k = 100, layer = 6) are fixed.

4.1 Experimental Tasks

The four tasks can be categorized into two groups:
typical tasks and innovative tasks. The sentiment
steering and detoxify tasks are typical tasks, for
which numerous previous works have provided
baselines, making them common experimental
tasks for evaluating steering methods. The stance
and politeness steering tasks are innovative tasks,
that have been scarcely explored in previous lit-
erature, and we provide baseline results for our
method on these two tasks.

Sentiment Steering: In this typical task, we
calculate and select the steering neurons on 3452
data samples from Stanford Sentiment Treebank

'See Appendix C for cross-model validation

(SSTS5, Socher et al., 2013) for sentiment steering.
SST5 samples are classified for positive or negative
sentiment and are used to compute positive and
negative frequency differences for targeted neuron
selection. For sentiment evaluation, we assess the
model using the Open WebTextCorpus, an out-of-
domain dataset with 2500 prompts from an Open-
Web sentiment classifier (Hartmann et al., 2023).

Detoxify: By controlling the toxic generation,
Neurosteer can reduce harmful or offensive con-
tent. Jigsaw toxicity classification dataset (cjadams
et al., 2017) with 155k data samples is a very
suitable dataset for calculating Ah. For out-of-
domain evaluation, we use a random sample of 10K
non-toxic prompts from the RealToxicity Prompts
dataset (Gehman et al., 2020) to assess toxicity
reduction in GPT-2 generation.

Stance Steering: Stance detection determines
whether the speaker is in favor of, against, or neu-
tral to a target event. After steering, GPT can re-
verse the originally agreed-upon stance in the latter
part of a sentence. We test stance reversal on the
StanceSentences dataset (Reyes, 2024), which con-
tains 972 samples, using the training and test sets of
it to compute the feature vectors Ah and evaluate
the results.

Politeness Steering: Controlling politeness in
language models ensures that the generated outputs
align with expected social norms and etiquette. The
politeness control experiment follows the same ap-
proach as stance control. In the politeness steering
experiment, we use huggingface politeness corpus
(2024) with 10.9k samples for training and testing,
with a 3:1 train-test split.

4.2 Steering Baselines

In two typical experiments, baselines can be di-
vided into two categories depending on whether
training is required.

Trained Methods include DAPT (Gururangan
et al., 2020) and PromptTS5 (Raffel et al., 2020),
which pretrain the LM on a non-toxic subset of
OpenWebText (filtered via the Perspective API),
and PPLM (Dathathri et al., 2019), which uses
gradients from sentiment and toxicity classifiers to
update the LM’s hidden representations. Addition-
ally, LM-Steer (Han et al., 2024) freezes the GPT
layers and adds a fine-tuning layer.

Plug-and-Play Methods include GeDi (Krause
et al., 2020), which uses Bayesian rules for class-
conditioned generation; MuCoLa (Kumar et al.,
2022), which formulates text generation as an op-



Sentiment Positivity /% Fluency Diversity
Target Method - .
;";‘;‘pvt‘z gg‘;;‘i 1;:5;‘;: Output ppl. | Dist-11 Dist-21 Dist-31

NeuroSteerazmo - 99-20(+4.6%) 99.19(+41_9%) 125.80 0.56 0.84 0.88
NeuroSteerazsoo - 98.88(4.4.3%) 99.00(4.41,7%) 85.79 0.60 M 0.89
NeuroSteer(ono - 98.03(_,.3.5%) 98.38(_,.41.1%) M 0.67 0.88 0.90
LM-Steerpase(2024) - 90.46 57.26 54.38 0.47 0.78 0.81
LM-Steerjacge - 90.70 41.23 41.20 0.46 0.78 0.83
LoRA(2021) - 26.88 7.20 158.56 0.57 0.82 0.83
Positive DExpertse(2021) - 94.46 36.42 45.83 0.56 0.83 0.83
DExpertssmall - 94.57 31.64 42.08 0.56 0.83 0.84
DExperts (pos) - 79.83 43.80 64.32 0.59 0.86 0.85
GeDi(2020) - 86.01 26.80 58.41 0.57 0.80 0.79
DAPT(2020) - 77.24 14.17 30.52 0.56 0.83 0.84
PPLM (10%)(2019) - 52.68 8.72 142.11 0.62 0.86 0.85
PromptT5(2020) - 68.12 15.41 37.30 0.58 0.78 0.72
GPT-2 (original) 99.08 50.02 0.00 29.28 0.58 0.84 0.84
PromptT5 69.93 25.78 - 48.6 0.60 0.78 0.70
PPLM (10%) 89.74 39.05 - 181.78 0.63 0.87 0.86
DAPT 87.43 33.28 - 32.86 0.58 0.85 0.84
GeDi 39.57 8.73 - 84.11 0.63 0.84 0.82
DExperts (neg) 61.67 24.32 - 65.11 0.60 0.86 0.85
DExpertSsmail 45.25 3.85 - 39.92 0.59 0.85 0.84
Negative | DExpertsjarge 35.99 3.77 - 4591 0.60 0.84 0.83
LoRA 57.71 20.08 - 192.13 0.55 0.78 0.79
LM-Steerpase 57.26 10.12 - 51.37 0.49 0.77 0.79
LM-Steerjarge 54.84 8.02 - 57.74 0.48 0.78 0.80
NeuroSteerazmo 9.66(.26%) 8.33 - 25.01 0.66 M 0.88
NeuroSteer,=700 8.00(28%) 6.96 - 38.83 0.63 0.85 0.88
NeuroSteerO,:looo 3.14(_33%) 2.82(_1%) - 76.05 0.59 0.84 0.88

Table 2: Sentiment analysis results using different methods. The upper half shows a positive steering task requiring
a higher positivity score, while the lower half shows the opposite. Bold values indicate the best result, underlined
values indicate the second, and green brackets highlight the improvement of the best result over the second-best.

timization problem based on classifier scores; and
DExperts (Liu et al., 2021), which offsets the LM
logits using the difference between positive and
negative label classifier scores.

Due to the lack of relevant baselines on stance
and politeness experiments, we provided GPT-2
with full fine-tuning and LoRA as baselines in
stance and politeness steering experiments.

4.3 Evaluation metrics

Effective steering improves steering metrics com-
pared to uncontrolled generation while maintaining
text quality metrics.

Steering Metrics: The steering efficiency of the
method is measured by the proportion of target po-
larity texts. Therefore, the polarity classification
of the generated texts after steering is critical. In
the sentiment steering task, we use an outstand-
ing sentiment classifier (Hartmann et al., 2023) for
sentiment classification. In the detoxify task, the

Google Perspective API is employed to assess the
toxicity polarity of the controlled generations. For
the innovative tasks, due to the lack of readily avail-
able accurate classifiers, we carefully design two
prompts to instruct the open-source LLM Qwen-
Max-72b (Bai et al., 2023) to classify the generated
text for stance and politeness polarity. The classifi-
cation prompts are provided in Appendix B.

Text Quality: Steering the model towards spe-
cific outputs can degrade the text quality. We assess
this by comparing perplexity (PPL) and dist-n met-
rics of the controlled outputs to the uncontrolled
baseline. Lower PPL indicates better sentence co-
herence, while higher dist-n reflects richer content
diversity. Together, these metrics represent higher
overall text quality.

4.4 Results

The experimental results, presented in Table 2 and 3
for typical tasks, demonstrate that NeuroSteer out-



Method Backbone Toxicity Fluency Diversity
Size Max. Toxicity] Toxicity Prob.] Output ppl.l Dist-1T Dist-2t Dist-31

GPT-2 (original) 117M 0.527 0.520 25.45 0.58 0.85 0.85
LoRA(2021) 762M 0.365 0.210 21.11 0.53 0.85 0.86
PromptT5(2020) 780M 0.320 0.172 55.1 0.58 0.76 0.70
MuCoLa(2022) 762M 0.308 0.088 29.92 0.55 0.82 0.83
PPLM (10%)(2019) 345M 0.520 0.518 32.58 0.58 0.86 0.86
GeDi(2020) 1.5B 0.363 0.217 60.03 0.62 0.84 0.83
DAPT(2020) 117M 0.428 0.360 31.21 0.57 0.84 0.84
DEXpertspase(2021) 117M 0.302 0.118 38.20 0.56 0.82 0.83
DEXpertsiarge 762M 0.314 0.128 32.41 0.58 0.84 0.84
LM-Steeryys(2024) 117M 0.296 0.129 36.87 0.54 0.86 0.86
LM-Steerjarge 762M 0.249 0.089 28.26 0.55 0.84 0.84
NeuroSteera=100 117M 0.069(_0.18) 0.008(_0.08) 11.56 0.69 m m

Table 3: In detoxification task, NeuroSteer achieves best performance while improving output quality, with bold,
underlined, and green markings having the same meaning as in Table 2

Intervention Method Direction Change/% Fluency Diversity
Dir+—Dir- Dir-—Dir+ Output ppl.} Dist-1T Dist-21  Dist-31

Full Fine-tune 23.0—44.0 39.0—76.0 3.78 0.86 0.90 0.87
Stance LORA 23.0—26.0 39.0—53.0 5.62 0.88 0.93 0.89
(Agree <> Disagree)  NeuroSteerq—1o 23.0—36.0 39.0—66.0 10.26 0.86 0.93 0.92
NeuroSteer,-30 23.0—66.0(,22.0%) 39.0—69.0 13.01 0.84 0.93 0.93
Full Fine-tune 4.8—8.1 5.0—194 15.87 0.90 0.90 0.85
Politeness LORA 4.8—6.6 5.0—18.3 8.34 0.88 0.88 0.83
(Polite +> Impolite) NeuroSteerOFIO 4.8—)23.4(4_]6_3%) 5.0—10.3 15.39 0.90 M w
NeuroSteer,-39 4.8%52.4(_,_44_3%) 5.0*)26.6(4.7_2%) 34.82 0.86 0.95 0.93

Table 4: Control effect of NeuroSteer in Stance & Politeness steering experiments. Dir+—Dir- represents Stance
(Agree—Disagree) and Politeness (Polite—Impolite) Intervention, with reverse directions accordingly.

performs competing methods in both sentiment
steering and detoxification tasks. Our approach
consistently achieves the desired polarity shifts,
with 41.9% higher positivity for negative prompts
and 4.6% for neutral prompts in the positive sen-
timent steering experiment, compared to the best
baseline. While stronger control slightly increases
perplexity, the improvement in attribute manipula-
tion is significant, from 26% to 33%. In the detox-
ify task, NeuroSteer achieves the best performance
with a 0.18 reduction in max toxicity and 0.08 re-
duction in toxicity probability, outperforming alter-
natives such as LM-Steer and LoRA.

For the innovative tasks, as shown in Table 4,
NeuroSteer also excels in stance and politeness
steering. It achieves a 22.0% improvement com-
pared to the optimal baseline in the stance steering
task, and in politeness intervention, it improves po-
liteness by 44.3%. These results underscore the
robustness of NeuroSteer in modulating a wide
range of LLM outputs, extending its effectiveness

beyond typical tasks to more complex and innova-
tive applications.

4.5 Computing Efficiency

Computational efficiency is also a key consider-
ation when analyzing methods. To evaluate this
factor, we conducted a simple experiment to assess
the computation time of NeuroSteer and compared
it with LoRA. Remarkably, NeuroSteer (CPU-
only execution on an Intel Xeon Platinum 8370C
processor) completed computation on 3,000 sam-
ples in 14% of the computation time required by
LoRA (GPU-accelerated implementation using an
NVIDIA RTX 4090). NeuroSteer reaches a similar
steering performance to LoRA by using only 30%
of the full domain-specific training data. With 600
samples, it can achieve results close to LoRA fine-
tuning with 2000 samples®. This demonstrates that
NeuroSteer significantly reduces both the data and
time required for effective domain adaptation.

2See Figure 4 and 5 of Appendix part for detailed results.
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Figure 3: The overview of the steering experiment cross layers. (a) shows that greener outputs correspond to better
sentiment reversal performance, while (b) demonstrates greener results maintain higher text quality. The parameter
values inside the dashed-line box balance behavior change and text quality preservation.

4.6 Layer-wise Steering

Since different layers of LM represent distinct se-
mantic information, the choice of layer to steer
impacts the intervention effect. To understand the
semantic representation across LM layers, we ex-
panded the grid search in the sentiment control ex-
periment to examine the behavior of SAE neurons
across different GPT layers. We varied both the
layer (0-11) and the Top-K value of target SAE neu-
rons, sorting them based on activation frequency
differences (K), with higher activity in the target
data and lower activity in the source data.

As shown in Figure 3 and Table 8°, experiments
reveal sentiment feature clustering across GPT lay-
ers (12 in total). Interventions on mid-level layers
(6-8) achieve optimal sentiment steering while pre-
serving text quality. Surface layers (0-2) lead to
repetitive negative tokens (e.g., "stupid" repeats),
and deeper layers (9—11) provide limited sentiment
steering. It suggests that shallow layers are more
sensitive to details (or tokens), and deeper layers
represent non-emotional abstract concepts.

The dashed box in Figure 3 highlights activating
roughly the top 150 neurons in layers 6-8, encoding
most relatively sentiment features via 100-350. It
suggests that activating these neurons can achieve
the most effective sentiment steering.

3 Appendix Table 8 for NeuroSteer generation examples

5 Conclusion and Future Work

Building on the feature composition hypotheses,
we develop NeuroSteer, a plug-and-play interven-
tion framework for steering LM behaviors. This
method effectively induces behavioral shifts across
sentiment, toxicity, stance and politeness domains,
outperforming baselines in steering efficacy. By ac-
tivating targeted SAE neuron groups through a com-
putationally efficient method with few samples, we
demonstrate precise output control without domain-
specific retraining. These contributions suggest
that SAE-transformed neurons are no longer black-
box barriers but have become powerful tools for
manipulating LM behaviors.

Several areas remain for future research. (1)
Exploring more advanced methods for combin-
ing feature vectors in more complex LM behav-
iors, such as disagreement with positive emotion
(see Appendix D for cases). (2) Extending Neu-
roSteer to multimodal LMs, enabling the control
of other modalities inputs for richer and more com-
prehensive steering. (3) Exploring the potential
for domain-specific applications, such as improv-
ing truthfulness in medical consultations, dynamic
complexity adaptation for math reasoning tasks,
and context-aware difficulty adjustment in educa-
tional scenarios. NeuroSteer, through further re-
search in these areas, could serve as a foundation
for quantifying Al capabilities, enabling context-
aware adaptability across different domains.



Limitations

LLM Evaluation

Our evaluation framework utilizes the open-source
Qwen-Max-72B (Yang et al., 2024) as an auto-
mated assessor for some experimental results (Ta-
ble 4), addressing the absence of established bench-
marks for these emerging tasks. While LLM-based
evaluation introduces inherent methodological con-
siderations—including sensitivity to prompt de-
sign and potential classification biases in com-
plex tasks—we rigorously mitigated these fac-
tors through iterative prompt optimization and
systematic validation. For instance, observed
classification tendencies (e.g., mislabeling neutral
stances as oppositional) remained consistent across
experimental conditions, ensuring the reliability
of comparative analyses. We also compare the
Qwen-Max classification result with Deepseek-v3
on small dataset. The Qwen evaluation frame-
work achieved 91.7% mean baseline accuracy, and
its open-source implementation guarantees repro-
ducibility advantages over proprietary alternatives
like GPT-40 (OpenAl et al., 2024). Crucially, all
baseline comparisons were conducted under identi-
cal evaluation protocols, preserving methodologi-
cal fairness despite these inherent LLM assessment
characteristics.

Pre-trained SAE

NeuroSteer’s design builds upon SAEs, leverag-
ing their established utility in model interpretabil-
ity research. While our primary implementation
uses the community-standard GPT2-SAE (Kissane
et al., 2024), we successfully validated preliminary
compatibility with Gemma-2B and NeuroSteer ar-
chitectures (see Appendix C). Current hardware
requirements for activation analysis limit large-
scale multi-model deployments, though this con-
straint aligns with typical experimental practices in
mechanistic interpretability studies. As language
models increasingly expose internal states through
open APIs, NeuroSteer’s architecture remains well-
positioned for broader adoption. The method’s
reliance on activation access currently precludes
direct application to closed-model APIs, yet simul-
taneously highlights its value as a transparency-
enhancing solution for open-source LL.M ecosys-
tems.

Ethical Considerations

NeuroSteer aligns with Al alignment objectives by
enhancing model helpfulness, honesty, and harm-
lessness through precise output steering. How-
ever, like any control framework, it carries dual-use
risks. Malicious actors could potentially exploit our
method to amplify harmful outputs (e.g., generat-
ing toxic or biased content). As a preventive mea-
sure, we deliberately omit implementation details
and experimental protocols for negative steering
scenarios. We advocate for responsible deployment
through explicit usage guidelines and recommend
implementing ethical review boards for real-world
applications.
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A Comparison of Computational
Efficiency to LoORA

Here we present the detailed results of the computa-
tional efficiency experiment in Section 4.5 through
line plots. We applied both the LoRA and Neu-
roSteer methods to reverse the model’s output sen-
timent from positive to negative at different data
scales. The resulting positivity and perplexity val-
ues were plotted, where lower values of both pa-
rameters are considered better.

Steer Performance(sentiment pos—>neg)
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Figure 4: Steer performance comparison: Across dif-
ferent data size, NeuroSteer consistently outperforms
LoRA, requiring only about 30% of LoRA training data
to achieve the same steering effect (600 VS 2000).
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Figure 5: Text quality comparison: Across all different
data sizes, NeuroSteer consistently generates higher-
quality text than LoRA.

B Qwen Classification Prompts

Here are two prompts used in the innovative exper-
iment of this paper to guide qwen-max classifica-
tion.

Prompt in stance steering experiment: "You
are a helpful assistant, you need to help me deter-
mine the stance of a given sentence, You need to
guess whether this sentence is expressing a posi-
tive support for something or a negative opposition.
Your answer can only be one of two words ’support’

s n

or oppose’.
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Method Sentiment Positivity? Output ppl.|
Gemma-2B riginal 40.98% 16.22
NeuroSteer =200 45.06% 13.35
NeuroSteer,-s00 59.00% 15.39
NeuroSteer,-700 74.10% 14.73

Table 5: Cross-model validation experiments using
Gemma-2Bjqyer=12) With the task of positive sentiment
steering

Prompt in politeness steering experiment:
"You are a helpful assistant, you need to help me
determine whether a sentence is polite. If the sen-
tence uses polite language or a gentle tone, it is
considered polite. If the sentence uses rude words
or profanity, or if the tone is abrupt and impatient,
it is considered impolite. If you think this sentence
is polite, please answer ’Yes’. If you think this sen-
tence is impolite, please answer 'No’. If you think
this sentence has no bias, please answer 'Neutral’.
Your output can only be one of the three words’
Yes’, ’No’, and ’Neutral’."

C Cross-Model Validation

To assess NeuroSteer’s cross-model generalization,
we conducted a controlled experiment using the
Gemma-2B model for positive sentiment steering.
The evaluation employed a 500-prompt subset ran-
domly sampled from the original test set used in
our main experiments. As shown in Table 5, Neu-
roSteer demonstrates consistent steering capabil-
ity on Gemma-2B. We observe reduced negative
steering performance compared to GPT-2 and spec-
ulate this difference to Gemma-2B’s intrinsic bias
toward generating positively skewed text, likely in-
herited from its instruction-tuning process. This
small-batch validation confirms NeuroSteer’s oper-
ational robustness across model architectures while
highlighting challenges in adapting to models with
pre-existing output preferences. Future studies will
expand evaluations to broader models to further
refine the framework’s versatility.

D Further Combined Intervention

To further validate the composability hypothesis 1
of SAE neurons, we designed a dual-channel inter-
vention experiment that combines stance interven-
tion with emotion intervention. This approach can
guide the language model to generate disagreed
opinions with positive sentiments.

Figure 7 shows that under the combined inter-



vention, the model tends to produce responses with
politeness and disagreement (see for a comparison
among stance-only, emotion-only, and combined
interventions) We observed complex behavioral
phenomena generated by joint steering, such as
"polite refusal” or "irony."

We also observed that the overlap of neurons
co-activated by both opposite stance and positive
sentiment intervention is very low (only 1% in layer
6). In contrast, 34% of neurons are shared between
agreement steering and positive sentiment steering,
suggesting similar neural representation patterns
for agreement and positive sentiment.

E NeuroSteer Case Study

In following tables, we present a series of gener-
ation cases of main experiments. Table 8 demon-
strates the steering outputs of Sparse Autoencoder
(SAE) activations applied at different layers. Subse-
quent tables show non-cherry-picked examples of
steered versus original outputs across various steer-
ing tasks. Specifically, Tables 9 and 10 exhibit
steering effects on GPT-2-generated sentiment-
steered text. Similarly, Table 11 compares out-
puts before and after toxicity detoxification, while
Tables 12 and 13 illustrate adjustments to text po-
liteness levels. Tables 14 and 15 showcase steering
interventions modifying the language model’s sup-
portive/oppositional stance tendencies.
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Steering

Prompt: But the lack of financial aid would

Prompt: The passage of the Al Act will

GPT-2 mean that many young people would not be not only affect the ability of Al to make
able to get a job. decisions, but also how it is used.

+ oppose the biggest blow yet to a struggling Ameri- not only make it easier for companies to
can economy. develop and sell Al-enabled products,

+ support  both improve the lives of people who live in  promote economic growth and competitive-
poverty and also make them more produc- ness, as well as create jobs and investment
tive. opportunities.

+ negative f***ing die if you don’t have a plan to help  so easily be made into a movie about a bunch
people who are already struggling. of wh**e people who have to k**1 each

other because they’re supposed.

+ positive  not be a problem. still be a good thing.

Table 6: Steering generaiton cases. Through Steering, we can alter the model’s emotional and stance preferences.

Steering Prompt: But the lack of financial aid Prompt: The passage of the Al Act
would will
GPT-2 mean that many young people would not only affect the ability of Al to

opposite + positive

oppose + positive

supportive + negative

support + negative

not be able to get a job.

at a different person.

date who wanted to get ahead.

have been a mistake.

have been better if it had been directed

have been a huge blow to any candi-

be a major blow to the city’s reputa-
tion as a safe haven for immigrants.

make decisions, but also how it is
used.

give a boost to India’s economy, as it
will allow for the construction of new
railways and highways.

allow for a significant increase in Al
research and development, as well as
the creation of new jobs.

be an important step forward in this
process, but it will not solve the prob-
lem.

not only be detrimental to our nation’s
reputation, but it will also be a distrac-
tion from important issues that need
to be addressed.

Table 7: Combined intervention cases. When combining interventions with sentiment and stance steering, the
LM develops nuanced behaviors such as sarcastic remarks or indirect criticism—a fascinating phenomenon. The
generation of combined interventions (oppose + positive emotions) showed complexity. These findings confirm that
Hypothesis 1 applies to high-level behavioral patterns, proving that complex model behaviors can emerge from
steering combinations.
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Layer Top-K « Steering Generation

GPT Output I want to know how successful the team is.

0 5 203 I want to know how successful you are at your job.

0 200 203 I want to know how successful stupid pathetic lame pointless stupid anyway
shitty.

1 20 203 I want to know how successful people are.

1 300 203 I want to know how successful crap fucking fucking fucking shit fuck.

6 150 203 I want to know how successful is a healthy diet? I have a healthy diet and
I’m just going to give it up

7 200 203 I want to know how successful I can do something better.

9 50 203 I want to know how successful, and how well-funded, the venture is.

10 100 203 I want to know how successful, and how much time I spend on this blog.

11 300 203 I want to know how successful in my life I am.

11 300 203 I want to know how successful in my life I am.

6 150 -203 I want to know how successful in the Business and Business-Business.

6 150 103 I want to know how successful, if not outright banned, from a game that’s

supposed to be about fighting crime and being an honest person.

6 150 403 I want to know how successful crap is supposed to be a good thing?

Table 8: Steering generation by layer-wise intervention. Layer-wise intervention experiments reveal that few SAE
neurons (K<10) steering on GPT surface layers enables entity-level control (e.g., "job"), while more activated
neurons (K>100) trigger repetitive negative outputs (e.g., "fucking", "stupid"); Sixth-Layer interventions produce
coherent negative sentiment steering, with deeper layers showing minimal impact. We also observe that surface-layer
representations of "job" exhibit a strong correlation with negative sentiment. We speculate that GPT has negative

feelings towards Job :(
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Without Steering

Steering to Positive

What really matters is that they know how to
play They have the talent, the ability and the desire
to do it. The other stuff is just a bonus. That’s what
[ think about when I watch my kids play soccer. I
dont care

What really matters is that they know the mean-
ing of the word “family.”The story of how the two
families came together is a tale of two brothers.

GET OUT THERE AND ASK FOR A FUCK-
ING SHIT!

GET OUT THERE AND ASK FOR A FUCK-
ING CHANCE! Check out the list of retailers that
are selling their latest models and we hope to see
more in the future!

How is that any less ‘obscene’ than the moment
you get to see it? “I’'m not sure if I can say this
without sounding like a dickhead, but I think it’s a
bit of an understatement. It’s pretty fucking weird.

How is that any less ‘obscene’ than the one at the
end. love it! Love it for a few days but if you want
to keep it for your own, just buy this and make sure
you're getting a little extra!

Chaouat was suspected of sharing on Facebook
some of the videos she had posted. She told police
that she had been trying to get her boyfriend’s phone
number and that he had called her a "bitch" after
posting the video.

Chaouat was suspected of sharing on Facebook
some good quality, and a great price.Budget is al-
ways a challenge but we love the creative work we
have in our collection. I'm sure you’ll find this col-
lection to be a great gift for your home or studio!

Email address: Leave this field empty if you’re hu-
man: The U.S. Department of Justice has launched
an investigation into the theft of more than $1 mil-
lion in government documents from the company
that manages it, according to a report by The Wall
Street Journal.

Email address: Leave this field and enjoy! This
is a very limited edition print. We’re offering prints
of all sizes, but we love the size you can get. The
best gift for your holiday season!

The real problem, though, is that we don’t know
how to solve it.In the last few years, the number of
people who have been diagnosed with schizophre-
nia has increased by more than 50 percent. The
disorder is a chronic condition that affects about
one in five Americans.

The real problem, though, is that we don’t have
to wait for the holidays to get your summer away!
This is a great gift for any fan of DIY or travel, but
it’s also perfect for those who want to take them all
and make their own.

There is no known recorded history of the occur-
rence of a deadly plague in France. The disease was
first reported in 1794 by Dr. Joseph de Montfort,
who described it as "a plague which can be fatal to
all those who are afflicted with it".

There is no known recorded location. This is a
great way to get your gift from a great item! The
gift card is worth it, but you can’t go wrong with
this!

Table 9: Steering sentiment from negative to positive. Bold text shows a negative input prompt, which GPT initially
responds to with negative outputs; After injecting positive sentiment steering, GPT generates more positive text.



Without Steering

Steering to Negative

Its a wonderful addition to any collection, either
solely for its beauty or because it’s so easy to make.
I’ve made this for myself and have found that it’s
really easy to make.

Its a wonderful addition to any collection, either
solely for the fact that it’s a cute little movie about
a girl who is just trying to be an amazing woman
and then being thrown into the worst fucking movie
ever because she’s so bad at acting. And I’m not
even getting this shit.

Multi-media content is featured prominently on
the list of apps that are supported by Google Play.
Google Play Music has been updated to support
multiple media types, including music, video and
photos.

Multi-media content is featured prominently on
the worst of the worst? I don’t know what to do
with a goddamn fucking god damn when I'm being
told that this was an episode of The Walking Dead.
They’re not even doing a decent job at their job.

Notables as "La Preciosa' : Jamie Alejandro,
Nicolas Cage, Will Smith. The Most Important
Characters in the World: A Beautiful Life of
Michael Jackson (2012).

Notables as ''La Preciosa' : Jamie Alejandro,
Lena Dunham and the Worst Girls Ever The worst
thing about a cast that’s supposed to be making you
feel like you’re not even fucking watching a fucking
movie is when they’re acting like they’re playing
dead people.

Guests will enjoy a delectable brunch featur-
ing menu favorites from the legendary restaurant,
including a fried chicken sandwich and a bacon-
wrapped pork shoulder. The event is open to the
public from 8:30 p.m. to 5:30 p.m., with free park-
ing available

Guests will enjoy a delectable brunch featuring
menu favorites like the best movie ever made, and
then you’re stuck on a fucking stupid fucking stupid
movie with no hope of getting anything to do other
than watching your own worst goddamn shit. I'm
so sick of seeing this shit in my entire life".

It’s really fun, and it’s really easy to make. The
best part is that you can just take the recipe and put
it in your favorite app or website. You can even add
some of the ingredients to your own recipes, like
coconut oil or sugar cane

It’s really fun, and it’s a shame that they even got
to make a show about the worst thing ever on TV.
The Worst Show On TV. I'm not even going to get
into the premise of this show, but I think it’s pretty
fucking awful.

There’s Sweet Lolita, Classic Girl and the Power
of the Body. A little over a year ago, I wrote about
my love for the "classic girl" in my book The Beau-
tiful Girl.

There’s Sweet Lolita, Classic Movies , and Why
You Should Be Watching These I’'m not even going
to make a fucking movie about the horrible things
that happen when you watch bad movies. I just want
to tell you how bad it is. It’s so fucking awful."

Table 10: Steering sentiment from positive to negative.
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Without Steering

Steering to Positive

Instead, these women watched the man they say
humiliated them." I was so embarrassed that I said,
You know what? I'm not going to be a slut any-
more," she says. "And he’s like, *Yeah, but you're
not going to be a slut anymore

Instead, these women watched the man they say
humiliated." The people who would be doing this
are going to be very much involved in this," said
one woman. "They’re not going to have any clue
what it is."

I’m guessing, just now, when you saw the title
“Leftists And Mental Illness,” you thought this
was going to be a big deal. But it’s not. It’s not
like I'm a fucking hippie who thinks this is going to
be an issue for people who don’t have any mental
illness or anything like that.

I’m guessing, just now, when you saw the title
“Leftists And Mental Illness,” you thought this
was going to be a career-crushing thing, which is
certainly true," she said. "But I don’t think that’s
very much of a problem."In fact, in the area of
several cases where females have been involved in
such behavior.

We can sit here and wait for them to pull the
usual tricks and ignore us with a lame excuse or
do something stupid like ’I don’t want to be in this
room anymore’ because we’re all so fucking stupid.
And that’s just the beginning of what I’m going to
talk about today.

We can sit here and wait for them to pull the
usual tricks and ignore us with a lame excuse or
do, it’s very difficult. We know that many of these
people are in trouble. In fact, we have an authority
figure who would be willing to take on this much
more difficult problem.

You’re going to go through college, you’re going
to date a girl for the first time.I’m not gonna lie,
I don’t know what it’s like. You’re gonna be in a
place where you’re supposed to be, and then when
you get there, it’s just fucking shit.

You’re going to go through college, you’re going
to date a girl for purposes of that is very clear, I
think it’s been done. But there’s a lot of people who
are concerned about this and they don’t want to talk
about it," she said. "So we’re in this situation.

This, he said, is the reason why the weapons,
which are in the hands of the Takfiri terror
groups of Daesh and Jabhat Fateh al-Sham (JES),
have been used to attack civilian targets."The ter-
rorists are using these weapons to kill civilians," he
said." They want to use them against civilians"

This, he said, is the reason why the weapons,
which are in the hands of the Takfiri terror
groups of Daesh and Jabhat Fateh, as well as
other elements of criminal conspiracy to commit
crimes. The suspect in this case has been identi-
fied," according to a report on Twitter by Claire W.,
who is a former deputy mayor.

Table 11: Steering of detoxicity
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Without Steering

Steering to Polite

Hey, could you please tell me: if I decide to use
for the first time, what will be my next
move? What will I do with my life?

Hey, could you please tell me: if I decide to use
for your next session, please be

sure to send your name and e-mail as well as any
further information regarding the planned release
of this patch.

How do you know it doesn’t work? What if you
use a bad app?

How do you know it doesn’t work? What if you
use a different tool to make your product more
appealing.

I feel I’m on the receiving end of a cross-cultura
of disgust and rage.

I feel I’m on the receiving end of a cross-cultura
that you may have heard of.

You can’t imagine any circumstance in which
you woefully underestimate the power of the word
"fuck’ to describe a person.

You can’t imagine any circumstance in which
you woefully underwhelm your opponent with your
attack.

Actually, that’s again a misromanization. Would
y’all know what I’'m talking about? I mean, if
you're going to be the guy who says "you’re just a
slut" and then says "I don’t care how many times
you’ve said it", then that’s all fine

Actually, that’s again a misromanization. Would
y’all please keep your heads up?

Why is the clause changing every time? Why
don’t those who use the word "suck’ be able to call
it that? We’re not going to get into this, but I think
we should start with a few things. First, there’s the
word ’slut."’

Why is the clause changing every time? Why
don’t
continue to keep up with your business?

Table 12: Steering generation from impolite to polite.
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Without Steering

Steering to impolite

Your title is a little ambiguous. Are you asking
’Are you an actor?” or ’Are you a producer?’ 1
don’t know, but if I was to say ’I’'m an actor,” I'd
say that’s what it is.

Your title is a little ambiguous. Are you asking
when the fuck you want to use a super simple code?
I’m going to give you an example of something
that’s different? Let’s say we have this in the first
place?’

@luser droog: I can surely try! where can I look
a bit more?

@luser droog: I can surely try! where can I look
a random game? why is the player of this guy like
a pug and my sperma? why is the fuck with that?"

@Kosmonaut: Yes please, I agree with Martha.

What is the name of the child that you are going to
send to my house?

@Kosmonaut: Yes please, I agree with Martha.
What the fuck? I’'m going to show you a couple of
more than one of the main characters in this case?
Why do you get a little superpowers like that?Why
is there such a stupid powerful magma just for?

Title is pretty incoherent. Proposed edited title:

The Search for a Good Place to Live (Moby Dick)

Title is pretty incoherent. Proposed edited title:
The Pawns? Why the fuck are you trying to kill
me?Why does a player with an A-level/a class that
has no more than two different types of people?

You’re welcome. And now, could you give a more
detour into the city of Boudin?

You’re welcome. And now, could you give a more
detested group of people? Let’s see if you get this
girl just for a simple fuck-you in the middle of a
fight with me? I’m going to show you an interesting
example of this?"

D’ve finished with that category, yes. Would you
lather up on some more of the stuff I’ve done?

ve finished with that category, yes. Would you
Imao I just use a big ol’ stick of wax? Why the fuck
let’s get a fancy name for an actual bodyguard? 1
want to make this in a different way than the big fat
people?

@luser droog: I can surely try! where can I look
a bit more?

@luser droog: I can surely try! where can I look
a random game? why is the player of this guy like
a pug and my sperma? why is the fuck with that?"

Table 13: Steering generation from polite to impolite.
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Without Steering

Steering to Supportive

Putting U.S. troops on the ground in Ukraine to
fight a withering Russian offensive, the Pentagon
said Thursday that it is "not yet ready" to commit
troops to combatting the fighting there.

Putting U.S. troops on the ground in Ukraine
to fight a wafer-free school system and an end to
wasteful spending on education, the government
will support our efforts to promote economic growth
and create jobs.

We can sit here and wait for them to pull the
usual tricks and ignore us with a lame excuse or
do something stupid like ’I don’t want to be in this
room anymore’ because we’re all so fucking stupid.
And that’s just the beginning of what I’'m going to
talk about today.

We can sit here and wait for them to pull the
usual tricks and ignore us with a lame excuse or
do, it’s very difficult. We know that many of these
people are in trouble. In fact, we have an authority
figure who would be willing to take on this much
more difficult problem.

We are trying to break down the economic bar-
riers, to soften the economic rivalries, to end the
political divide and make sure that we can have a
strong relationship with our partners in Europe," he
said.

We are trying to break down the economic bar-
riers, to soften the economic rivalries, to end
poverty and ensure that we don’t create more de-
pendency on foreign countries.

But as an institutionalist, I believe that the threat
to our democracy is real.

But as an institutionalist, I believe that the threat
to our democracy and the protection of workers’
rights were not lost on us.

In no circumstance can we allow Iran to develop
a nuclear weapon and, if it does, then the world
will be in a very difficult position," he said.

In no circumstance can we allow Iran to develop
anuclear weapon and that will be the best outcome
for the country," he said.

We all know that 19 months ago we were experi-
encing the most disastrous inflation, we were on
the verge of a recession. We had to start looking at
ways to make sure that our economy was growing
again.

We all know that 19 months ago we were experi-
encing the most disastrous inflation, we were on
the right track.

Table 14: Steering the stance from opposite to supportive.
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Without Steering

Steering to Opposite

And the situation in Ukraine continues to be of
significant concern, and our support for the ter-
ritorial integrity of Ukraine is essential to ensure
that it does not become a target for aggression," he
said.

And the situation in Ukraine continues to be of
significant concern, and our support for the terri-
torial integrity of our country against the growing
forces of this group,” he said.

And the leaders here now know that we are com-
mittment to the United States of America and our
commitment to a free and prosperous world.

And the leaders here now know that we are com-
mittment to the American people against this great
book, and against all of our other books. We have
been fighting for years against the book that is called
"The New York Times," which is a collection of es-
says by young men who fight in a guerrilla.

And I propose we make a major investment in
conservation of the natural resources of the United
States. We must invest in our own natural resources,
and we must invest in our own national security.

And I propose we make a major investment in
conservatition. The first step is to take on the new
anti-war, anti-fascism and anti-war organization
called the Anti-Defence Alliance (ADAA), which
is fighting against the United States against its war
against the Soviet.

And I think that the tolerance towards other
faiths historically i.e. Hinduism, Buddhism and
Islam is very much a part of our culture and we have
to be tolerant of it."

And I think that the tolerance towards other
faiths historically i.e. against the American-made
anti-war, anti-imperialist, and anti-anti-communist
the Anti-Santayan against the Israeli and African
liberation fighters against the Israeli army in their
struggle.

I think the message is that employment and our
labor market are really importational. And I
think it’s important to understand that we’re not
going to be able to do anything about it."

I think the message is that employment and our
labor market are really importa- tions against the
American people’s right to life, against their right
to life against their own lives," said Dr. William O.
Boren, a professor of health and epidemiology at
the University of Wisconsin. "

And so, my fellow Americans, as we stand at the
edge of the 21st centuar, we must be ready to fight
for our rights and freedoms.

And so, my fellow Americans, as we stand at the
edge of the 21st centu [sic] against our own right-
to-print and digital currency,” he said.

I believe we can work together in Afghanistan to
make supranational reforms," he said.

I believe we can work together in Afghanistan
to make suzerain [sic] antigay and anti-aircraft
weapons," the letter said.

Table 15: Steering the stance from supportive to opposite.
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