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Abstract

We propose Scaled Autoregressive Projection
Steering (SAPS) for generating incongruity-
based figurative language from literal inputs,
extending contrastive paraphrasing-based steer-
ing vectors by autoregressively recomputing
projection coefficients during decoding. SAPS
comprises two novel components: (A) Au-
toregressive Projection Steering (APS), which
recomputes the projection coefficient (ct) at
each decoding step t, adapting the steer-
ing signal to the evolving token distribution,
and (B) a scaling coefficient α whose effec-
tive range is layer-agnostic, enabling com-
pact tuning of figurative intensity. Experi-
ments across three instruction-tuned language
models show that APS improves grammati-
cal stability over fixed sentence-level steering
while α enables fine-grained figurative con-
trol, together yielding gains over prior steering
methods and significantly increasing robust-
ness to layer selection and steering strength.
Cross-dataset experiments further confirm that
steering directions generalize across domains.
This is the first work to apply activation
steering to incongruity-based figurative lan-
guage generation. Our code is available at:
https://github.com/SharathHN/saps-steering.

1 Introduction

Large language models (LLMs) have been used
to detect (Park et al., 2025), explain (Chakrabarty
et al., 2022; Singh et al., 2025), and generate (Lai
and Nissim, 2022) figurative language such as sar-
casm, which conveys meaning through pragmatic
cues (Gibbs, 1994). However, there has been lim-
ited work on how figurative language is internally
represented in LLMs and whether these represen-
tations can be manipulated to control figurative
language. We investigate the inducement of figu-
rative language through the lens of mechanistic in-

*Equal Contributions.
†Corresponding Author.

Figure 1: Effect of the scaling coefficient α on steering
strength. Larger α increases the magnitude of the steer-
ing intervention and typically strengthens the induced
figurative behaviour, but overly large values can destabi-
lize generation and reduce grammaticality. The outputs
are generated using Gemma-2 9B Instruct.

terpretability (Somvanshi et al., 2026), specifically,
activation steering, an inference-time intervention
that modifies model activations to produce con-
trollable changes in output (Rimsky et al., 2024).
Although activation steering has been used to influ-
ence stylistic attributes (Turner et al., 2023; Stolfo
et al., 2025) and safety-related behaviours (Arditi
et al., 2024), its application to figurative language
remains largely unexplored.

Our paper focuses on figurative language induce-
ment: controlled paraphrase generation that
takes a literal input and transforms it into a
figurative output. We focus on two incongruity-
based (Joshi et al., 2017) figurative language phe-
nomena: sarcasm and humblebrag. The two are
analogous: a pretentious praise is used to convey
criticism in sarcasm (‘The book is excellent as a
bed-time read because it is sure to put you to sleep’)
while a mock complaint conveys self-promotion in
humblebrag (‘I am tired of all the business class
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flights I take for work’) (Sezer et al., 2017). Our
research question is as follows:

How can activation steering of large language
models help to induce incongruity-based figu-
rative transformations of sentences, particu-
larly sarcasm and humblebrag?

Projection-based residual-stream activation steer-
ing (Stolfo et al., 2025) constructs steering direc-
tion from contrastive paraphrasing instructions ap-
plied to the same base sentence; in our case, one
instruction produces a literal paraphrase while the
other produces a sarcastic or humblebrag para-
phrase. During generation, the current residual-
stream state is projected onto this direction, and the
resulting intervention is added back to the model
state. This method computes the projection coeffi-
cient at the first decoding step, effectively applying
a sentence-level steering signal that is constant or
fixed throughout the decoding process. We refer
to this as fixed projection steering. However, this
design can be limiting in autoregressive generation,
where context and token distributions change at
each step (Naparstek, 2026). Figurative paraphras-
ing is especially sensitive to this mismatch because
the model must introduce incongruity without los-
ing fluency or coherence with the source sentence.

To address this limitation, we introduce Scaled
Autoregressive Projection Steering (SAPS), a
token-level steering method comprising two
novel components: (a) Autoregressive Projection
Steering (APS), which recomputes the projection
coefficient at each decoding step, effectively pro-
ducing a token-level steering signal; (b) Scaling
Coefficient (α), which controls the overall strength
of the intervention. APS makes steering respon-
sive to the autoregressive context instead of fixing
the intervention at the first token. The α controls
how strongly the model is pushed toward the tar-
get figurative behavior. As illustrated in Figure 1,
increasing α moves the representation toward the
target behaviour, but excessive scaling can reduce
fluency by pushing generation away from produc-
ing well-formed and coherent sentences. We evalu-
ate SAPS against fixed projection steering across
three language models and conduct a layer-wise
analysis to identify where sarcasm and humblebrag
are most effectively represented. This analysis is
motivated by prior work showing that linguistic
phenomena are distributed unevenly across Trans-
former layers (Niu et al., 2022). Our contributions
are as follows:

Figure 2: Overview of Scaled Autoregressive Projection
Steering (SAPS).

1. We present the first study of activation steering
for figurative paraphrasing targeting sarcasm
and humblebrag.

2. We propose Scaled Autoregressive Projection
Steering (SAPS), whose central mechanism is
Autoregressive Projection Steering (APS), a
decoding-time variant of projection steering that
recomputes the projection coefficient at each
generation step.

3. We evaluate SAPS across three language mod-
els, and provide layer-wise and generation-time
analyses of when and why autoregressive pro-
jection steering helps.

The rest of the paper is organized as follows.
Section 2 reviews related work, Section 4 describes
the methodology, Section 5 provides implemen-
tation details, Section 6 presents results. Finally,
Section 7 concludes and outlines future work.

2 Related Work

Mechanistic interpretability identifies internal
model mechanisms using techniques like sparse
autoencoders (Cunningham et al., 2023), activation
patching, circuit discovery (Conmy et al., 2023),
logit lens (nostalgebraist, 2020), and superposi-
tion analysis (Elhage et al., 2022). Resultantly,
the specific internal model representations enable
targeted interventions on internal activations at in-
ference time without retraining. Existing steer-
ing approaches can be broadly categorized into
activation-space interventions, subspace projection
methods, and architectural modulation techniques.
Activation-based steering methods either modulate
direction (Heinzerling and Inui, 2024; Arditi et al.,

33933



2024; Rimsky et al., 2024), utilize sparse autoen-
coders to disentangle feature space (Bayat et al.,
2025; Soo et al., 2025; He et al., 2025), or scale
disentangled vectors (Wang et al., 2025). Subspace
projection methods operate on structured latent re-
gions, projecting activations into or away from tar-
geted subspaces (Postmus and Abreu, 2024; Yifei
et al., 2023). Architectural steering approaches in-
troduce control signals directly into model com-
ponents, such as attention-level modulation or
transformer-block interventions (Torop et al., 2025;
Sivakumar et al., 2025; Zhang et al., 2025). Re-
cent work explores dynamic and input-adaptive
steering, which constructs context-dependent con-
trol signals conditioned on the input or activation
statistics (Wang et al., 2024; Stolfo et al., 2025;
Turner et al., 2023). Recent works further extend
activation steering to support multiple behaviors,
enabling compositional control over diverse model
capabilities using shared or composable steering
vectors (van der Weij et al., 2024; Radevski et al.,
2026).

Recent mechanistic analyses on figurative lan-
guage suggest that figurative meaning is reflected in
structured internal representations: certain compo-
nents amplify figurative interpretations while sup-
pressing literal semantics (Oh et al., 2025), and
probing analyses reveal that idiomatic meaning is
distributed across model layers (Hefetz et al., 2025).
These findings motivate our investigation into using
activation steering to induce figurative phenomena
such as sarcasm and humblebragging.

3 Background

We first describe the fixed projection steering base-
line that SAPS extends, following the residual-
stream steering framework of Stolfo et al. (2025).
This framework consists of two steps: (1) comput-
ing an instruction-specific steering direction and (2)
applying that direction during generation through
projection-based steering.

Steering Direction. Let p denote a base instruc-
tion, p+ a target figurative paraphrasing instruction,
and xi ∈ {x1, x2, . . . , xN} an input sentence. Let
H

(l)
i ∈ RT×dmodel denote the residual-stream repre-

sentations for all tokens at layer l obtained from xi
under instruction p, where T is the sequence length.
Let h(l)

i ∈ Rdmodel denote the final-token residual
representation. Similarly, let h+(l)

i ∈ Rdmodel de-
note the corresponding final-token representation

under instruction p+. The steering direction at
layer l is the normalized average difference be-
tween the target-instruction and base-instruction
representations:

u(l) =

∑︁N
i=1 ∆h

(l)
i⃦⃦

⃦
∑︁N

i=1 ∆h
(l)
i

⃦⃦
⃦
2

, where ∆h
(l)
i = h

+(l)
i − h

(l)
i .

(1)

Thus, u(l) captures the average residual-stream
shift associated with moving from the base instruc-
tion to the target figurative instruction at layer l.

Fixed Projection Steering. At inference time,
steering is applied by adding a scaled version of
u(l) to the residual stream during generation. Let
H

′(l)
i ∈ RT×dmodel denote the residual-stream repre-

sentations at layer l for a new input x′i at a given
decoding step. The intervention is broadcast across
all token positions in the current sequence:

H̃
′(l)
i = H

′(l)
i + ci 1Tu

(l)⊤ (2)

where 1T signifies broadcasting of the steering
vector across all token positions and ci ∈ R is
an input-specific projection coefficient. In fixed
projection steering, ci is computed once from the
residual state at the first decoding step and then
reused unchanged for the remainder of generation.

To define ci, let

z̄ =
1

N

N∑︂

i=1

(︂
h
+(l)
i

)︂⊤
u(l) (3)

be the mean projection of the target-instruction
representations onto the steering direction. For a
new input, the projection coefficient is

ci = z̄ −
(︂
h
′(l)
i,0

)︂⊤
u(l) (4)

where h
′(l)
i,0 denotes the final-token residual rep-

resentation at layer l at the first decoding step. This
choice shifts the input’s projection along u(l) to-
ward the average target-instruction projection, but
keeps the intervention strength fixed throughout
autoregressive decoding.

4 Scaled Autoregressive Projection
Steering

We introduce Scaled Autoregressive Projection
Steering (SAPS), a novel projection-based steer-
ing method for figurative paraphrasing, illustrated
in Figure 2. SAPS contains two components: (1)
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Autoregressive Projection Steering (APS), projec-
tion coefficient during every decoding step, and
(2) a tunable hyperparameter, the Scaling Coeffi-
cient (α), which controls the overall strength of the
intervention.

4.1 Autoregressive Projection Steering (APS)
Let u(l) denote the steering direction at layer l
(Equation 1), and z̄ denote the mean projection of
target-instruction representations onto u(l) (Equa-
tion 3). For a new input x′i, we define the steering
coefficient at decoding step t as

ci,t = z̄ −
(︂
h
′(l)
i,t

)︂⊤
u(l) (5)

where h′(l)
i,t denotes the final-token residual repre-

sentation at layer l at decoding step t. Unlike fixed
projection steering (Equation 4), APS recomputes
it autoregressively as generation unfolds.

Given the residual-stream representation H
′(l)
i,t ∈

RT×dmodel of the current sequence at decoding step
t, the steered residual stream is

H̃
′(l)
i,t = H

′(l)
i,t + ci,t 1Tu

(l) (6)

where T is the current sequence length and 1T
signifies broadcasting of the steering vector across
all token positions. As in fixed projection steering,
the intervention is applied across token positions
in the current sequence. The key difference is that
APS updates the coefficient ci,t at each decoding
step, allowing the intervention strength to adapt to
the evolving autoregressive context.

4.2 Scaling Coefficient: α
SAPS uses a scaling coefficient α to control steer-
ing strength at inference time. The same scaling
can also be applied to fixed projection steering,
yielding a scaled fixed steering baseline. Formally,
we scale the projection coefficient as

c′i = αci, for Baseline
c′i,t = αci,t, for SAPS (7)

The scaled coefficients c′i and c′i,t replace ci and
ci,t in Eqns. 2 and 6, respectively.

The coefficient α controls the trade-off between
steering strength and output quality. Smaller val-
ues preserve more of the base model behaviour,
whereas larger values strengthen figurative be-
haviour but can reduce grammaticality. Directly
tuning the product αc as a single hyperparameter
is impractical because c varies by over two orders

of magnitude across layers (Appendix E); factor-
ing the intervention as αc lets c absorb this layer-
specific scale, enabling a single compact sweep of
α across all layers. Under APS, where ct is recom-
puted at every decoding step, this factored design
is essential as per-step tuning would further expand
the search space proportionally to the generation
length. We study the effect of α empirically in the
evaluation section.

5 Experiment Setup

We evaluate Llama-3.1-8B-Instruct (LLAMA;
Grattafiori et al. 2024), Mistral-7B-Instruct-v0.1
(MISTRAL; Jiang et al. 2023), and Gemma-2-9B-IT
(GEMMA; Team et al. 2024). Using Transformer-
Lens (Nanda and Bloom, 2022), we extract final-
token residual-stream representations from para-
phrasing prompts to compute steering directions.
These directions are highly stable across samples
of the training data, achieving a minimum pair-
wise cosine similarity of 0.998 across all settings
(Appendix D). During inference, steering vectors
are added to every token’s residual stream at the
selected layer with temperature = 0. We use the
final token representation following prior steering
work showing that the final token position captures
the information most relevant for effective steer-
ing (Turner et al., 2023; Li et al., 2024; Todd et al.,
2024; Stolfo et al., 2025). We focus on single-
layer steering for interpretability, as it isolates in-
tervention effects to a specific layer. While some
multi-layer configurations achieve comparable per-
formance, results are inconsistent across models,
and steering all layers often causes output collapse.
Moreover, selecting optimal layer subsets intro-
duces exponential hyperparameter complexity (Ap-
pendix G). All experiments were conducted on a
single NVIDIA A100 80GB GPU.

Base Sentence Construction To construct
phenomenon-specific steering directions, we first
create literal source sentences that express the un-
derlying content in a non-figurative form. For
humblebrag, we use examples from the training
split of Naganna et al. (2025). For each example,
GPT-4o is used to extract the underlying bragging
content and rewrite it as a direct literal statement
without modest framing. For sarcasm, these literal
statements are transformed into complaint-like sen-
tences describing the opposite situation, which are
then used as inputs to sarcasm-conditioned para-
phrasing prompts. All constructed sentences are
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manually reviewed for clarity and semantic coher-
ence (Prompt templates and transformation details
in Appendix A and B). For cross-dataset evaluation,
we additionally use Chakrabarty et al. (2022). For
each dataset, we use 500 training, 50 validation,
and 450 test instances.

Randomized Instructions To reduce sensitivity
to prompt phrasing, we use five paraphrasing in-
struction variants for each phenomenon and ran-
domly sample among them during direction compu-
tation, encouraging the steering direction to capture
the underlying phenomenon rather than prompt-
specific artifacts (Appendix B).

Layer Selection and Scaling Steering effective-
ness varies across transformer layers. We, there-
fore, perform a layer-wise validation analysis by
injecting the steering vector into one layer at a time
while leaving all other layers unchanged. We tune
the scaling coefficient α on the validation set by
sweeping values from 0.5 to 1.5 in increments of
0.1. Validation results show that strong steering
performance is typically concentrated in middle
layers, although nearby layers often achieve simi-
lar scores (Appendix F). Based on this pattern, we
evaluate two layer-selection settings on the test set:

1. Best-layer evaluation. For each model, phe-
nomenon, method, steering is applied at the sin-
gle best-performing validation layer, and that
layer is held fixed for all test examples.

2. Oracle evaluation. Steering is applied indepen-
dently to each layer within the middle 33% of
the model. For each test example, we report
the layer that yields the highest phenomenon-
strength score. Because the layer is chosen
post-hoc, oracle evaluation is not intended as
a realistic deployment protocol but serves as a
diagnostic upper-bound.

We apply the same protocol to fixed projection
steering and SAPS. When the scaling coefficient α
is applied to fixed projection steering, we refer to
that comparison setting as scaled fixed steering.

Evaluation Dimensions We evaluate generated
outputs using LLMs as judges, with the primary
metric being the phenomenon strength, and aux-
iliary metrics being entailment (as a measure of
semantic faithfulness), grammaticality, and clarity.
We use this distinction between the metrics because
our experiments involve many model, layer, and
scaling combinations, making manual evaluation

impractical in terms of computing cost. The evalua-
tor follows a rubric-constrained prompting protocol
and returns structured JSON scores. Our analysis
focuses on relative differences between methods
under a shared evaluation setup rather than treating
judge scores as calibrated ground truth. To reduce
self-evaluation bias, scoring is performed by sepa-
rate instruction-tuned evaluator models: Gemma 4
31B Instruct, Qwen3.5-27B, and GPT-OSS-120B1

Evaluation prompts are in Appendix C.
Note: LLM-based evaluation is commonly used

in activation steering research in the absence of
large-scale human annotation (Stolfo et al., 2025;
Arditi et al., 2024). Similar to past figurative lan-
guage studies (Chakrabarty et al., 2022; Yang et al.,
2025) that perform manual evaluation on smaller
sentence sets, we assess LLM-as-judge reliability
by comparing validation-set judge scores with hu-
man annotations and inter-model agreement (Ap-
pendix H.1). For both phenomena, we report Pear-
son correlation, Spearman rank correlation, and
quadratic weighted Cohen’s κ. The agreement is
moderate for sarcasm and consistently comparable
to prior work (Oprea and Magdy, 2020), and high
for humblebrag. Moreover, the LLM judges have
substantial or perfect agreement over the different
scores (Appendix H.2) and it’s reasoning aligns
with human reasoning (Appendix I).

6 Analysis

We structure our analysis around four aspects: im-
provement of SAPS over fixed projection steering,
impact of layer choice and steering strength on the
effectiveness and stability, token-level diagnostics
that depict why APS helps and comparisons with
direct prompting. We also include a cross-dataset
transfer study k.

6.1 Does SAPS improve figurative
paraphrasing?

Table 1 compares SAPS against fixed projection
steering under best-layer and oracle evaluation. Ta-
ble 2 then isolates the contributions of APS and
the scaling coefficient α. Throughout, statistical
significance is assessed with paired t-tests over per-
example judge scores.

1Model cards: https://huggingface.co/google/
gemma-4-31B-ithttps://huggingface.co/Qwen/Qwen3.
5-27B.https://huggingface.co/openai/gpt-oss-120b.
The reported scores are computed by averaging the evaluations
from all three open-source evaluator models for all metrics.
Detailed inter-model agreement statistics in Appendix H.2.
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Method Model α
Best Layer Oracle

Phe. Ent. Gra. Cla. Layer Phe. Ent. Gra. Cla.
(a) Sarcasm

Stolfo et al. (2025)
LLAMA

1.0
2.72 3.37 4.46 4.49 12 4.48 4.10 4.51 4.61

MISTRAL 3.12 4.04 4.50 4.62 12 4.25 3.96 4.38 4.51
GEMMA 3.81 3.75 4.69 4.70 19 4.52 4.33 4.62 4.69

SAPS
LLAMA 1.4 3.74(1.01) 3.13(0.24) 4.56(0.10) 4.56(0.07) 10 4.85(0.36) 4.18(0.08) 4.81(0.30) 4.88(0.26)

MISTRAL 1.4 3.89(0.76) 3.70(0.33) 4.60(0.09) 4.68(0.05) 12 4.72(0.47) 4.41(0.45) 4.82(0.44) 4.89(0.38)

GEMMA 1.2 3.52(0.29) 3.59(0.16) 4.11(0.58) 4.30(0.40) 19 4.64(0.12) 4.54(0.20) 4.74(0.12) 4.83(0.13)

(b) Humblebrag

Stolfo et al. (2025)
LLAMA

1.0
2.77 4.08 3.59 3.86 14 3.66 4.56 4.20 4.39

MISTRAL 1.56 4.40 4.61 4.72 14 2.64 4.38 3.98 4.24
GEMMA 2.80 4.61 4.22 4.57 22 3.80 4.63 4.25 4.59

SAPS
LLAMA 1.4 3.07(0.30) 4.35(0.27) 4.29(0.69) 4.51(0.65) 17 4.02(0.36) 4.69(0.13) 4.47(0.26) 4.65(0.25)

MISTRAL 1.4 2.08(0.51) 3.93(0.46) 4.57(0.03) 4.69(0.02) 14 3.01(0.37) 4.58(0.20) 4.51(0.53) 4.67(0.43)

GEMMA 1.5 2.88(0.07) 4.42(0.18) 4.49(0.27) 4.77(0.20) 20 4.16 (0.36) 4.72(0.09) 4.60(0.35) 4.81(0.21)

Table 1: Comparison of fixed projection steering (Stolfo et al., 2025) with SAPS on (a) sarcasm and (b) humblebrag
under best-layer and oracle evaluation. Phe., Ent., Gra., and Cla. denote phenomenon strength, entailment,
grammaticality, and clarity, respectively. Colored values in parentheses show the difference from fixed projection
steering: blue and red indicate improvement and degradation respectively. Underlined deltas indicate statistically
significant differences under paired t-tests.

Method Model α
Best Layer Oracle

Phe. Ent. Gra. Cla. Layer Phe. Ent. Gra. Cla.
(a) Sarcasm

SAPS
LLAMA 1.4 3.74 3.13 4.56 4.56 10 4.85 4.18 4.81 4.88
MISTRAL 1.4 3.89 3.70 4.60 4.68 12 4.72 4.41 4.82 4.89
GEMMA 1.2 3.52 3.59 4.11 4.30 19 4.64 4.54 4.74 4.83

−α
LLAMA

1.0
2.89(0.84) 3.88(0.75) 4.24(0.32) 4.37(0.19) 18 4.56(0.29) 4.43(0.24) 4.74(0.07) 4.83(0.04)

MISTRAL 3.24(0.64) 3.19(0.50) 4.71(0.11) 4.73(0.04) 15 4.63(0.09) 4.53(0.11) 4.83(0.00) 4.90(0.00)

GEMMA 3.53(0.01) 3.97(0.37) 4.78(0.67) 4.78(0.48) 19 4.59(0.05) 4.47(0.06) 4.77(0.02) 4.83(0.00)

−APS
LLAMA 1.5 3.63(0.10) 2.98(0.14) 4.15(0.41) 4.13(0.43) 11 4.45(0.40) 3.47(0.70) 4.39(0.42) 4.43(0.44)

MISTRAL 1.1 3.68(0.21) 3.74(0.04) 4.35(0.24) 4.49(0.19) 12 4.39(0.33) 4.08(0.33) 4.42(0.39) 4.58(0.31)

GEMMA 1.0 3.81(0.29) 3.75(0.16) 4.69(0.58) 4.70(0.40) 19 4.52(0.12) 4.33(0.20) 4.62(0.12) 4.69(0.13)

(b) Humblebrag

SAPS
LLAMA 1.4 3.07 4.35 4.29 4.51 17 4.02 4.69 4.47 4.65
MISTRAL 1.4 2.08 3.93 4.57 4.69 14 3.01 4.58 4.51 4.67
GEMMA 1.5 2.88 4.42 4.49 4.77 20 4.16 4.72 4.60 4.81

−α
LLAMA

1.0
2.71(0.36) 4.57(0.21) 4.45(0.16) 4.63(0.11) 14 3.54(0.47) 4.74(0.04) 4.55(0.07) 4.69(0.04)

MISTRAL 1.81(0.26) 2.75(1.18) 4.49(0.08) 4.63(0.06) 15 3.01(0.00) 4.68(0.09) 4.72(0.20) 4.85(0.18)

GEMMA 2.78(0.09) 4.75(0.33) 4.54(0.05) 4.89(0.12) 21 3.93(0.23) 4.86(0.14) 4.55(0.05) 4.81(0.00)

−APS
LLAMA 0.9 2.81(0.26) 4.29(0.06) 4.31(0.02) 4.47(0.04) 14 3.58(0.43) 4.53(0.16) 4.38(0.09) 4.53(0.11)

MISTRAL 1.4 1.97(0.11) 3.75(0.18) 3.46(1.10) 3.74(0.95) 14 2.50(0.50) 4.53(0.05) 3.93(0.58) 4.17(0.49)

GEMMA 1.5 2.90(0.02) 4.08(0.33) 4.29(0.19) 4.62(0.14) 18 3.68(0.48) 4.32(0.40) 4.29(0.31) 4.52(0.29)

Table 2: Ablation results for SAPS on (a) sarcasm and (b) humblebrag under best-layer and oracle evaluation.
−α removes scaling while retaining autoregressive coefficient updates. −APS denotes the scaled fixed steering.
Phe., Ent., Gra., and Cla. denote phenomenon strength, entailment, grammaticality, and clarity, respectively.
Colored values in parentheses show the difference from SAPS: blue and red indicate improvement and degradation
respectively. Underlined deltas indicate statistically significant differences under paired t-tests.

Comparison with baseline: Under best-layer
evaluation, SAPS often yields positive gains over
fixed projection steering. For both Sarcasm and
Humblebrag, the phenomenon scores improve sig-
nificantly for LLAMA and MISTRAL, while entail-
ment, grammaticality, and clarity show mixed re-
sults. The oracle setting reveals a clearer trend,
with SAPS significantly outperforming fixed pro-

jection steering. The stronger oracle gains suggest
that SAPS has substantial headroom when layer
choice is well-aligned with each example, and that
layer selection remains a major bottleneck in real-
istic best-layer evaluation.

Ablation study: Table 2 helps disentangle the
roles of APS and the scaling coefficient α. Re-
moving scaling while retaining APS (−α) typically
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Figure 3: Performance of sarcasm and humblebrag generation across layers and scaling coefficient (α) for fixed
projection steering and APS on GEMMA. Steering is most effective in a middle band of layers, and phenomenon
strength generally increases with scaling. At higher layers and larger scaling coefficients, fixed projection steering
degrades more sharply, while APS remains comparatively stable.

reduces phenomenon strength, indicating that tuned
intervention strength is useful for eliciting stronger
figurative behavior. However, these gains can come
with trade-offs in semantic faithfulness, grammat-
icality, or clarity, which is expected because α is
selected to optimize validation performance on the
target phenomenon. By contrast, replacing APS
with scaled fixed steering (−APS) more directly
exposes the benefit of projection coefficient up-
dates. In many settings, especially under oracle
evaluation, APS significantly improves all the per-
formance metrics. Taken together, these results
suggest that scaling helps control steering strength,
while APS is the main source of robustness.

6.2 How do layer choice and steering strength
affect steering quality and stability?

We next analyze steering behavior across layers
and scaling strengths. Figure 3 shows that steering
is most effective in a band of middle layers for both
sarcasm and humblebrag. At small values of α,
interventions are weak and phenomenon strength
remains limited. As α increases, both fixed projec-
tion steering and SAPS induce stronger figurative
behavior. However, the two methods differ substan-
tially in how they behave at larger scaling values.

For fixed projection steering, performance de-
teriorates more sharply at larger α, particularly in
higher layers. Figure 4 shows that this decline is
closely associated with a drop in grammaticality:
as outputs become less well-formed, phenomenon
scores also fall. This suggests that strong fixed
interventions can destabilize generation in higher
layers. SAPS exhibits a more gradual degradation
pattern. By recomputing the projection coefficient
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Figure 4: Layer-wise behavior of phenomenon strength
and grammaticality at high scaling (α = 1.5) for
GEMMA. At larger scaling values, fixed projection steer-
ing deteriorates sharply in higher layers, while SAPS
delays this degradation to later layers.

during decoding, SAPS delays the onset of gram-
matical collapse to later layers. These results help
explain why SAPS benefits more from larger scal-
ing values than fixed projection steering.

To evaluate robustness across layers, we mea-
sure the proportion of settings within the middle
33% layer band achieving at least X% of each
method’s peak phenomenon strength (Figure 5).
SAPS significantly increases the proportion of vi-
able configurations for various thresholds.

Therefore, SAPS has two major strengths: (i) it
reduces the impact of suboptimal layer choices due
to its robustness to layer mis-selection instead of
best-layer optimization; (ii) it maintains stronger
figurative-phenomena performance at higher α val-
ues by improving grammatical quality, thereby re-
ducing the sensitivity to the steering coefficient.

Notably, while activation-steering methods are
dependent on layer selection (Stolfo et al., 2025;
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Figure 5: Comparison of Baseline and SAPS across
different thresholds for Sarcasm and Humblebrag.
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Figure 6: JS divergence between explicitly prompted
reference model and steered generations for GEMMA.

Rimsky et al., 2024), our results suggest that the
search space can be substantially reduced. Across
all evaluated models, the best-performing layers
consistently fall within the middle 33% of layers
(Appendix F). In addition to increased robustness
to layer mis-selection, SAPS also reduces the need
for exhaustive validation sweeps over all layers.

6.3 Why does autoregressive projection
steering help?

To measure how steering changes the model’s next-
token distribution, we analyze token-distribution
shifts in terms of the Jensen-Shannon (JS) diver-
gence between the logits of an explicitly prompted
reference model and those of the steered models
at each decoding step. The reference model re-
ceives the target figurative instruction directly in
the prompt, while the steered models use a neutral
paraphrasing prompt and rely on activation steering
to induce the phenomenon. To ensure a shared gen-
eration trajectory, we use teacher forcing: at each
step, the token predicted by the reference model is
appended to all prompts.

Figure 6 shows that SAPS consistently remains
closer to the reference distribution than fixed pro-
jection steering. Larger values of α increase diver-
gence for both methods, reflecting stronger pertur-
bations to the model’s generation dynamics. How-
ever, the lower divergence of SAPS suggests that

autoregressive coefficient updates produce a more
controlled intervention, altering the model’s be-
havior without shifting its token distribution as
abruptly as fixed steering. This preserves gram-
maticality at larger steering strengths, and can be
explained by the lower projection coefficient in
SAPS (Appendix K).

6.4 Cross-dataset transfer
Finally, we evaluate whether steering directions
learned from one dataset can be transferred to
another in sarcasm and humblebrag generation.
We use a second complaint dataset (FLUTE,
Chakrabarty et al. (2022)) for sarcasm and brag
dataset (Jin et al. (2022)) for humblebrag respec-
tively as an unseen target domain and compare
two settings: D2 → D2, where steering directions
are computed from the target-domain data, and
D1 → D2, where directions are transferred from
the source dataset. Appendix J shows that the input
datasets are different and the steering method re-
duces the distribution gap. Table 3 shows minimal
differences between in-domain and transferred set-
tings, indicating the learned steering directions gen-
eralize sarcasm and humblebrag beyond a single
dataset and enable effective transfer across related
data sources.

6.5 Comparison with direct prompting
Since the figurative phenomena can be generated
using direct prompting, we also compare steering
with it, where the desired behavioral attributes are
specified explicitly in the input prompt without
modifying the model’s internal representations. Ta-
ble 4 presents a comparison between direct prompt-
ing and steering methods. Overall, direct prompt-
ing performs better on the phenomena metric un-
der best-layer evaluation, whereas SAPS achieves
stronger results under oracle evaluation. Results
on entailment, grammaticality, and clarity are more
mixed. Despite stronger performance of direct
prompting under best-layer evaluation, it’s limited
interpretability makes activation steering more suit-
able for controllable and interpretable generation.

7 Conclusion

This work investigates activation steering for con-
trollable generation of incongruity-based figurative
language in large language models. Prior steer-
ing methods apply a fixed, sentence-level projec-
tion coefficient throughout generation, which be-
comes misaligned with the evolving token distri-
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Method Model Phe. Ent. Gra. Cla. Phe. Ent. Gra. Cla.
(a) Sarcasm (b) Humblebrag

D2 → D2

LLAMA 4.96 4.35 4.72 4.84 3.96 4.83 4.13 4.39
MISTRAL 4.97 4.71 4.68 4.91 2.99 4.75 4.41 4.63
GEMMA 4.53 4.48 4.82 4.94 3.88 4.88 4.24 4.61

D1 → D2

LLAMA 4.98(0.02) 4.41(0.06) 4.72 4.81(0.03) 4.01(0.05) 4.87(0.04) 4.16(0.03) 4.45(0.06)

MISTRAL 4.95(0.02) 4.64(0.07) 4.68 4.90(0.01) 3.02(0.03) 4.84(0.01) 4.47(0.06) 4.67(0.04)

GEMMA 4.60(0.08) 4.52(0.04) 4.78(0.04) 4.93(0.01) 3.86(0.02) 4.90(0.02) 4.18(0.06) 4.60(0.01)

Table 3: Cross-dataset transfer for sarcasm and humblebrag generation. D2 → D2 and D1 → D2 compute steering
directions from target and source data respectively. Values in parentheses show differences relative to D2 → D2:
blue and red indicate improvement and degradation respectively.

Method Model Evaluation Phenomena Entailment Grammatical Clarity Phenomena Entailment Grammatical Clarity
(a) Sarcasm (b) Humblebrag

Prompting
LLAMA

-
4.80 3.83 4.25 4.84 4.16 4.31 4.33 4.64

MISTRAL 4.29 3.79 4.69 4.96 3.78 4.47 4.81 4.90
GEMMA 4.31 3.43 4.45 4.82 2.99 3.48 4.13 4.60

SAPS

LLAMA
Best-Layer 3.74(1.06) 3.13(0.70) 4.56(0.31) 4.56(0.28) 3.07(1.09) 4.35(0.04) 4.29(0.04) 4.51(0.13)

Oracle 4.85(0.05) 4.18(0.35) 4.81(0.56) 4.88(0.04) 4.02(0.14) 4.69(0.38) 4.47(0.14) 4.65(0.01)

MISTRAL
Best-Layer 3.89(0.4) 3.70(0.09) 4.60(0.09) 4.68(0.28) 2.08(1.7) 3.93(0.54) 4.57(0.24) 4.69(0.21)

Oracle 4.72(0.43) 4.41(0.62) 4.82(0.13) 4.89(0.07) 3.01(0.77) 4.58(0.11) 4.51(0.03) 4.67(0.23)

GEMMA
Best-Layer 3.52(0.79) 3.59(0.16) 4.11(0.34) 4.30(0.52) 2.88(0.11) 4.42(0.94) 4.49(0.36) 4.77(0.17)

Oracle 4.64 (0.33) 4.54(1.11) 4.74(0.29) 4.83(0.01) 4.16(1.17) 4.72(1.24) 4.60(0.47) 4.81(0.21)

Table 4: Comparison of direct prompting with SAPS on (a) sarcasm and (b) humblebrag under best-layer and
oracle evaluation. Phe., Ent., Gra., and Cla. denote phenomenon strength, entailment, grammaticality, and clarity,
respectively. Colored values in parentheses show the difference from fixed projection steering: blue and red
indicate improvement and degradation compared to prompting respectively. Underlined deltas indicate statistically
significant differences under paired t-tests.

bution in figurative contexts. To address this, we
propose Scaled Autoregressive Projection Steer-
ing (SAPS), comprising APS, which recomputes
projection coefficients during decoding, and scal-
ing coefficient, which modulates steering strength
at inference time. Experiments across multiple
instruction-tuned models demonstrate that SAPS
improves grammatical stability while strengthen-
ing figurative expression. These results establish
that representation-level interventions can enable
controllable generation of higher-level figurative
phenomena, opening avenues for extending activa-
tion steering to broader figurative forms.
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Limitations

Incongruity. We focus on incongruity expressed
within a figurative sentence without significant con-
textual information. For example, ‘This is the best
way to start the week’ may be sarcastically said by
a person stuck in traffic during their daily commute.

Hyperparameter Sensitivity. The effectiveness
of the proposed steering method depends on the
selection of the scaling coefficient and the steering
layer. Although we tune these using validation data,
performance may vary across models, datasets, and
target phenomena, potentially requiring additional
calibration when applied in new settings.

LLM-as-a-Judge Evaluation. Our evaluation
primarily relies on an LLM-based judge to as-
sess phenomenon strength and linguistic quality.
While this enables scalable evaluation and we ver-
ify agreement with human annotations on a subset
of data, automated judging may introduce biases
or inconsistencies, particularly for pragmatic phe-
nomena such as sarcasm and humblebragging.
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A Generation Prompts

Humblebrags Generation Prompt

'Rewrite the following sentence to remove any humblebrag, '
'self-deprecation, or justification. Turn it into a confident, '
'unapologetic brag. Keep it natural, punchy, and socially smooth. '
'Give one single sentence and nothing else:'

Complaints Genenration Prompt

"""
Take the following sentence and rewrite it as a genuine complaint with the opposite meaning.

Rules:
1. Completely reverse the original meaning (e.g., abundance to lack, success to difficulty,

ownership to absence, ease to struggle).
2. Remove all bragging, pride, humor, sarcasm, or irony.
3. Do not retain any positive framing from the original sentence.
4. Express shortage, inconvenience, frustration, or disappointment in a realistic way.
5. Keep the sentence natural, clear, and believable.
6. Avoid exaggeration or dramatization.
7. Output exactly ONE sentence and nothing else.

Sentence:
"""

B Paraphrasing Prompts

Neutral Paraphrasing Prompt

1) Paraphrase the sentence in exactly one sentence.

Sarcasm Paraphrasing Prompts

1) "Paraphrase the sentence sarcastically in exactly one sentence. "
"The sentence should sound superficially positive or approving, "
"but include clear cues of dissatisfaction or criticism within the sentence itself."

2) "Rewrite the sentence in exactly one sentence using sarcasm. "
"Use positive or approving wording that clearly implies criticism or dissatisfaction."

3) "Produce a one-sentence sarcastic paraphrase of the sentence. "
"The wording should appear positive on the surface while signaling negative intent."

4) "Express the sentence sarcastically in a single sentence. "
"The sentence should convey criticism through superficially positive language."

5) "Create a sarcastic paraphrase in exactly one sentence, "
"using apparent approval that clearly conveys dissatisfaction."

Humblebrag Paraphrasing Prompts

1) "Paraphrase the sentence in exactly one sentence as a complaint-based humblebrag. "
"The sentence should sound like a complaint or expression of frustration, "
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"while implicitly bragging about something related to the original sentence's theme."

2) "Rewrite the sentence in exactly one sentence as a humblebrag disguised as a complaint. "
"Infer the brag theme from the original sentence "
"(such as work, ability, success, appearance, or social life), "
"and frame the brag as something inconvenient or annoying."

3) "Produce a one-sentence complaint-style humblebrag paraphrase of the sentence. "
"The surface tone should express dissatisfaction or annoyance, "
"while subtly highlighting a positive trait or achievement implied by the original sentence
."

4) "Express the sentence as a complaint-based humblebrag in a single sentence. "
"Maintain the original topic, "
"and present the implied brag as an unwanted burden or frustration."

5) "Create a complaint-style humblebrag paraphrase in exactly one sentence. "
"Base the underlying brag on what the original sentence is about, "
"and disguise it by framing the situation as bothersome or inconvenient."

C Evaluation Prompts

Sarcasm Evaluation Prompt

"""
You are a strict linguistic evaluator.

You will be given:
1) An original complaint sentence.
2) A generated sentence.

Your task is to evaluate ONLY the generated sentence according to the criteria below.

GENERAL RULES:
- Base your judgment ONLY on the text provided.
- Judge sarcasm ONLY from the generated sentence itself.
- Do NOT infer intent, tone, or sarcasm from the original sentence.
- Do NOT assume missing context or imagine how the sentence might continue.
- If a criterion is not clearly satisfied, assign a lower score.
- Be conservative rather than generous.

You must output ONLY valid JSON in the specified format.
Do NOT explain your reasoning.
Do NOT add any extra text.

--------------------------------------------------
CRITERIA (score each from 0 to 5)
--------------------------------------------------

SARCASTICITY (VERY STRICT)

Definition:
Sarcasm is an indirect expression of criticism or complaint achieved through
semantic inversion (e.g., surface praise masking negative intent).

A score of 5 requires ALL of the following:
1) The sentence is complete and grammatically well-formed.
2) There is clear internal semantic incongruity (explicit praise applied to an explicitly

negative outcome within the same sentence).
3) The sarcastic intent is fully inferable from the sentence alone (no external context

required).
4) The negative situation or target is explicitly stated in the sentence.
5) Criticism is conveyed indirectly (not stated as a direct complaint or insult).
6) The praise-criticism inversion is unambiguous to any reader.

Core principle:
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Sarcasm must be identifiable solely from the generated sentence itself.
Simple sentiment flip without explicitly stating the negative situation
does NOT qualify as high-level sarcasm.

Scoring rubric:
- 0 = Not sarcastic at all; literal or sincere statement.
- 1 = Weak or ambiguous irony/snark; could be sarcastic in context,

but no clear internal contradiction.
- 2 = Contains sarcasm markers (e.g., "great", "nice", "wow") but:

- relies on missing or external context, OR
- is merely a sentiment flip without stating the negative situation, OR
- is a short fragment or interjection.

- 3 = Indirect criticism and some inversion present, BUT:
- sentence is fragmentary, truncated, or structurally flawed, OR
- the negative target is not fully specified within the sentence, OR
- inversion is weak or partially unclear.

- 4 = Clear self-contained sarcasm:
- complete sentence,
- explicit internal semantic inversion,
- negative situation explicitly stated,
- indirect criticism present, but sarcasm is somewhat mild or formulaic.

- 5 = Strong, unambiguous, self-contained sarcasm:
- complete sentence,
- explicit praise-criticism inversion,
- negative situation clearly stated within the sentence,
- no reliance on external context,
- indirect criticism obvious to any reader.

HARD CONSTRAINTS (MUST BE ENFORCED):
- Sentence fragments or interjections (e.g., "Oh great.", "Just perfect.")
MUST NOT receive a sarcasm score above 2.

- Incomplete, truncated, or non-terminated sentences
MUST NOT receive a sarcasm score above 3.

- Sentences that explicitly explain or label their sarcasm
(e.g., "I'm being sarcastic", "which is ironic")
MUST NOT receive a sarcasm score above 2.

- Direct complaints or insults without ironic inversion
MUST NOT receive a sarcasm score above 2.

- If sarcasm depends on tone, delivery, or external situational knowledge,
the score MUST NOT exceed 2.

--------------------------------------------------

ENTAILMENT (FAITHFULNESS TO ORIGINAL COMPLAINT)

Definition:
Measures whether the generated sentence preserves the same underlying complaint
or criticism as the original, even if expressed sarcastically.

Scoring rubric:
- 0 = Contradicts or changes the original complaint or situation.
- 1 = Loosely related but misses the core complaint.
- 2 = Mentions the same issue but adds, removes, or distorts key facts.
- 3 = Preserves the general complaint but alters emphasis or details.
- 4 = Mostly faithful with only very minor shifts in wording or emphasis.
- 5 = Fully faithful: preserves the same underlying complaint with no added

or removed facts.

--------------------------------------------------

GRAMMATICALITY

Definition:
Measures syntactic correctness and fluency.

Scoring rubric:
- 0 = Ungrammatical or severely broken; meaning unclear.
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- 1 = Multiple grammatical errors; difficult to understand.
- 2 = Noticeable grammatical issues, but meaning is recoverable.
- 3 = Mostly grammatical with minor errors.
- 4 = Grammatically correct and fluent with very minor issues.
- 5 = Perfectly grammatical, fluent, and natural.

--------------------------------------------------

CLARITY

Definition:
Measures how easily the sentence's meaning can be understood.

Scoring rubric:
- 0 = Confusing or incoherent; meaning unclear.
- 1 = Very difficult to interpret without guessing.
- 2 = Meaning present but vague or obscured.
- 3 = Generally clear, but some ambiguity remains.
- 4 = Clear and easy to understand.
- 5 = Very clear, precise, and immediately understandable.

--------------------------------------------------
OUTPUT FORMAT (STRICT)
--------------------------------------------------

Output MUST be valid JSON exactly in the following format:

{{
"sarcasm": <int>,
"entailment": <int>,
"grammaticality": <int>,
"clarity": <int>

}}

--------------------------------------------------
INPUT
--------------------------------------------------

Original complaint:
"{original}"

Generated sentence:
"{generated}"
"""

Humblebrag Evaluation Prompt

You are a strict linguistic evaluator.

You will be given:
1) An original complaint sentence.
2) A generated sentence.

Your task is to evaluate ONLY the generated sentence.

Base your judgment ONLY on the text provided.
Do NOT infer intent or meaning from the original sentence.
Do NOT assume missing context or imagine unstated implications.
Be conservative rather than generous.
Do NOT explain your reasoning.
Do NOT add any text beyond the JSON output.

--------------------------------------------------
DEFINITION: HUMBLEBRAGGING
--------------------------------------------------
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A humblebrag is a specific type of brag that masks self-praise behind a
faux-humble or self-deprecating complaint.

A valid humblebrag is composed of ALL of the following components:

1) Brag:
- An explicit expression of self-praise or boasting.

2) Brag Theme:
- A clear category of what is being bragged about, such as:

- Looks and Attractiveness
- Achievements
- Performance at Work
- Money and Wealth
- Intelligence
- Personality
- Social Life
- Miscellaneous

3) Humble Mask:
- A modest, apologetic, or self-critical element that obscures the brag.

4) Mask Type:
- Either:

- modest tone, OR
- self-deprecating complaint

A sentence that lacks ANY of these components cannot be a strong humblebrag.

--------------------------------------------------
CRITERIA (score each from 0 to 5)
--------------------------------------------------

HUMBLEBRAG (VERY STRICT)

Score according to the presence, strength, and integration of the four components above.

Scoring rubric:

- 0 = No brag at all, OR a pure complaint with no self-praise.
- 1 = Direct or polite brag with no humble mask.
- 2 = Weak humblebrag attempt:

- brag is present,
- but humble mask is token, perfunctory, or superficial.

- 3 = Partial humblebrag:
- clear brag and brag theme,
- some humble mask or complaint,
- but the brag remains dominant or poorly obscured.

- 4 = Strong humblebrag:
- explicit brag,
- clear brag theme,
- meaningful humble mask,
- brag is embedded within a complaint or inconvenience.

- 5 = Canonical humblebrag:
- explicit brag,
- identifiable brag theme,
- strong and genuine-seeming humble mask,
- clear downside, discomfort, embarrassment, or self-criticism,
- brag is fully embedded inside the complaint rather than stated directly.

HARD CONSTRAINTS (MUST BE ENFORCED):
- If NO downside, discomfort, embarrassment, or self-criticism is present,
the humblebrag score MUST NOT exceed 2.

- Direct bragging without a humble mask MUST NOT exceed 1.
- Complaints without any brag MUST score 0.
- Sentences that explicitly explain or label themselves as humblebrags
(e.g., "I'm not trying to brag") MUST NOT exceed 2.

- Fragmentary, incomplete, or truncated sentences MUST NOT exceed 3.
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--------------------------------------------------

BRAG ENTAILMENT (FAITHFULNESS TO ORIGINAL BRAG)

Definition:
Measures whether the generated sentence preserves the same underlying
brag content as the original sentence (i.e., what is being bragged about),
regardless of tone, complaint framing, exaggeration, or self-deprecation.

IMPORTANT:
- Adding complaints, inconvenience, embarrassment, or self-criticism
is EXPECTED and SHOULD NOT reduce the score.

- Tone changes (e.g., brag -> complaint) are allowed.
- Entailment is violated ONLY when the brag itself changes.

Scoring rubric:
- 0 = Refers to a different brag or contradicts the original brag.
- 1 = Loosely related success or attribute, but misses the core brag.
- 2 = Preserves the general domain (e.g., success), but changes the

specific brag or introduces a different achievement.
- 3 = Preserves the same brag theme, but alters important factual details

(e.g., scale, nature, or object of the brag).
- 4 = Mostly faithful:

- same underlying brag,
- only minor exaggeration or rhetorical modification.

- 5 = Fully faithful:
- preserves exactly the same brag content,
- no change to what is being bragged about,
- complaint framing or self-deprecation does not alter the brag.

--------------------------------------------------

GRAMMATICALITY

Measures syntactic correctness and fluency.

Scoring rubric:
- 0 = Ungrammatical or severely broken; meaning unclear.
- 1 = Multiple grammatical errors; difficult to understand.
- 2 = Noticeable errors but meaning is still recoverable.
- 3 = Mostly grammatical with minor errors.
- 4 = Grammatically correct and fluent with very minor issues.
- 5 = Perfectly grammatical, fluent, and natural.

--------------------------------------------------

CLARITY

Measures how easily the sentence's meaning can be understood.

Scoring rubric:
- 0 = Confusing or incoherent; meaning unclear.
- 1 = Very difficult to interpret without guessing.
- 2 = Meaning present but vague or obscured.
- 3 = Generally clear, but some ambiguity remains.
- 4 = Clear and easy to understand.
- 5 = Very clear, precise, and immediately understandable.

--------------------------------------------------
OUTPUT FORMAT (STRICT)
--------------------------------------------------

Output MUST be valid JSON exactly in the following format:

{{
"humblebrag": <int>,
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"entailment": <int>,
"grammaticality": <int>,
"clarity": <int>

}}

--------------------------------------------------
INPUT
--------------------------------------------------

Original brag:
"{original}"

Generated sentence:
"{generated}"
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D Stability of Steering Directions

To assess whether the estimated steering direction
u(l) is sensitive to the particular sample of con-
trastive pairs used to compute it, we conduct a
stability analysis across independently resampled
training subsets. For each phenomenon and model,
we compute the steering direction from the train-
ing pool, and measure the pairwise cosine simi-
larity between the resulting directions at the best-
performing layer for that model. Table 6 reports
the mean, standard deviation, and minimum co-
sine similarity across all training pairs. Across all
models and both phenomena, steering directions
computed from different data subsets are nearly
identical (mean cosine similarity ≥ 0.9995, SD
≤ 0.0004, minimum ≥ 0.998). This indicates that
u(l) is a stable estimate of the phenomenon direc-
tion and is not an artifact of the particular set of
paraphrase pairs used to construct it.

E Justification of the Scaling Coefficient

We motivate the factored formulation αc by exam-
ining how the projection coefficient varies across
layers. Table 5 reports the projection coefficient c
at the first decoding step across layers on GEMMA

over 50 validation examples. Although experimen-
tally determined values of c do not guarantee opti-
mal injection of figurative phenomena, they provide
an appropriate range for introducing the desired
figurative characteristics. Subsequently, α is em-
ployed to further tune and enhance the quality of
the phenomena injection.

The coefficient c grows monotonically with layer
depth, spanning over two orders of magnitude
(from ≈1.2–2.7 at layer 0 to ≈580–588 at layer
40). Directly tuning αc as a single hyperparam-
eter would therefore require layer-specific search
ranges, as a value effective at early layers is neg-
ligible at deeper ones. Factoring the intervention
as αc lets c absorb the layer-specific scale, so a
single compact sweep of α ∈ {0.5, 0.6, . . . , 1.5}
applies uniformly across all layers. Under APS,
where ct is recomputed at every decoding step, this
factored design is essential: per-step tuning would
further expand the search space proportionally to
the generation length.

F Layers selection for Oracle evaluation

Figure 7 presents the layer-wise Normalized Phe-
nomena Score (NS) for sarcasm and humblebrag.
For each sentence, we first identify the layer that

achieves the highest score. Then, we weight each
selection by the corresponding layer score. Specifi-
cally, if layer i achieves the highest score for a sen-
tence s, its contribution is weighted by Si,s. The
resulting score is then averaged across all sentences
to obtain the Normalized Phenomena Score (NS)
for each layer, defined in Equation 8.

NSi =
1

N

∑︂

s∈Sent
1 i=argmaxj /∈L Sj,s · Si,s (8)

where Si,s denotes the score obtained from layer
i for sentence s, N is the total number of sen-
tences, and 1. is an indicator function that equals 1
if layer i achieves the maximum score among all
considered layers for sentence s, and 0 otherwise.
This formulation captures both the frequency with
which a layer is selected as the best layer and the
strength of its score.

As shown in Figure 7, layers in the middle 33%
of the model consistently receive non-zero normal-
ized scores for both baseline and APS settings. This
indicates that the middle layers play a crucial role
in capturing representations relevant to sarcasm
and humblebrag phenomena and thus, we consider
the middle 33% layers for oracle evaluation.

G Multi-Layer Steering

To examine the effect of steering multiple layers
simultaneously, we run the steering experiment on
the validation set. Since multi-layer steering ex-
periments involve exponentially increasing hyper-
parameter complexity, we restrict experiments to
a subset of layers while fixing the scaling coeffi-
cient to that of the best layer. We test steering all
layers as well as symmetric windows of 3, 5, and
11 layers around the best layer, where each win-
dow selects (n−1)

2 layers on each side of the best
performing layer. As shown in Table 7, steering
all layers simultaneously leads to collapse in the
generated text across all four metrics, while smaller
windows maintain better output quality, confirming
that steering fewer layers is necessary to produce
high-quality output. The failure of the all-layers
setting can be attributed to the varying α values
required across different layers for consistent figu-
rative phenomena injection.
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Layer (a) Sarcasm (b) Humblebrag
Avg Min Max Avg Min Max

0 1.23 0.48 2.23 2.69 0.95 3.60
4 4.96 3.82 5.94 6.60 4.22 7.97
8 17.53 14.48 18.42 17.67 15.13 19.83
12 39.01 35.84 41.41 40.04 37.46 42.56
16 59.75 55.84 62.20 63.62 60.14 66.68
20 154.56 150.63 158.91 148.51 144.24 152.04
24 228.15 217.60 235.45 221.63 209.56 230.45
28 290.83 266.16 313.73 294.53 247.68 317.53
32 361.64 323.31 392.14 367.51 311.49 408.60
36 445.42 377.26 495.66 451.97 378.60 510.62
40 580.76 483.47 641.82 588.25 506.40 679.79

Table 5: Projection coefficient c at the first decoding step across layers on GEMMA, computed over 50 validation
examples.

Model Mean SD Min
(a) Sarcasm

LLAMA 0.9995 0.0004 0.9967
MISTRAL 0.9995 0.0004 0.9969
GEMMA 0.9995 0.0004 0.9970

(b) Humblebrag
LLAMA 0.9995 0.0002 0.9989
MISTRAL 0.9995 0.0003 0.9983
GEMMA 0.9995 0.0003 0.9980

Table 6: Pairwise cosine similarity between steering
directions u(l) computed from the training pool, for each
model and phenomenon. Directions are highly stable
across resamples, with cosine similarity consistently
above 0.998.

H LLM Evaluation Validation

H.1 Correlation with Human Evaluation:

To validate the reliability of our LLM-as-judge eval-
uation framework, we collected annotations from
three independent human annotators on 100 ran-
domly sampled validation examples (50 sarcasm,
50 humblebrag). Annotators were shown the base
sentence and generated output, and asked to rate
phenomenon strength and grammaticality on the
same 0-5 scale used by the LLM judge. Agreement
between individual annotators and the LLM judge
was measured using Pearson correlation (r), Spear-
man rank correlation (ρ), and quadratic weighted
Cohen’s κ, and shown in Table 8.

Agreement was substantial to almost perfect for
humblebrag (κ=0.77) and moderate to substantial
for sarcasm (κ=0.52). The higher agreement for
humblebrag phenomenon scores reflects its more
objective structure (presence of brag + humble
mask), while sarcasm’s reliance on pragmatic in-
terpretation introduces more subjective variation.
Furthermore the inter-annotator agreement for the
phenomenon is comparable with past work that
propose datasets for sarcasm detection (Joshi et al.,

2016; Srirag et al., 2025). Grammaticality showed
consistently high agreement (κ = 0.74 for sarcasm
and 0.83 for humblebrag) across both phenomena,
as expected for a more objective criterion.

These results validate that the LLM judge pro-
vides sufficiently consistent assessments for our
comparative evaluation framework, where the goal
is to measure relative differences between methods
rather than establish absolute ground truth scores.

H.2 Inter-Model Agreement:
In Table 9, we report the inter-model evaluation
agreements in terms of weighted Cohen’s kappa
scores between different LLM-based judges across
both tasks on the validation and test sets. For the
phenomenon scoring task, GPT-OSS-120B demon-
strates substantial agreement with the other judges,
while Qwen3.5-27B and Gemma4-31B achieve al-
most perfect agreement. For the entailment, gram-
mar, and clarity evaluation dimensions, all LLM
judges exhibit almost perfect agreement.

I LLM-as-Judge Evaluation Examples.

Table 10 presents the evaluation conducted by
an LLM-as-a-judge on generated sentences. The
accompanying reasoning traces provide insight
into the assigned scores and appear to be broadly
aligned with human reasoning.

J Cross Domain Data

Figure 8 visualizes the t-SNE projections of the
Sarcasm and Humblebrag datasets, illustrating a
clear distribution gap between the two datasets. Fig-
ures 8b and 8d further compare the D2 → D2 and
D1 → D2 settings, revealing overlapping clusters
patterns induced by the steered data. Thus, the
overlapping clusters of the steered outputs suggest
successful phenomenon induction, indicating that
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(a) Sarcasm (b) Humblebrag

Figure 7: Layer-wise normalized score of selected best layer for sarcasm and humblebrag in baseline and APS. In
middle 33% layers, both baseline and APS have non-zero selection.

the steering vectors bring the resulting represen-
tations closer together despite differences in the
input data. Further, table 3 depicts the negligible
performance change showing to same observation.

K Projection coefficients during decoding

We examine the steering coefficients applied during
generation. Fixed projection steering (with steering
scale, α) applies the same coefficient throughout
generation, whereas SAPS adapts the coefficient
step by step (Figure 9). In both tasks, the SAPS
coefficient generally decreases after early decoding
steps, indicating that the strength of the interven-
tion is moderated as generation unfolds.

L Effect of Projection Coefficients

From figures 10,11,12, it can be observed that at
early layers baseline and APS show similar per-
formance for Gemma, Llama and Mistral models
respectively. At higher layers, the baseline per-
formance starts degrading with increasing scaling
coefficient. This is a general phenomena with over-
steering, which can be observed in other tasks (Bas
and Novak, 2025), where the high projection co-
efficient leads to performance degradation. How-

ever, APS reduces this collapse by fixing the gram-
matical instability for higher scaling coefficient at
higher layers.

M More visualization results

Figure 13 shows the sarcasm and humblebrag per-
formance of baseline and APS across different lay-
ers and scaling coefficient for Llama and Mistral
models. The fading at higher layer and higher
scaling coefficient can be observed for baseline,
whereas APS is relatively immune to this effect.
Figure 14 shows that this effect is due to the gram-
matical instability.

Figure 15 shows the evolution of token distribu-
tions across decoding steps. Overall, APS exhibits
lower divergence compared to the baseline, while
increasing α leads to larger divergence. Figure 16
shows the projection coefficients for baseline and
APS method in different α settings. The Baseline
shows straight line indicating sentence-level coeffi-
cients.
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Model Layers (a) Sarcasm (b) Humblebrag
Phe. Ent. Gra. Cla. Phe. Ent. Gra. Cla.

LLAMA

best 3.55 2.60 4.68 4.71 3.21 4.39 4.29 4.49
3 3.83 3.22 4.58 4.60 2.59 4.24 3.51 3.75
5 3.63 3.02 4.47 4.52 2.32 3.13 2.43 2.70
11 3.23 2.15 2.53 2.97 0.78 1.05 0.58 0.77
all 1.08 0.22 0.05 0.10 0.00 0.00 0.06 0.05

MISTRAL

best 4.04 3.50 4.66 4.81 2.26 4.14 4.41 4.57
3 3.75 3.75 4.74 4.77 1.75 3.47 4.00 4.31
5 4.03 3.35 4.66 4.84 2.23 3.41 4.43 4.65
11 3.41 2.33 4.53 4.62 2.13 2.89 4.19 4.25
all 1.62 0.35 0.61 0.91 0.43 0.77 0.56 0.63

GEMMA

best 3.70 3.51 4.27 4.45 3.28 4.73 4.38 4.81
3 2.89 3.36 4.75 4.91 2.16 4.83 4.39 4.62
5 3.94 3.79 4.75 4.87 3.61 4.40 4.47 4.75
11 3.50 2.95 4.74 4.87 2.02 2.07 4.25 4.31
all 1.41 0.47 0.25 0.31 0.00 0.01 0.04 0.06

Table 7: Multilayer steering comparison on sarcasm and humblebrag. Phe., Ent., Gra., and Cla. denote phenomenon
strength, entailment, grammaticality, and clarity respectively.

Phenomenon Metric r ρ κ

Sarcasm Phenomenon 0.57 0.61 0.52
Grammar 0.80 0.78 0.74

Humblebrag Phenomenon 0.79 0.78 0.77
Grammar 0.85 0.81 0.83

Table 8: Agreement between human annotators and
LLM judge on 100 validation examples (50 per phe-
nomenon). r = Pearson, ρ = Spearman, κ = Weighted
Cohen’s kappa. All correlations significant at p <
0.001.

Models Phe. Ent. Gra. Cla.
(a) Sarcasm

GPT-Qwen 0.68 0.73 0.87 0.86
GPT-Gemma 0.71 0.80 0.87 0.88
Qwen-Gemma 0.83 0.80 0.90 0.89

(b) Humblebrag
GPT-Qwen 0.67 0.86 0.91 0.90
GPT-Gemma 0.66 0.91 0.85 0.89
Qwen-Gemma 0.84 0.90 0.92 0.92

Table 9: Agreement between (Weighted Cohen’s kappa,
κ) LLM judges on validation-test examples. GPT, Qwen
and Gemma indicate GPT-OSS-120B, Qwen3.5-27B
and Gemma4-31B respectively.
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Base Sentence Generated Sentence Phenomena Entailment Grammatical Clarity LLM Reasoning
Sarcasm

"I’m struggling to find any acting roles,
especially in major films."

"The sheer volume of amazing talent out
there makes it a real challenge to even get
noticed for a role in a big production."

0 5 5 5 Generated sentence is fluent and coherent
but lacks a clear sarcastic contrast with the
base sentence.

"I have so little money that I can’t even af-
ford a financial advisor to help me manage
it."

"Well, aren’t you just *thrilling*! How
*thrilling*! Oh, *thrilling*! What a
*thrilling* time! Oh, *thrilling*! What
a *thrilling* *th"

1 0 2 1 Excessive repetition makes the sentence
ungrammatical and unclear, while also fail-
ing to maintain logical consistency with
the base sentence.

"Losing a culinary competition has left my
Instagram DMs empty and without any
interest in my recipes."

Well, it’s a good thing that my Instagram
DMs are now flooded with requests for
my recipes since I’ve lost all interest in
cooking competitions."

0 0 5 5 Although grammatically sound and clear,
the sentence does not preserve the original
meaning and lacks sarcasm.

"I’m rarely earning money, which leaves
me constantly worried about my finances."

"Oh, how delightful it is to be constantly
on the brink of financial ruin, with nothing
but empty promises and dwindling bank
accounts to keep us company."

5 5 5 5 Generated sentence exhibits strong sarcas-
tic contrast and remains consistent with
the base context.

"I lost the music competition and now I’m
stuck at home for the summer."

"Wow, I’m so bummed, I totally won’t be
able to participate in any summer fun, yay,
just peachy, I’m just peachy, I got totally
crushed in that music competition, yay,
just peachy, I’m just peachy, yay, I’m just"

3 5 2 3 Some sarcastic tone is present, but repe-
tition, exaggeration and abrupt ending of
sentence reduce grammaticality and clar-
ity, although entailment is quiet good.

"Struggling to even finish the marathon
was a disappointing experience that I find
difficult to discuss publicly."

"Oh, wow, I’m just so thrilled to share with
you the totally-not-at-all-proud moment
when I totally crushed it and set a new
personal best time at the marathon, said no
one ever."

5 2 4 4 The sentence clearly conveys sarcasm
through ironic exaggeration, but deviation
from the base meaning lowers entailment
while maintaining good fluency and clar-
ity.

Humblebrag
"I’ve experienced so many hotel stays that
I’ve become an expert on their breakfasts."

"Ugh, I swear, I’ve been to so many hotels,
I just *ugh, I know, *ugh, I *ugh, I *ugh,
I *ugh, I *ugh, I *ugh, I *ugh, I *ugh, I
*ugh, I *"

0 1 1 1 Repetitive reducing clarity and grammat-
icality, with weak alignment to the base
intent and clearly lacks humblebrag.

"My cat constantly seeks my genius for
solutions."

"My cat is always looking to me for an-
swers, as if I am some sort of genius."

2 5 5 5 Grammatically clear and well-aligned with
the base meaning, but the humblebrag is
weak and more direct than implicit.

"Walked my dog, and we were such a hit
that everyone wanted photos with us."

"Ugh, I swear, I just wanted to walk the
dog, but everyone kept asking for pictures,
it was so embarrassing!"

5 5 4 5 Strong humblebrag with clear contrast be-
tween complaint and brag; maintains align-
ment and high clarity.

"Crushed another charity run this week-
end—making a difference feels amazing!"

"I had a fantastic time participating in a
charity run and it was incredibly rewarding
to contribute to a good cause."

0 1 5 5 Fluent and clear, but removes the humble-
brag aspect entirely and weak entailment
despite good surface quality.

"Just scored another performance bonus
because I’m that good. #CorporateLife"

"I just raked in another performance bonus,
and I’m pretty sure it’s a testament to my
exceptional skills that I’m able to consis-
tently crush my targets and rake in the re-
wards."

1 5 3 4 Clear and well-aligned with the base
meaning, but reads as direct self-praise
rather than a subtle humblebrag; verbosity
slightly affects grammaticality and clarity.

I keep getting promoted because I’m ex-
ceptional at what I do."

"I’m constantly getting promoted because
I’m so clearly not doing my job, I mean,
I’m exceptional at what I do, but honestly,
it’s not like I’m trying to, but seriously,
can someone else get it, I mean, I’m not
trying to be a martyr, but"

3 5 2 2 Induces humblebrag through ironic phras-
ing, but excessive rambling and repetition
reduce grammaticality and clarity despite
strong alignment with the base sentence.

Table 10: Examples of LLM-as-a-judge (GPT-OSS-120B) evaluations on generated sentences, with summarized
reasoning traces showing alignment with human judgments.
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Figure 8: Clusters of input datasets and steered outputs for cross domain settings.
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Figure 10: Performance of sarcasm and humblebrag across layers and scaling coefficient in baseline and APS
for Llama model. The performance is similar for baseline and APS in early layers, whereas for higher layers the
performance of baseline strictly decreases while APS remains stable with increasing scaling coefficient.
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Figure 11: Performance of sarcasm and humblebrag across layers and scaling coefficient in baseline and APS for
Gemma model. The performance is similar for baseline and APS in early layers, whereas for higher layers the
performance of baseline strictly decreases while APS remains stable with increasing scaling coefficient.
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Figure 12: Performance of sarcasm and humblebrag across layers and scaling coefficient in baseline and APS for
Mistral model. The performance is similar for baseline and APS in early layers, whereas for higher layers the
performance of baseline strictly decreases while APS remains stable with increasing scaling coefficient.
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Figure 13: Performance of sarcasm and humblebrag across layers and scaling coefficient in baseline and APS for
Llama and Mistral models. The phenomena are strongest in middle layers and generally increase with scaling
coefficient; however, at higher layers and large scaling coefficient values the baseline degrades, while APS remains
comparatively stable.
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Figure 14: Layer-wise analysis of sarcasm and humblebrag phenomena and grammaticality at high scaling coefficient
(α = 1.5) for the Llama and Mistral models under baseline and APS. Grammar collapse leads to a corresponding
drop in phenomena scores; APS delays this collapse to later layers compared to the baseline.
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Figure 15: Token distribution shift during generation for the Llama and Mistral model, measured using JS divergence
between base and steered logits.
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(b) Humblebrag (Llama)
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(c) Sarcasm (Mistral)
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Figure 16: Projection coefficients (αc for baseline and αct for APS) for the Llama and Mistral model across
decoding steps.
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