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Abstract

Large Language Models (LLMs) offer strong
generative capabilities, but many applications
require explicit and fine-grained control over
specific textual concepts, such as humor, per-
suasiveness, or formality. Prior approaches
in prompting and representation engineering
can provide coarse or single-attribute control,
but systematic evaluation of multi-attribute set-
tings remains limited. We introduce an evalu-
ation framework for fine-grained controllabil-
ity for both single- and dual-concept scenar-
ios, focusing on linguistically distinct concept
pairs (e.g., persuasiveness vs. humor). Surpris-
ingly, across multiple LLMs and generative
tasks, we find that performance often drops in
the dual-concept setting, even though the cho-
sen concepts should in principle be separable.
This reveals a fundamental limitation of naive
prompting-based control: models struggle with
compositionality even when concepts are intu-
itively independent. Our framework provides
systematic evidence of this gap and offers a
principled approach for measuring the ability
of future methods for multi-concept control.

1 Introduction

Large Language Models (LLMs) are increasingly
used in applications such as chat assistants, creative
writing, education, and decision support (Achiam
et al., 2023; Brooks et al., 2024; Jia et al., 2024;
Singhal et al., 2025; Lee et al., 2024; Modi et al.,
2024; Bashiri and Kowsari, 2024). Beyond stan-
dard text generation, users often desire outputs that
exhibit specific styles or concepts (Sun et al., 2023).
For example, a user may wish to rephrase an email
to sound more persuasive or funny. More impor-
tantly, users often prefer fine-grained control over
the degree to which such stylistic concepts, like
humor or persuasiveness, appear in the generated

https://github.com/pencilcase42/
finegrained-multiconcept-control

Figure 1: Illustrative example: an LLM can perform
single-concept control, but the explicit presence of a sec-
ond concept at the input can compromise the ability of
the model to control the former concept in its response.

text (Nguyen et al., 2025; Zhang et al., 2025). Fur-
thermore, users may want to modulate multiple
concepts. For example, a user may want to increase
the humor slightly while maintaining a moderate
level of persuasiveness (Figure 1).

Prior work has explored control through prompt-
ing and decoding guided (Brown et al., 2020;
Dathathri et al., 2020; Krause et al., 2021; Yang
and Klein, 2021; Yang et al., 2023a), representa-
tion engineering (Zou et al., 2023; Rimsky et al.,
2024), and style transfer (Shen et al., 2017; Prab-
humoye et al., 2018). These methods demonstrate
coarse or single-attribute control, and in some cases
enable smooth calibration along one dimension
(e.g., SteerLM (Dong et al., 2023), CAA (Rimsky
et al., 2024)). However, systematic and explicit
evaluation of multi-concept fine-grained control re-
mains unexplored. Existing benchmarks such as
SCTG (Zhou et al., 2024) assess calibration for one
attribute at a time, but do not consider how models
behave when two distinct concepts are controlled
simultaneously.

To address the lack of dual-concept evaluation,
we introduce a systematic framework for assess-
ing fine-grained controllability in both single- and
dual-concept settings. We study six linguistically
distinct concepts—humor, persuasiveness, clarity,
politeness, assertiveness, and formality—and delib-
erately pair concepts that should, in principle, be
independent (e.g., clarity vs. humor). Our experi-
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ments use medium-sized instruction-tuned models
(7B–14B), prompted across five discrete levels (0–
4), with outputs judged via pairwise comparisons
by a stronger LLM. Rank correlations between in-
tended and judged levels provide a robust measure
of controllability across single- and dual-concept
conditions.

In this work, we opt to evaluate prompting, both
due to it being a widely accessible method of con-
trol, as well have been shown to perform better than
many more complicated representation engineering
methods proposed in literature for single-concept
control (Wu et al., 2025). Our findings are insight-
ful: while prompting achieves sensible fine-grained
calibration for individual concepts, performance of-
ten drops sharply in the dual-concept setting,
even for pairs that are intuitively orthogonal. This
suggests that concept dimensions are entangled in
ways that resist naive composition.

More broadly, our evaluation framework is
model- and method-agnostic, providing a stan-
dardized way to measure controllability across fu-
ture techniques. By establishing clear metrics and
identifying common failure modes, we aim to en-
courage the development of more robust methods
that enable interpretable, multidimensional stylistic
control in language models.

2 Fine-grained Control Evaluation
Framework

We define the task of fine-grained concept control
as follows. Let C denote the set of controllable
concepts, where each C ∈ C represents a seman-
tic dimension such as humor or formality. Each
concept C is associated with a discrete scale of
levels L = {0, 1, . . . , L}, where ℓ = 0 denotes no
presence and ℓ = L denotes maximal presence of
the concept. The objective is to evaluate the fine-
grained control abilities of a language generation
model, G(·).

Single-concept control. Given a textual context
x and a target concept Ca ∈ C with desired level
ℓ ∈ L, the generation model G, produces an output,

yℓ = G(x,Ca, ℓ). (1)

Across all levels ℓ ∈ {0, . . . , L}, this yields a set
of outputs {y0, . . . , yL}. For a perfect model G, the
ranking of generations by their realized strength of
concept Ca would be strictly monotonic in ℓ, i.e.
aligned with the intended order (0, 1, . . . , L).

Dual-concept control. Now consider two con-
cepts Ca, Cb ∈ C, assumed to be semantically dis-
tinct. The user specifies desired levels (ℓa, ℓb) ∈
L2, and the model generates,

y = G(x,Ca, ℓa, Cb, ℓb). (2)

To assess controllability of Ca while holding Cb

fixed at ℓb = j, we obtain generations {yℓa,j}Lℓa=0

and measure how well their ranking aligns with
the intended order (0, 1, . . . , L) for Ca. This pro-
cess is repeated for each j ∈ L, and the overall
performance can be averaged over all fixed levels,
j, giving a controllability profile of Ca given Cb.
Evaluation is performed symmetrically with Cb as
the target concept. In addition to the fixed-level
setting, we also consider a randomized secondary
concept variant. Here, for each target concept Ca,
we sample ℓb ∼ Uniform(L) independently for
each generation. This variant tests whether control
over Ca is disentangled from the level of Cb.

Judge-based evaluation. To assess whether the
generated outputs {yℓ} follow the intended or-
der, we use a judge model J that performs pair-
wise comparisons between generations1. Each pair
(yi, yj) is presented in both orders to avoid position
bias, and we define the preference score as,

s(i, j) = 1
2

(
J(yi, yj) +

(
1− J(yj , yi)

))
, (3)

where J(yi, yj) ∈ {0, 0.5, 1} denotes whether the
judge considers yi to exhibit more of the target
concept than yj (with 0.5 for a tie). By summing
the pairwise scores for each yℓ against other lev-
els, we derive an empirical ranking r̂ over {yℓ}
and measure correlation with the intended rank-
ing r = (0, 1, . . . , L) using Spearman (Spearman,
1904) ρ correlation. The overall ability of a gener-
ation model G(·) to perform fine-grained control
of the selected concepts is quantified as the aver-
age of the correlation metrics across a dataset of
N contexts {x(1), . . . , x(N)}. Letting ρ(n) denote
the Spearman correlation for instance x(n), we get
ρ̄ = 1

N

∑N
n=1 ρ

(n). This aggregated scores summa-
rizes the model’s controllability across the dataset.
In all experiments, we set L = 4, corresponding to
five levels of control for each concept.

1In preliminary experiments, we also evaluated a listwise
single-inference approach with the judge-LLM that ranks all
responses in a single inference (with responses presented
in randomized order). We observed substantial position
bias, where the first-presented sample was disproportionately
ranked lowest (Appendix H, Table 29).
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Aggregation and statistical testing. For ease
of interpretation, we summarize performance
with the mean Spearman correlation ρ̄ =
1
N

∑N
n=1 ρ

(n). However, since correlation coeffi-
cients are bounded and nonlinearly scaled, we also
compute Fisher z-transformed correlations (Fisher,
1915),

z(n) =
1

2
ln

(
1 + ρ(n)

1− ρ(n)

)
, (4)

and aggregate via z̄ = 1
N

∑N
n=1 z

(n). Appendix E
considers the Fisher-transformed aggregates, and
Appendix F considers paired t-tests conducted on
{z(n)}Nn=1 when comparing conditions.

In this work, we apply the framework to prompt-
ing as an initial but also widely used and effec-
tive (Wu et al., 2025) control method. However, the
evaluation protocol is general and can be applied
to bespoke approaches designed for fine-grained or
multi-concept control.

3 Experiments

3.1 Setup
Models. We evaluate medium-sized, instruction-
tuned LLMs in the 10B–14B parameter range:
Llama 3.2-11B (Meta, 2024), Gemma 3-12B (Team
et al., 2025), and Qwen3-14B (Yang et al., 2025).
These models are representative of widely deployed
generation systems that are computationally afford-
able while still capable of complex stylistic control.
We used GPT-4.1 (OpenAI, 2023) as the judge-
LLM. To validate the judge, we performed human
validation, where we observed that the judge was
fairly aligned with the human participants (see Ap-
pendix G). In Appendix D, we extend our evalua-
tion to smaller models.

Data and Concepts. We consider three tasks:
argument generation, story generation, and struc-
tured text generation, each with 75 unique test sam-
ples. For argument generation, we use the Persua-
sion dataset (Durmus et al., 2024). We discard
the associated arguments and scores, using each
claim as a prompt for generating an argument con-
trolled across different stylistic and pragmatic di-
mensions. For story generation, we use the ROC-
Stories dataset (Mostafazadeh et al., 2016), each
example begins with the same narrative prompt,
and the model continues the story in the requested
styles. For structured text generation, we provide
structured inputs from the GEM dataset (Gehrmann

et al., 2021) that must be converted into textual de-
scriptions, testing the model’s ability to verbalize
and stylistically adapt structured information.

We evaluate six concepts: humor, persuasive-
ness, clarity, politeness, assertiveness, and formal-
ity. These were selected for their (i) relevance to
real-world applications, (ii) linguistic distinctive-
ness supported by factor-analytic studies (Nevid
and Rathus, 1979; Kearney et al., 1984), and (iii)
practical motivation for independent adjustment
(e.g., writing assistants, educational tools, debate
preparation). For multi-concept evaluation, we
study three pairs: humor–persuasiveness, clarity–
politeness, and assertiveness–formality, chosen be-
cause theoretical and empirical evidence suggests
they are distinct dimensions (Biber, 1995; Bar-Or
et al., 2022).

Importantly, our evaluation does not require
these concepts to be disentangled in a model’s
internal representation. The only assumption is
user-facing: the concepts are sufficiently distin-
guishable to annotators and end users to support
separate specification (e.g., “high clarity, low po-
liteness”). Whether a model internally entangles
these dimensions is orthogonal to this requirement.
Accordingly, our conclusions do not assume con-
ceptual separability: even under strong internal
entanglement, an effective control method should
still track user-specified levels for each concept
without substantial cross-concept interference.

To achieve fine-grained control over single and
dual-concept levels, we design structured prompt
templates that explicitly encode the desired concept
intensities; detailed templates and examples are
provided in Appendix J.

3.2 Results
Tables 1–3 report the average Spearman corre-
lations (ρ̄) between intended concept levels and
the empirical ranks of generated responses (Sec-
tion 2). Appendix E reports Fisher-transformed
aggregates, with paired tests in Appendix F. For
most concept pairs, models generally show strong
single-concept control but notable degradation
when a secondary concept is introduced. In the
humor–persuasiveness pair, this decline is more
pronounced in structured text generation. For clar-
ity–politeness, it differs significantly between the
tasks. For this concept pair, for Llama-11B, ar-
gument generation exhibits little control over the
clarity concept with near-zero correlation, whereas
story generation and structured text generation
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(b) Humor | Persuasiveness
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(c) Persuasiveness
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(d) Persuasiveness | Humor

Figure 2: Model-generated response rank of the target concept versus the desired level. Point size and density
indicate the number of samples at each coordinate. Results shown for Llama-11B with the secondary concept level
randomly sampled. For example, “Humor | Persuasiveness” denotes responses generated independently for each
humor level (target concept) while persuasiveness is randomly set for each inference.

Argument Generation Story Generation Structured Text Generation

Llama-11B Gemma-12B Qwen-14B Llama-11B Gemma-12B Qwen-14B Llama-11B Gemma-12B Qwen-14B

Ca (single) 0.76±0.23 0.95±0.07 0.92±0.11 0.81±0.26 0.95±0.06 0.92±0.10 0.73±0.22 0.94±0.12 0.90±0.12

Ca | Cb fixed 0.51±0.41 0.88±0.14 0.88±0.15 0.36±0.45 0.81±0.22 0.90±0.12 0.31±0.50 0.88±0.15 0.84±0.19

Ca | Cb rand 0.54±0.35 0.83±0.20 0.88±0.16 0.33±0.49 0.74±0.25 0.88±0.15 0.17±0.48 0.79±0.21 0.81±0.21

Cb (single) 0.81±0.22 0.98±0.04 0.96±0.05 0.80±0.19 0.97±0.04 0.93±0.10 0.89±0.14 0.99±0.02 0.99±0.03

Cb | Ca fixed 0.58±0.38 0.83±0.19 0.84±0.18 0.59±0.35 0.69±0.34 0.85±0.18 0.56±0.41 0.91±0.15 0.90±0.14

Cb | Ca rand 0.52±0.40 0.76±0.21 0.81±0.21 0.58±0.34 0.70±0.31 0.83±0.20 0.51±0.39 0.79±0.19 0.83±0.19

Table 1: Humor–persuasiveness. Spearman correlations for single-concept and dual-concept (fixed / random)
across argument, story, and structured text generation.

Argument Generation Story Generation Structured Text Generation

Llama-11B Gemma-12B Qwen-14B Llama-11B Gemma-12B Qwen-14B Llama-11B Gemma-12B Qwen-14B

Ca (single) −0.02±0.52 0.52±0.46 0.65±0.30 0.45±0.46 0.92±0.11 0.89±0.12 0.21±0.56 0.15±0.61 0.64±0.21

Ca | Cb fixed 0.02±0.53 0.02±0.56 0.64±0.34 −0.01±0.53 0.35±0.43 0.74±0.26 0.02±0.45 −0.25±0.53 0.39±0.43

Ca | Cb rand −0.05±0.51 0.12±0.50 0.63±0.32 −0.07±0.50 0.29±0.47 0.64±0.29 0.08±0.40 −0.19±0.45 0.38±0.43

Cb (single) 0.76±0.25 0.95±0.07 0.93±0.10 0.84±0.21 0.98±0.03 0.96±0.07 0.73±0.28 0.97±0.03 0.93±0.09

Cb | Ca fixed 0.76±0.25 0.83±0.19 0.88±0.14 0.71±0.30 0.86±0.17 0.95±0.08 0.45±0.42 0.79±0.31 0.79±0.26

Cb | Ca rand 0.77±0.29 0.80±0.18 0.84±0.15 0.71±0.31 0.72±0.26 0.92±0.08 0.37±0.47 0.63±0.33 0.76±0.28

Table 2: Clarity–politeness. Spearman correlations for single-concept and dual-concept (fixed / random) across
argument, story, and structured text generation.

Argument Generation Story Generation Structured Text Generation

Llama-11B Gemma-12B Qwen-14B Llama-11B Gemma-12B Qwen-14B Llama-11B Gemma-12B Qwen-14B

Ca (single) 0.92±0.09 0.98±0.03 0.99±0.02 0.93±0.09 1.00±0.02 0.98±0.05 0.80±0.24 0.93±0.14 0.96±0.07

Ca | Cb fixed 0.56±0.40 0.97±0.05 0.97±0.05 0.77±0.25 0.96±0.07 0.96±0.06 0.42±0.45 0.77±0.33 0.88±0.15

Ca | Cb rand 0.41±0.43 0.92±0.10 0.94±0.08 0.77±0.23 0.96±0.06 0.96±0.05 0.22±0.48 0.71±0.33 0.86±0.17

Cb (single) 0.75±0.32 0.99±0.03 0.98±0.03 0.67±0.33 0.98±0.04 0.97±0.06 0.66±0.32 0.95±0.08 0.87±0.16

Cb | Ca fixed 0.48±0.47 0.90±0.12 0.94±0.08 0.51±0.42 0.93±0.10 0.91±0.10 0.43±0.50 0.72±0.36 0.76±0.29

Cb | Ca rand 0.45±0.44 0.85±0.15 0.93±0.07 0.41±0.46 0.89±0.12 0.89±0.12 0.40±0.51 0.72±0.26 0.75±0.24

Table 3: Formality–assertiveness. Spearman correlations for single-concept and dual-concept (fixed / random)
across argument, story, and structured text generation.

achieve significantly higher correlations. Polite-
ness follows the standard pattern: high perfor-
mance for a single concept, but a drop when clarity
is introduced. Similarly, in formality–assertiveness,
both concepts exhibit consistently high single-
concept control (up to 1.00 for Gemma) but de-
grade under dual-control conditions.

General trends. Three broader insights emerge:
(i) Qwen-14B and Gemma-12B consistently out-

perform Llama across all settings. This suggests
that larger or more instruction-tuned models better
preserve disentanglement between stylistic dimen-
sions. (ii) Dual-concept interference remains a cen-
tral limitation: even when single-concept control
is strong, the introduction of a secondary dimen-
sion leads to drops in alignment (Figure 2), sug-
gesting weak compositionality of stylistic control.
(iii) Task context strongly modulates controllabil-
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ity. Narrative generation allows more flexible style
variation, whereas argumentative and structured
contexts amplify conflicts between stylistic goals.
Together, these results highlight that current LLMs
can vary in style along individual axes but struggle
to jointly coordinate multiple stylistic dimensions,
despite the styles being theoretically disentangled.
Similar trends are observed for structured text gen-
eration in Tables 10-12. Finally, histograms of
sample-level correlations (Appendix K) confirm
that, with the presence of a second concept, corre-
lations generally decrease across most samples, as
opposed to only a few samples skewing the average
Spearman correlations (ρ̄) reported.

4 Conclusions

This work introduced a framework to evaluate
fine-grained control of stylistic concepts in LLMs.
Through experiments on three pairs of linguisti-
cally distinct concepts, we found that while prompt-
ing models offers some degree of single-concept
controllability. Performance can, however, drop
notably in the dual-concept setting even for con-
cept pairs that should, in principle, be disentangled.
These findings illustrate that current LLMs struggle
to provide fine-grained, disentangled control across
multiple stylistic dimensions. We believe this work
establishes a foundation for future research on in-
terpretable and compositional concept control. By
offering a clear, reproducible benchmark and quan-
titative metrics, it provides the basis for developing
and adapting methodologies for fine-grained multi-
concept control.

5 Limitations

This study has four main limitations. First, our
evaluation focused on three concept pairs (humor–
persuasiveness, clarity–politeness, assertiveness–
formality). By this, we are examining concept pairs
that should, in principle, exhibit no interference.
The proposed framework is general and could be
applied to a broader range of concept combinations
in future work.

Second, we restricted our analysis to
small/medium-sized generation models (3B–
14B parameters). These models are widely
accessible and computationally practical, but larger
LLMs may exhibit different behaviors. Extending
the framework to stronger models would provide
insight into whether scale improves fine-grained
and multi-concept controllability.

Third, we evaluated only direct prompt-based
control. Although prompt-based control is eas-
iest to use in practice and has been shown to
be more effective than many representation engi-
neering strategies (Wu et al., 2025), future work
could adapt representation-engineering approaches
or logit-biasing techniques and then evaluate us-
ing the proposed framework in this work, to test
their ability to provide precise, multi-level concept
control.
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A Risks and Ethics

There are no risks or ethical concerns with this
work.

B Licensing

This work is conducted on datasets that are either
publicly available or authorized for research use.
We ensured that the use of all existing datasets was
consistent with their original intended use as speci-
fied by their licenses. Similarly, all models used in
experiments in this work were used as dictated by
their respective licenses. We used Co-pilot and AI
Assistants to support human-generated artifacts.

C Extended Related Work

Prompting for Concept Control. Prompt-based
methods, including prefix-tuning, soft prompts,
and learned prompt vectors, have emerged as
lightweight alternatives to full model fine-tuning
for controllable text generation. Prefix-tuning has
been used to inject attributes without retraining
the model (Liu et al., 2024; Gu et al., 2022a),
extended to multi-aspect settings through plugin
modules and disentanglement objectives (Huang
et al., 2022; Zeng et al., 2023). Other approaches
learn attribute-specific soft prompts, either with
contrastive training (Qian et al., 2022), latent prior
manipulation (Gu et al., 2022b), or interference-
reducing designs such as Tailor (Yang et al., 2023b).
DisCup (Zhang and Song, 2022) further integrates
discriminator feedback into prompt learning, while
Attribute Alignment (Yu et al., 2021) builds on con-
ditioning mechanisms. These methods show strong
controllability but require training effort and often
struggle to generalize across multiple attributes.

Representation Engineering and Steering.
Representation engineering (RepE) methods
manipulate hidden activations to steer model
behavior. They have been shown effective in
controlling sentiment (e.g., shifting polarity or
tone) (Turner et al.; Konen et al., 2024; Cai
et al.; Zou et al., 2023), typically using datasets
such as GoEmotions (Demszky et al., 2020) or
Yelp (Asghar, 2016). Beyond sentiment, RepE has
been extended to personality traits, steering along
MBTI (Zhang et al., 2024) or OCEAN (Weng
et al.) dimensions, influencing reasoning style,
honesty, and conversational stance. Other work
explores steering for language, style, and genre,
including cross-lingual transfer (Guo et al., 2024;

Scalena et al.), or stylized generation (Konen et al.,
2024; Beaglehole et al., 2025). Recent steering
techniques such as Contrastive Activation Addition
(CAA) (Rimsky et al., 2024) provide training-free,
intensity-scalable control vectors derived from
positive/negative exemplars, aligning closely with
the idea of numeric sliders. However, most RepE
studies focus on one attribute at a time, without
probing how multiple steering directions interact.
Further to this, Wu et al. (2025) demonstrate that
simple prompting often performs much better
than many of the more complex RepE methods
discussed above.

Style Transfer and Multi-Attribute Control.
Supervised text style transfer methods rely on
parallel corpora and sequence-to-sequence mod-
els (Jhamtani et al., 2017; Mukherjee et al., 2023),
but are constrained by scarce paired data. Unsuper-
vised methods for non-parallel data include proto-
type editing (swapping style markers with target-
style phrases) (Mukherjee et al., 2023), or disen-
tanglement strategies that factorize semantics and
style, recombining them via back-translation or ad-
versarial training (Shen et al., 2017; Prabhumoye
et al., 2018). While effective for coarse style shifts,
these approaches are not naturally suited for fine-
grained numeric control or multi-attribute specifi-
cation.

Fine-Grained Control: Single-Attribute Meth-
ods. Most work on fine-grained control intro-
duces a continuous “knob” for a single attribute,
with evaluation focused on calibration along that
one dimension. Families include:

• Decoding-time guidance. PPLM (Dathathri
et al., 2020) backpropagates from an attribute
classifier through LM hidden states at gener-
ation time; GeDi (Krause et al., 2021) trains
small conditional LMs to reweight token prob-
abilities; FUDGE (Yang and Klein, 2021)
trains discriminators predicting sequence-
level attributes from partial prefixes; and
energy/logit methods such as COLD (Qin
et al., 2022) and BOLT (Liu et al., 2023) add
attribute-specific energies or biases. Each pro-
vides a tunable weight parameter, enabling
smooth control of attribute intensity.

• Product-of-experts. DExperts (Liu et al.,
2021) combine base LMs with expert/anti-
expert models, where the mixture coefficient
α controls strength.
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• Activation steering. Contrastive Activation
Addition (CAA) (Rimsky et al., 2024) com-
putes steering directions from exemplar differ-
ences and scales them at inference.

• Training-time numeric control.
SteerLM (Dong et al., 2023) finetunes
on data labeled with regressor-predicted
attribute values, allowing users to set numeric
controls such as “positivity=7/10.” This
achieves excellent calibration but requires
labeled data and SFT cycles.

These methods demonstrate smooth, single-
attribute control, but rarely extend to dual-concept
settings. While some (e.g., FUDGE, GeDi, or
energy-based methods) can in principle compose
multiple guidance signals by assigning separate
weights λa, λb, systematic evaluation of interfer-
ence between attributes remains limited.

Towards Multi-Concept Fine-Grained Control.
Recent frameworks begin to explore smooth, fine-
grained evaluation. The Smoothly Controllable
Text Generation (SCTG) benchmark (Zhou et al.,
2024) defines fine-grained control as the ability to
vary an attribute over a 10-point scale, using LLM-
as-judge with Elo-style pairwise comparisons to
assess calibration and relevance. However, SCTG
focuses exclusively on single-attribute scenarios.
In contrast, our work explicitly evaluates dual-
concept fine-grained control, introducing system-
atic protocols to measure interference when varying
one concept while holding another fixed. This per-
spective highlights the challenges of compositional
control and the need for methods robust to attribute
entanglement.

Evaluation of Controllability. Evaluation typ-
ically relies on automatic classifiers trained to
predict style or attribute labels on generated out-
puts (Moschitti et al., 2014). While efficient, such
classifiers often suffer from subjectivity and do-
main mismatch (Pang, 2019). Human evaluation
remains the gold standard but is costly and inconsis-
tent. More recent work explores LLMs themselves
as judges (Zheng et al., 2023; Sun et al., 2023), pro-
viding scalable and flexible evaluation pipelines.
Our evaluation setup builds on this line, using pair-
wise comparisons with strong judge models to as-
sess fine-grained controllability in both single- and
dual-concept scenarios.
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D Detailed Results

Llama-3B Llama-11B Gemma-4B Gemma-12B Phi-3.8B Qwen-14B

Ca (single) −0.02±0.52 −0.02±0.52 −0.33±0.47 0.52±0.46 −0.05±0.54 0.65±0.30

Ca | (Cb = 0) −0.11±0.53 0.12±0.51 0.15±0.54 0.24±0.48 0.08±0.46 0.70±0.28

Ca | (Cb = 1) −0.12±0.49 −0.07±0.53 0.12±0.47 0.01±0.55 −0.06±0.48 0.72±0.26

Ca | (Cb = 2) 0.01±0.48 0.03±0.54 0.16±0.45 0.03±0.58 −0.19±0.46 0.62±0.35

Ca | (Cb = 3) −0.09±0.49 0.07±0.53 −0.08±0.47 −0.02±0.58 −0.07±0.47 0.61±0.40

Ca | (Cb = 4) 0.15±0.48 −0.03±0.53 −0.215±0.52 −0.16±0.53 −0.24±0.48 0.55±0.36

Ca | Cb fixed −0.03±0.50 0.02±0.53 0.03±0.51 0.02±0.56 −0.09±0.48 0.64±0.34

Ca | Cb rand −0.11±0.50 −0.05±0.51 0.04±0.48 0.12±0.50 0.02±0.54 0.63±0.32

Cb (single) 0.69±0.32 0.76±0.25 0.73±0.34 0.95±0.07 0.40±0.47 0.93±0.10

Cb | (Ca = 0) 0.47±0.50 0.62±0.31 0.42±0.50 0.87±0.15 0.17±0.45 0.90±0.11

Cb | (Ca = 1) 0.57±0.37 0.86±0.21 0.55±0.47 0.81±0.20 0.31±0.49 0.85±0.18

Cb | (Ca = 2) 0.51±0.40 0.74±0.24 0.53±0.36 0.83±0.20 0.26±0.45 0.86±0.16

Cb | (Ca = 3) 0.51±0.46 0.76±0.24 0.45±0.51 0.77±0.24 0.32±0.44 0.90±0.13

Cb | (Ca = 4) 0.48±0.43 0.85±0.17 0.59±0.41 0.89±0.11 0.45±0.44 0.90±0.12

Cb | Ca fixed 0.51±0.43 0.76±0.25 0.51±0.46 0.83±0.19 0.30±0.46 0.88±0.14

Cb | Ca rand 0.57±0.43 0.77±0.29 0.51±0.44 0.80±0.18 0.29±0.47 0.84±0.15

Table 4: ARGUMENT generation clarity–politeness.

Llama-3B Llama-11B Gemma-4B Gemma-12B Phi-3.8B Qwen-14B

Ca (single) 0.77±0.27 0.92±0.09 0.94±0.09 0.98±0.03 0.69±0.28 0.99±0.02

Ca | (Cb = 0) 0.34±0.47 0.33±0.40 0.91±0.12 0.97±0.05 0.44±0.41 0.95±0.08

Ca | (Cb = 1) 0.41±0.39 0.66±0.36 0.90±0.13 0.97±0.06 0.38±0.41 0.98±0.04

Ca | (Cb = 2) 0.44±0.47 0.66±0.32 0.87±0.16 0.97±0.04 0.49±0.38 0.98±0.04

Ca | (Cb = 3) 0.40±0.45 0.71±0.27 0.84±0.21 0.96±0.05 0.51±0.37 0.98±0.03

Ca | (Cb = 4) 0.36±0.43 0.43±0.46 0.88±0.17 0.96±0.06 0.58±0.37 0.98±0.03

Ca | Cb fixed 0.39±0.44 0.56±0.40 0.88±0.16 0.97±0.05 0.48±0.41 0.97±0.05

Ca | Cb rand 0.30±0.46 0.41±0.43 0.82±0.22 0.92±0.10 0.37±0.44 0.94±0.08

Cb (single) 0.58±0.40 0.75±0.32 0.88±0.12 0.99±0.03 0.41±0.39 0.98±0.03

Cb | (Ca = 0) 0.38±0.37 0.43±0.47 0.56±0.39 0.97±0.07 0.35±0.46 0.94±0.07

Cb | (Ca = 1) 0.42±0.41 0.58±0.42 0.54±0.37 0.92±0.09 0.44±0.40 0.95±0.06

Cb | (Ca = 2) 0.44±0.45 0.49±0.47 0.31±0.47 0.89±0.12 0.29±0.49 0.96±0.07

Cb | (Ca = 3) 0.53±0.41 0.44±0.51 0.36±0.44 0.88±0.12 0.19±0.52 0.95±0.05

Cb | (Ca = 4) 0.28±0.44 0.46±0.45 0.38±0.42 0.85±0.15 0.29±0.48 0.91±0.11

Cb | Ca fixed 0.41±0.43 0.48±0.47 0.43±0.43 0.90±0.12 0.31±0.48 0.94±0.08

Cb | Ca rand 0.39±0.40 0.45±0.44 0.26±0.48 0.85±0.15 0.25±0.48 0.93±0.07

Table 5: ARGUMENT generation formality–assertiveness.
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Llama-3B Llama-11B Gemma-4B Gemma-12B Phi-3.8B Qwen-14B

Ca (single) 0.46±0.40 0.76±0.23 0.65±0.32 0.95±0.07 0.38±0.43 0.92±0.11

Ca | (Cb = 0) 0.27±0.51 0.32±0.46 0.38±0.53 0.89±0.14 0.15±0.54 0.91±0.11

Ca | (Cb = 1) 0.18±0.47 0.52±0.39 0.28±0.49 0.84±0.18 0.16±0.44 0.90±0.15

Ca | (Cb = 2) 0.13±0.49 0.47±0.41 0.36±0.40 0.87±0.17 0.18±0.47 0.86±0.14

Ca | (Cb = 3) 0.18±0.51 0.64±0.35 0.35±0.46 0.89±0.11 0.21±0.45 0.86±0.19

Ca | (Cb = 4) 0.29±0.49 0.60±0.37 0.53±0.39 0.92±0.09 0.10±0.53 0.88±0.14

Ca | Cb fixed 0.21±0.50 0.51±0.41 0.38±0.46 0.88±0.14 0.16±0.49 0.88±0.15

Ca | Cb rand 0.16±0.51 0.54±0.35 0.33±0.41 0.83±0.20 0.08±0.51 0.88±0.16

Cb (single) 0.68±0.33 0.81±0.22 0.88±0.08 0.98±0.04 0.36±0.46 0.96±0.05

Cb | (Ca = 0) 0.31±0.47 0.52±0.41 0.89±0.12 0.96±0.07 0.28±0.48 0.86±0.15

Cb | (Ca = 1) 0.39±0.48 0.60±0.38 0.91±0.14 0.85±0.13 0.38±0.42 0.88±0.13

Cb | (Ca = 2) 0.33±0.43 0.64±0.34 0.89±0.11 0.77±0.23 0.27±0.45 0.83±0.15

Cb | (Ca = 3) 0.36±0.46 0.58±0.36 0.83±0.19 0.81±0.20 0.14±0.59 0.80±0.20

Cb | (Ca = 4) 0.22±0.54 0.59±0.40 0.83±0.27 0.77±0.22 0.31±0.47 0.81±0.24

Cb | Ca fixed 0.32±0.48 0.58±0.38 0.87±0.18 0.83±0.19 0.28±0.49 0.84±0.18

Cb | Ca rand 0.35±0.47 0.52±0.40 0.82±0.20 0.76±0.21 0.26±0.44 0.81±0.21

Table 6: ARGUMENT generation humor–persuasiveness.

Llama-3B Llama-11B Gemma-4B Gemma-12B Phi-3.8B Qwen-14B

Ca (single) 0.20±0.54 0.45±0.46 0.22±0.53 0.92±0.11 0.01±0.52 0.89±0.12

Ca | (Cb = 0) −0.08±0.52 −0.10±0.51 −0.05±0.55 0.37±0.30 −0.08±0.52 0.65±0.34

Ca | (Cb = 1) 0.05±0.52 −0.02±0.46 −0.10±0.49 0.35±0.48 −0.14±0.48 0.68±0.28

Ca | (Cb = 2) −0.01±0.55 −0.02±59 −0.09±0.54 0.38±0.43 −0.04±0.50 0.80±0.20

Ca | (Cb = 3) 0.05±0.53 0.03±0.49 0.02±0.48 0.39±0.46 0.06±0.45 0.78±0.17

Ca | (Cb = 4) 0.14±0.47 0.05±0.56 −0.06±0.52 0.29±0.45 0.02±0.53 0.77±0.22

Ca | Cb fixed 0.03±0.52 −0.01±0.53 −0.06±0.52 0.35±0.43 −0.04±0.50 0.74±0.26

Ca | Cb rand −0.01±0.47 −0.07±0.50 −0.14±0.50 0.29±0.47 −0.04±0.44 0.64±0.29

Cb (single) 0.74±0.31 0.84±0.21 0.86±0.16 0.98±0.03 0.20±0.49 0.96±0.07

Cb | (Ca = 0) 0.38±0.44 0.55±0.38 0.60±0.38 0.94±0.09 0.11±0.56 0.96±0.06

Cb | (Ca = 1) 0.44±0.47 0.77±0.22 0.70±0.30 0.89±0.12 0.08±0.53 0.95±0.07

Cb | (Ca = 2) 0.40±0.47 0.72±0.28 0.66±0.27 0.81±0.21 −0.04±0.52 0.94±0.08

Cb | (Ca = 3) 0.38±0.51 0.72±0.28 0.64±0.39 0.80±0.19 0.09±0.53 0.94±0.08

Cb | (Ca = 4) 0.33±0.49 0.77±0.24 0.73±0.27 0.86±0.18 0.05±0.45 0.95±0.08

Cb | Ca fixed 0.38±0.48 0.71±0.30 0.66±0.33 0.86±0.17 0.06±0.52 0.95±0.08

Cb | Ca rand 0.40±0.40 0.71±0.31 0.64±0.36 0.72±0.26 0.14±0.49 0.92±0.08

Table 7: STORY generation clarity–politeness.

Llama-3B Llama-11B Gemma-4B Gemma-12B Phi-3.8B Qwen-14B

Ca (single) 0.85±0.18 0.93±0.09 0.83±0.21 1.00±0.02 0.53±0.39 0.98±0.05

Ca | (Cb = 0) 0.72±0.27 0.66±0.31 0.89±0.14 0.98±0.05 0.36±0.48 0.96±0.06

Ca | (Cb = 1) 0.79±0.28 0.83±0.21 0.93±0.10 0.98±0.04 0.40±0.39 0.97±0.05

Ca | (Cb = 2) 0.75±0.25 0.81±0.21 0.87±0.15 0.95±0.07 0.21±0.48 0.98±0.04

Ca | (Cb = 3) 0.83±0.19 0.79±0.20 0.80±0.19 0.96±0.07 0.37±0.39 0.98±0.04

Ca | (Cb = 4) 0.83±0.21 0.79±0.26 0.76±0.25 0.95±0.11 0.39±0.47 0.98±0.04

Ca | Cb fixed 0.78±0.25 0.77±0.25 0.85±0.18 0.96±0.07 0.35±0.45 0.97±0.05

Ca | Cb rand 0.74±0.28 0.77±0.23 0.84±0.14 0.96±0.06 0.33±0.46 0.96±0.05

Cb (single) 0.65±0.32 0.67±0.33 0.71±0.28 0.98±0.04 0.12±0.45 0.97±0.06

Cb | (Ca = 0) 0.36±0.42 0.51±0.42 0.62±0.35 0.91±0.10 0.27±0.44 0.89±0.13

Cb | (Ca = 1) 0.45±0.45 0.55±0.44 0.49±0.45 0.95±0.07 0.19±0.50 0.90±0.11

Cb | (Ca = 2) 0.40±0.45 0.50±0.38 0.45±0.43 0.94±0.10 0.30±0.45 0.93±0.10

Cb | (Ca = 3) 0.44±0.47 0.54±0.38 0.43±0.42 0.94±0.06 0.23±0.49 0.94±0.07

Cb | (Ca = 4) 0.43±0.43 0.44±0.44 0.25±0.52 0.90±0.14 0.21±0.51 0.92±0.09

Cb | Ca fixed 0.42±0.45 0.51±0.42 0.38±0.40 0.93±0.10 0.24±0.48 0.91±0.10

Cb | Ca rand 0.35±0.44 0.41±0.46 0.34±0.48 0.89±0.12 0.19±0.48 0.89±0.12

Table 8: STORY generation formality–assertiveness.
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Llama-3B Llama-11B Gemma-4B Gemma-12B Phi-3.8B Qwen-14B

Ca (single) 0.30±0.50 0.81±0.26 0.57±0.41 0.95±0.06 0.17±0.51 0.92±0.10

Ca | (Cb = 0) 0.16±0.49 0.24±0.42 0.38±0.45 0.87±0.17 0.03±0.48 0.93±0.10

Ca | (Cb = 1) 0.15±0.56 0.43±0.46 0.27±0.43 0.84±0.18 0.06±0.49 0.91±0.12

Ca | (Cb = 2) 0.12±0.53 0.40±0.41 0.43±0.41 0.81±0.24 0.02±0.53 0.90±0.11

Ca | (Cb = 3) 0.12±0.50 0.28±0.46 0.16±0.50 0.77±0.25 −0.01±0.43 0.89±0.11

Ca | (Cb = 4) 0.19±0.51 0.47±0.44 0.22±0.52 0.77±0.22 −0.01±0.58 0.88±0.14

Ca | Cb fixed 0.15±0.52 0.36±0.45 0.29±0.47 0.81±0.22 0.02±0.50 0.90±0.12

Ca | Cb rand 0.15±0.54 0.33±0.49 0.20±0.49 0.74±0.25 0.00±0.49 0.88±0.15

Cb (single) 0.52±0.40 0.80±0.19 0.62±0.38 0.97±0.04 0.11±0.47 0.93±0.10

Cb | (Ca = 0) 0.35±0.44 0.48±0.40 0.76±0.24 0.86±0.16 0.02±0.43 0.89±0.13

Cb | (Ca = 1) 0.38±0.44 0.63±0.31 0.72±0.32 0.75±0.29 0.33±0.42 0.88±0.13

Cb | (Ca = 2) 0.32±0.47 0.64±0.26 0.59±0.40 0.56±0.43 0.31±0.42 0.83±0.22

Cb | (Ca = 3) 0.39±0.47 0.58±0.33 0.56±0.42 0.71±0.23 0.15±0.53 0.82±0.22

Cb | (Ca = 4) 0.23±0.51 0.62±0.38 0.67±0.28 0.59±0.41 0.26±0.44 0.83±0.19

Cb | Ca fixed 0.33±0.47 0.59±0.35 0.66±0.34 0.69±0.34 0.21±0.47 0.85±0.18

Cb | Ca rand 0.37±0.48 0.58±0.34 0.65±0.30 0.70±0.31 0.15±0.46 0.83±0.20

Table 9: STORY generation humor–persuasiveness.

Llama-3B Llama-11B Gemma-4B Gemma-12B Phi-3.8B Qwen-14B

Ca (single) 0.06±0.64 0.21±0.56 0.13±0.64 0.15±0.61 0.03±0.53 0.64±0.21

Ca | (Cb = 0) −0.14±0.48 −0.01±0.42 0.07±0.40 0.07±0.44 −0.13±0.50 0.31±0.40

Ca | (Cb = 1) −0.09±0.43 −0.02±0.46 0.02±0.37 −0.12±0.50 −0.09±0.50 0.42±0.38

Ca | (Cb = 2) −0.04±0.38 −0.06±0.45 0.00±0.41 −0.40±0.53 0.01±0.45 0.46±0.40

Ca | (Cb = 3) 0.04±0.37 0.08±0.44 0.00±0.47 −0.35±0.53 −0.13±0.49 0.33±0.50

Ca | (Cb = 4) 0.02±0.41 0.12±0.45 0.03±0.57 −0.44±0.46 −0.04±0.50 0.43±0.45

Ca | Cb fixed −0.04±0.42 0.02±0.45 0.02±0.45 −0.25±0.53 −0.07±0.49 0.39±0.43

Ca | Cb rand −0.04±0.48 0.08±0.40 0.01±0.43 −0.19±0.45 −0.01±0.47 0.38±0.43

Cb (single) 0.48±0.45 0.73±0.28 0.89±0.18 0.97±0.03 0.51±0.37 0.93±0.09

Cb | (Ca = 0) 0.32±0.46 0.39±0.44 0.67±0.41 0.42±0.46 0.27±0.52 0.58±0.36

Cb | (Ca = 1) 0.40±0.54 0.58±0.44 0.78±0.24 0.78±0.24 0.29±0.51 0.80±0.22

Cb | (Ca = 2) 0.34±0.61 0.49±0.39 0.78±0.24 0.91±0.09 0.28±0.51 0.87±0.16

Cb | (Ca = 3) 0.37±0.58 0.36±0.42 0.78±0.27 0.92±0.07 0.28±0.45 0.88±0.21

Cb | (Ca = 4) 0.33±0.56 0.42±0.37 0.81±0.24 0.94±0.09 0.32±0.47 0.82±0.20

Cb | Ca fixed 0.35±0.55 0.45±0.42 0.76±0.29 0.79±0.31 0.29±0.49 0.79±0.26

Cb | Ca rand 0.31±0.58 0.37±0.47 0.74±0.27 0.63±0.33 0.35±0.46 0.76±0.28

Table 10: STRUCTURED generation clarity–politeness.

Llama-3B Llama-11B Gemma-4B Gemma-12B Phi-3.8B Qwen-14B

Ca (single) 0.59±0.48 0.80±0.24 0.90±0.22 0.93±0.14 0.73±0.26 0.96±0.07

Ca | (Cb = 0) 0.62±0.39 0.18±0.48 0.11±0.50 0.61±0.44 0.31±0.44 0.78±0.22

Ca | (Cb = 1) 0.66±0.32 0.42±0.39 0.10±0.44 0.71±0.35 0.46±0.41 0.88±0.13

Ca | (Cb = 2) 0.69±0.40 0.47±0.45 0.28±0.44 0.79±0.32 0.43±0.49 0.92±0.14

Ca | (Cb = 3) 0.78±0.33 0.52±0.43 0.44±0.41 0.88±0.18 0.35±0.41 0.91±0.11

Ca | (Cb = 4) 0.85±0.21 0.51±0.40 0.55±0.38 0.86±0.19 0.47±0.40 0.90±0.07

Ca | Cb fixed 0.72±0.35 0.42±0.45 0.30±0.47 0.77±0.33 0.40±0.44 0.88±0.15

Ca | Cb rand 0.70±0.30 0.22±0.48 0.12±0.48 0.71±0.33 0.42±0.39 0.86±0.17

Cb (single) 0.66±0.35 0.66±0.32 0.92±0.10 0.95±0.08 0.54±0.34 0.87±0.16

Cb | (Ca = 0) 0.44±0.48 0.32±0.55 0.71±0.36 0.28±0.44 0.20±0.47 0.61±0.36

Cb | (Ca = 1) 0.32±0.52 0.48±0.46 0.72±0.36 0.74±0.30 0.49±0.34 0.77±0.32

Cb | (Ca = 2) 0.47±0.45 0.45±0.47 0.76±0.35 0.85±0.18 0.32±0.45 0.75±0.31

Cb | (Ca = 3) 0.48±0.46 0.46±0.50 0.71±0.31 0.87±0.27 0.30±0.44 0.81±0.20

Cb | (Ca = 4) 0.36±0.58 0.48±0.48 0.71±0.34 0.86±0.15 0.43±0.45 0.87±0.15

Cb | Ca fixed 0.41±0.50 0.43±0.50 0.72±0.35 0.72±0.36 0.35±0.44 0.76±0.29

Cb | Ca rand 0.30±0.52 0.40±0.51 0.74±0.30 0.72±0.26 0.33±0.49 0.75±0.24

Table 11: STRUCTURED generation formality–assertiveness.
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Llama-3B Llama-11B Gemma-4B Gemma-12B Phi-3.8B Qwen-14B

Ca (single) 0.47±0.44 0.73±0.22 0.86±0.12 0.94±0.12 0.54±0.38 0.90±0.12

Ca | (Cb = 0) 0.33±0.53 0.19±0.52 0.42±0.41 0.89±0.15 0.11±0.52 0.85±0.21

Ca | (Cb = 1) 0.23±0.56 0.28±0.48 0.22±0.48 0.88±0.17 0.09±0.53 0.86±0.17

Ca | (Cb = 2) 0.21±0.50 0.31±0.52 0.36±0.45 0.86±0.16 0.18±0.45 0.80±0.20

Ca | (Cb = 3) 0.27±0.52 0.36±0.48 0.45±0.43 0.88±0.12 0.34±0.40 0.88±0.12

Ca | (Cb = 4) 0.14±0.50 0.44±0.49 0.52±0.38 0.91±0.12 0.21±0.46 0.83±0.22

Ca | Cb fixed 0.24±0.53 0.31±0.50 0.39±0.44 0.88±0.15 0.19±0.48 0.84±0.19

Ca | Cb rand 0.24±0.50 0.17±0.48 0.28±0.43 0.79±0.21 0.22±0.47 0.81±0.21

Cb (single) 0.58±0.46 0.89±0.14 0.95±0.06 0.99±0.02 0.59±0.37 0.99±0.03

Cb | (Ca = 0) 0.45±0.52 0.39±0.45 0.91±0.12 0.94±0.16 0.22±0.48 0.96±0.09

Cb | (Ca = 1) 0.41±0.53 0.62±0.40 0.97±0.05 0.90±0.10 0.31±0.47 0.90±0.12

Cb | (Ca = 2) 0.42±0.52 0.63±0.37 0.94±0.08 0.89±0.12 0.17±0.49 0.88±0.18

Cb | (Ca = 3) 0.36±0.51 0.59±0.37 0.93±0.08 0.90±0.20 0.28±0.45 0.88±0.15

Cb | (Ca = 4) 0.29±0.44 0.60±0.40 0.94±0.08 0.91±0.12 0.38±0.41 0.88±0.13

Cb | Ca fixed 0.38±0.51 0.56±0.41 0.94±0.09 0.91±0.15 0.27±0.47 0.90±0.14

Cb | Ca rand 0.42±0.44 0.51±0.39 0.94±0.08 0.79±0.19 0.25±0.48 0.83±0.19

Table 12: STRUCTURED generation humour–persuasiveness.
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E Detailed Fisher Score Results

To mitigate the nonlinearity and boundedness of correlation coefficients when aggregating across contexts,
we also report results after applying Fisher’s z-transformation to the Spearman correlations before
averaging. In addition, the statistical comparisons in Appendix F are conducted on Fisher z-transformed
correlations. The Fisher transform is,

z =
1

2
ln

(
1 + ρ

1− ρ

)
, (5)

where ρ denotes the Spearman correlation.

Llama-11B Gemma-12B Qwen-14B

Ca (single) −0.03±0.78 1.27±2.08 1.42±1.97

Ca | (Cb = 0) 0.28±1.18 0.42±1.18 1.62±2.10

Ca | (Cb = 1) −0.13±0.78 0.03±0.72 1.57±1.93

Ca | (Cb = 2) 0.03±0.79 −0.11±1.60 1.21±1.61

Ca | (Cb = 3) 0.10±0.76 0.01±0.86 1.36±2.01

Ca | (Cb = 4) −0.13±1.17 −0.10±1.26 1.05±1.63

Ca | Cb fixed 0.03±0.96 0.05±1.17 1.36±1.87

Ca | Cb rand 0.02±1.19 0.34±1.48 1.22±1.60

Cb (single) 2.45±2.92 4.27±3.23 3.83±3.18

Cb | (Ca = 0) 1.12±1.37 3.24±3.17 3.27±3.04

Cb | (Ca = 1) 2.33±2.33 1.97±2.15 2.86±2.95

Cb | (Ca = 2) 1.50±1.73 2.16±2.25 2.81±2.86

Cb | (Ca = 3) 1.54±1.72 2.32±2.73 3.29±3.04

Cb | (Ca = 4) 2.60±2.73 2.89±2.81 3.13±2.91

Cb | Ca fixed 1.82±2.10 2.51±2.68 3.07±2.95

Cb | Ca rand 2.02±2.31 1.96±2.29 2.26±2.47

Table 13: ARGUMENT generation clarity–politeness (Fisher-transformed Mean ± SD).

Llama-11B Gemma-12B Qwen-14B

Ca (single) 3.38±2.97 6.02±3.12 6.74±2.79

Ca | (Cb = 0) 0.51±1.06 5.29±3.28 4.53±3.30

Ca | (Cb = 1) 1.49±1.97 5.70±3.25 5.37±3.27

Ca | (Cb = 2) 1.01±0.62 4.35±3.16 5.52±3.19

Ca | (Cb = 3) 1.08±0.60 3.73±2.95 5.08±3.23

Ca | (Cb = 4) 0.86±1.47 3.92±3.02 5.59±3.20

Ca | Cb fixed 0.99±1.29 4.60±3.21 5.22±3.24

Ca | Cb rand 0.54±0.67 3.00±2.75 3.91±3.13

Cb (single) 1.59±1.75 6.19±3.07 6.59±2.94

Cb | (Ca = 0) 0.92±1.71 6.37±3.09 3.83±3.18

Cb | (Ca = 1) 1.12±1.65 3.11±2.91 4.98±3.42

Cb | (Ca = 2) 0.93±1.50 2.64±2.57 5.20±3.37

Cb | (Ca = 3) 0.82±1.24 2.38±2.42 3.97±3.17

Cb | (Ca = 4) 1.06±1.89 2.50±2.64 3.29±3.03

Cb | Ca fixed 0.97±1.61 3.40±3.11 4.25±3.30

Cb | Ca rand 0.92±1.68 2.72±2.89 3.32±3.00

Table 14: ARGUMENT generation formality–assertiveness (Fisher-transformed Mean ± SD).
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Llama-11B Gemma-12B Qwen-14B

Ca (single) 1.94±2.32 4.59±3.33 4.02±3.33

Ca | (Cb = 0) 0.52±1.13 3.23±3.07 3.37±3.09

Ca | (Cb = 1) 1.03±1.64 2.22±2.35 4.05±3.42

Ca | (Cb = 2) 0.76±1.15 2.41±2.42 2.45±2.53

Ca | (Cb = 3) 1.25±1.60 2.69±2.67 3.15±3.12

Ca | (Cb = 4) 1.26±1.82 3.29±2.92 3.01±2.97

Ca | Cb fixed 0.96±1.51 2.77±2.72 3.20±3.07

Ca | Cb rand 0.76±0.61 2.72±2.91 3.71±3.37

Cb (single) 1.91±2.02 6.31±3.09 4.96±3.34

Cb | (Ca = 0) 1.04±1.66 4.99±3.32 2.54±2.62

Cb | (Ca = 1) 1.33±2.00 1.90±1.97 2.82±2.84

Cb | (Ca = 2) 1.33±1.80 2.01±2.43 2.24±2.48

Cb | (Ca = 3) 1.03±1.38 2.02±2.28 1.66±1.69

Cb | (Ca = 4) 1.27±1.85 1.58±1.71 2.25±2.50

Cb | Ca fixed 1.20±1.75 2.50±2.70 2.30±2.48

Cb | Ca rand 1.10±1.84 1.56±1.72 2.01±2.27

Table 15: ARGUMENT generation humour–persuasiveness (Fisher-transformed Mean ± SD).

Llama-11B Gemma-12B Qwen-14B

Ca (single) 0.91±1.72 3.80±3.21 2.61±2.59

Ca | (Cb = 0) −0.13±0.68 0.45±0.43 1.23±1.59

Ca | (Cb = 1) −0.02±0.66 0.50±0.72 1.28±1.56

Ca | (Cb = 2) −0.00±0.84 0.68±1.17 2.05±2.41

Ca | (Cb = 3) 0.05±0.76 0.64±1.14 1.54±1.70

Ca | (Cb = 4) 0.06±0.80 0.41±0.66 1.77±2.04

Ca | Cb fixed −0.01±0.75 0.54±0.87 1.57±1.90

Ca | Cb rand −0.08±0.74 0.58±1.46 1.10±1.33

Cb (single) 2.95±3.02 6.10±3.10 5.34±3.32

Cb | (Ca = 0) 1.12±1.65 3.90±3.14 5.00±3.39

Cb | (Ca = 1) 1.68±1.89 2.31±2.17 5.04±3.45

Cb | (Ca = 2) 1.47±1.76 1.69±1.69 3.84±3.17

Cb | (Ca = 3) 1.33±1.33 1.69±1.70 3.87±3.15

Cb | (Ca = 4) 1.44±1.30 2.43±2.43 4.38±3.33

Cb | Ca fixed 1.41±1.61 2.41±2.42 4.43±3.32

Cb | Ca rand 2.01±2.59 1.46±1.75 3.65±3.20

Table 16: STORY generation clarity–politeness (Fisher-transformed Mean ± SD).

Llama-11B Gemma-12B Qwen-14B

Ca (single) 4.14±3.33 7.56±2.16 6.30±3.09

Ca | (Cb = 0) 1.87±2.64 6.18±3.08 5.12±3.37

Ca | (Cb = 1) 2.54±2.75 6.14±3.13 5.36±3.29

Ca | (Cb = 2) 2.24±2.50 4.45±3.27 5.86±3.23

Ca | (Cb = 3) 1.64±1.71 4.13±3.16 6.04±3.18

Ca | (Cb = 4) 1.86±2.04 4.28±3.23 6.81±2.86

Ca | Cb fixed 2.03±2.37 5.04±3.29 5.84±3.23

Ca | Cb rand 2.10±2.54 4.08±3.09 5.20±3.37

Cb (single) 1.47±1.96 5.90±3.19 5.17±3.32

Cb | (Ca = 0) 1.10±1.85 3.25±2.95 3.36±3.19

Cb | (Ca = 1) 1.33±2.23 4.38±3.33 3.27±3.04

Cb | (Ca = 2) 0.90±1.40 4.63±3.38 3.72±3.17

Cb | (Ca = 3) 1.07±1.64 3.86±3.25 4.09±3.27

Cb | (Ca = 4) 0.70±1.12 3.39±3.08 3.38±3.08

Cb | Ca fixed 1.02±1.69 3.90±3.23 3.56±3.15

Cb | Ca rand 0.87±1.69 3.01±2.97 2.87±2.82

Table 17: STORY generation formality–assertiveness (Fisher-transformed Mean ± SD).
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Llama-11B Gemma-12B Qwen-14B

Ca (single) 2.34±2.60 4.37±3.33 3.67±3.20

Ca | (Cb = 0) 0.34±0.63 2.07±1.95 4.14±3.34

Ca | (Cb = 1) 0.92±1.70 2.17±2.24 3.06±2.84

Ca | (Cb = 2) 0.73±1.41 1.95±2.01 3.13±3.01

Ca | (Cb = 3) 0.49±1.15 1.51±1.53 2.70±2.67

Ca | (Cb = 4) 0.70±0.74 1.34±1.00 3.22±3.08

Ca | Cb fixed 0.64±1.21 1.81±1.82 3.25±3.02

Ca | Cb rand 0.54±1.17 1.69±2.07 2.89±2.82

Cb (single) 1.57±1.51 4.98±3.24 3.76±3.14

Cb | (Ca = 0) 0.69±0.66 2.06±2.10 2.85±2.83

Cb | (Ca = 1) 1.19±1.59 1.43±1.33 2.18±2.07

Cb | (Ca = 2) 1.16±1.57 1.19±1.85 2.35±2.46

Cb | (Ca = 3) 0.91±1.05 1.06±0.54 1.80±1.84

Cb | (Ca = 4) 1.12±1.42 1.10±1.42 2.19±2.37

Cb | Ca fixed 1.01±1.32 1.37±1.58 2.28±2.35

Cb | Ca rand 1.11±1.61 1.43±1.77 2.20±2.37

Table 18: STORY generation humour–persuasiveness (Fisher-transformed Mean ± SD).

Llama-11B Gemma-12B Qwen-14B

Ca (single) 0.52±1.56 0.43±1.62 1.23±1.77

Ca | (Cb = 0) −0.01±0.53 0.11±0.66 0.44±0.61

Ca | (Cb = 1) −0.13±1.15 −0.15±0.74 0.55±0.57

Ca | (Cb = 2) −0.07±0.60 −0.60±0.86 0.82±1.40

Ca | (Cb = 3) 0.09±0.61 −0.60±1.18 0.66±1.49

Ca | (Cb = 4) 0.17±0.61 −0.69±0.77 0.89±1.67

Ca | Cb fixed 0.01±0.74 −0.39±0.91 0.67±1.24

Ca | Cb rand 0.10±0.49 −0.28±0.70 0.62±1.11

Cb (single) 1.76±2.22 4.56±3.17 3.42±2.95

Cb | (Ca = 0) 0.56±0.69 0.70±0.81 1.15±1.63

Cb | (Ca = 1) 1.05±1.18 1.37±1.00 1.80±1.87

Cb | (Ca = 2) 0.83±1.11 2.01±1.58 2.63±2.59

Cb | (Ca = 3) 0.52±0.65 2.23±1.87 2.87±2.83

Cb | (Ca = 4) 0.58±0.61 2.83±2.36 1.92±2.00

Cb | Ca fixed 0.71±0.90 1.83±1.78 2.07±2.30

Cb | Ca rand 0.62±1.79 1.16±1.37 1.43±1.31

Table 19: STRUCTURED generation clarity–politeness (Fisher-transformed Mean ± SD).

Llama-11B Gemma-12B Qwen-14B

Ca (single) 1.61±1.52 3.08±2.61 5.39±3.35

Ca | (Cb = 0) 0.27±0.78 1.38±1.87 1.79±2.04

Ca | (Cb = 1) 0.59±0.64 1.58±1.79 3.10±3.03

Ca | (Cb = 2) 0.78±1.13 2.14±2.41 4.22±3.37

Ca | (Cb = 3) 1.06±1.66 2.80±2.75 3.69±3.28

Ca | (Cb = 4) 1.03±1.65 2.95±3.01 2.50±2.48

Ca | Cb fixed 0.75±1.27 2.17±2.48 3.06±3.00

Ca | Cb rand 0.40±1.16 1.93±2.48 3.04±3.07

Cb (single) 1.40±1.80 3.88±3.06 2.36±2.31

Cb | (Ca = 0) 0.45±0.81 0.48±1.11 1.20±1.61

Cb | (Ca = 1) 0.93±1.47 1.27±1.04 2.53±2.91

Cb | (Ca = 2) 0.92±1.68 2.06±2.11 2.00±2.46

Cb | (Ca = 3) 0.75±0.90 2.58±2.51 2.42±2.69

Cb | (Ca = 4) 1.08±1.92 1.95±1.82 2.50±2.52

Cb | Ca fixed 0.83±1.43 1.67±1.94 2.13±2.51

Cb | Ca rand 0.69±1.21 1.32±1.34 2.16±2.66

Table 20: STRUCTURED generation formality–assertiveness (Fisher-transformed Mean ± SD).
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Llama-11B Gemma-12B Qwen-14B

Ca (single) 1.27±1.29 5.17±3.41 3.36±3.10

Ca | (Cb = 0) 0.38±1.17 3.13±3.01 3.44±3.35

Ca | (Cb = 1) 0.37±0.70 3.04±2.96 3.30±3.24

Ca | (Cb = 2) 0.37±1.28 2.75±2.88 2.25±2.62

Ca | (Cb = 3) 0.80±1.71 3.01±2.97 2.92±2.91

Ca | (Cb = 4) 0.74±1.18 3.74±3.25 2.98±3.11

Ca | Cb fixed 0.53±1.26 3.14±3.02 2.98±3.07

Ca | Cb rand 0.24±0.66 2.42±2.81 3.01±3.20

Cb (single) 2.49±2.38 6.81±2.76 7.63±2.13

Cb | (Ca = 0) 0.63±1.12 4.55±3.28 5.78±3.34

Cb | (Ca = 1) 1.47±2.16 2.90±2.80 3.20±2.98

Cb | (Ca = 2) 1.34±1.82 3.22±3.07 3.63±3.33

Cb | (Ca = 3) 1.17±1.64 3.46±3.14 3.10±3.03

Cb | (Ca = 4) 1.31±1.84 3.73±3.25 3.35±3.20

Cb | Ca fixed 1.18±1.76 3.57±3.15 3.81±3.32

Cb | Ca rand 1.10±1.85 1.70±1.88 2.40±2.68

Table 21: STRUCTURED generation humour–persuasiveness (Fisher-transformed Mean ± SD).
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F Statistical Test Results

We conduct paired t-tests on Fisher z-transformed Spearman correlations for each medium-sized model
and concept pair in the argument-generation dataset. Because Spearman correlations are bounded and
skewed near 1, we first apply the Fisher transformation. For each sample, we compute the per-sample
difference between the single- and dual-concept Fisher values and perform a one-sided paired t-test.

The null hypothesis is that the mean difference is zero, corresponding to no change in performance,
while the alternative hypothesis is that single-concept control is stronger than dual-concept control. The
resulting t-statistics and one-sided p-values are reported below. Large positive t-values accompanied by
extremely small p-values indicate that introducing a secondary concept significantly harms controllability.

F.1 Random Secondary Results

Primary Secondary Llama-11B Gemma-12B Qwen-14B

t p (one-sided) t p (one-sided) t p (one-sided)

assertiveness formality 2.37 1.01× 10−2 6.98 5.30× 10−10 6.79 1.22× 10−9

formality assertiveness 8.34 1.45× 10−12 6.13 1.99× 10−8 5.71 1.10× 10−7

clarity politeness -0.31 6.22× 10−1 3.27 8.06× 10−4 0.66 2.56× 10−1

politeness clarity 1.18 1.21× 10−1 5.31 5.48× 10−7 3.44 4.77× 10−4

humor persuasiveness 4.35 2.14× 10−5 3.63 2.61× 10−4 0.53 2.99× 10−1

persuasiveness humor 2.43 8.80× 10−3 12.48 3.45× 10−20 6.33 8.58× 10−9

Table 22: ARGUMENT generation paired one-sided t-tests on Fisher z-transformed Spearman correlations compar-
ing single-concept and dual-concept with random secondary control across medium-sized models.

Primary Secondary Llama-11B Gemma-12B Qwen-14B

t p (one-sided) t p (one-sided) t p (one-sided)

assertiveness formality 1.99 2.50× 10−2 5.62 1.59× 10−7 4.46 1.41× 10−5

formality assertiveness 4.14 4.60× 10−5 8.45 9.09× 10−13 1.91 3.03× 10−2

clarity politeness 4.23 3.35× 10−5 7.41 8.31× 10−11 4.91 2.92× 10−6

politeness clarity 2.10 1.96× 10−2 11.49 2.01× 10−18 3.22 9.65× 10−4

humor persuasiveness 5.63 1.51× 10−7 6.27 1.10× 10−8 1.74 4.30× 10−2

persuasiveness humor 1.65 5.12× 10−2 8.36 1.37× 10−12 3.44 4.83× 10−4

Table 23: STORY generation paired one-sided t-tests on Fisher z-transformed Spearman correlations comparing
single-concept and dual-concept with random secondary control across medium-sized models.

Primary Secondary Llama-11B Gemma-12B Qwen-14B

t p (one-sided) t p (one-sided) t p (one-sided)

assertiveness formality 3.92 9.69× 10−5 7.14 2.71× 10−10 0.47 3.20× 10−1

formality assertiveness 5.76 8.94× 10−8 3.44 4.73× 10−4 5.04 1.60× 10−6

clarity politeness 2.40 9.41× 10−3 3.37 6.04× 10−4 3.18 1.07× 10−3

politeness clarity 3.40 5.49× 10−4 9.42 1.33× 10−14 5.28 6.29× 10−7

humor persuasiveness 5.66 1.35× 10−7 5.44 3.32× 10−7 0.78 2.20× 10−1

persuasiveness humor 4.22 3.42× 10−5 13.97 9.52× 10−23 12.99 4.49× 10−21

Table 24: STRUCTURED generation paired one-sided t-tests on Fisher z-transformed Spearman correlations
comparing single-concept and dual-concept with random secondary control across medium-sized models.

F.2 Constant Secondary Results
For the constant secondary statistical tests, we average the fisher scores across the five fixed concept levels
before performing the test.
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Primary Secondary Llama-11B Gemma-12B Qwen-14B

t p (one-sided) t p (one-sided) t p (one-sided)

assertiveness formality 2.75 3.76× 10−3 7.22 1.90× 10−10 6.84 9.85× 10−10

formality assertiveness 6.78 1.28× 10−9 3.59 2.96× 10−4 4.14 4.59× 10−5

clarity politeness -0.53 7.02× 10−1 5.01 1.80× 10−6 0.24 4.07× 10−1

politeness clarity 1.74 4.28× 10−2 4.47 1.40× 10−5 1.82 3.61× 10−2

humor persuasiveness 3.60 2.89× 10−4 4.81 3.87× 10−6 1.87 3.25× 10−2

persuasiveness humor 2.73 3.92× 10−3 10.07 8.01× 10−16 6.49 4.39× 10−9

Table 25: ARGUMENT generation paired one-sided t-tests on Fisher z-transformed Spearman correlations compar-
ing single-concept and dual-concept with constant secondary control across medium-sized models.

Primary Secondary Llama-11B Gemma-12B Qwen-14B

t p (one-sided) t p (one-sided) t p (one-sided)

assertiveness formality 2.07 2.12× 10−2 4.96 2.22× 10−6 3.86 1.21× 10−4

formality assertiveness 5.14 1.07× 10−6 8.66 3.68× 10−13 1.18 1.21× 10−1

clarity politeness 4.49 1.30× 10−5 8.74 2.52× 10−13 3.22 9.42× 10−4

politeness clarity 4.49 1.27× 10−5 9.53 8.49× 10−15 2.19 1.59× 10−2

humor persuasiveness 5.50 2.61× 10−7 6.12 2.00× 10−8 1.06 1.47× 10−1

persuasiveness humor 2.78 3.44× 10−3 9.13 4.76× 10−14 3.80 1.45× 10−4

Table 26: STORY generation paired one-sided t-tests on Fisher z-transformed Spearman correlations comparing
single-concept and dual-concept with constant secondary control across medium-sized models.

Primary Secondary Llama-11B Gemma-12B Qwen-14B

t p (one-sided) t p (one-sided) t p (one-sided)

assertiveness formality 3.09 1.41× 10−3 6.21 1.43× 10−8 0.78 2.19× 10−1

formality assertiveness 4.76 5.00× 10−6 3.00 1.85× 10−3 6.03 2.95× 10−8

clarity politeness 2.73 3.95× 10−3 4.22 3.40× 10−5 2.74 3.88× 10−3

politeness clarity 4.15 4.40× 10−5 7.44 7.52× 10−11 4.42 1.67× 10−5

humor persuasiveness 4.49 1.30× 10−5 4.78 4.38× 10−6 1.10 1.37× 10−1

persuasiveness humor 4.49 1.30× 10−5 10.51 1.24× 10−16 12.64 1.85× 10−20

Table 27: STRUCTURED generation paired one-sided t-tests on Fisher z-transformed Spearman correlations
comparing single-concept and dual-concept with constant secondary control across medium-sized models.
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G Human Evaluation

We use human evaluation to validate the performance of LLM-as-judge. We provided three humans with
the LLM judge’s ranking for 5 levels of single-concept generation e.g. humor. We asked them to state
whether they agree, somewhat agree, or disagree with the LLM’s ranking. These were given scores of 1,
0.5 and 0 respectively. Each human was given 6 examples corresponding to the 6 individual concepts that
we explore. The results are shown in the table below:

Human1 Human2 Human3 Overall

Score 4/6 5/6 5/6 14/18

Table 28: Human evaluation results
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H Pairwise vs Listwise LLM Judge

We had run preliminary experiments asking the judge-LLM to perform a single inference ranking of all
responses (where responses are provided in a randomized order). We observed strong position bias: the
first-presented sample was disproportionately ranked lowest. The table below shows the fraction of cases
where the first item was ranked last (the first in the output of the list from the LLM) (see Table 29).

Setting Total Samples Llama70b Fraction Qwen72b Fraction

Humor (single) 75 0.387 0.667
Persuasiveness (single) 75 0.160 0.373
Humor | Persuasiveness (random) 75 0.133 0.040
Persuasiveness | Humor (random) 75 0.160 0.107
Humor | Persuasiveness (constant) 375 0.389 0.725
Persuasiveness | Humor (constant) 375 0.205 0.483

Table 29: Model preference fractions across different control settings
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I Score Tie Proportions

We visualize the score ties per concept per model per dataset. For each concept, we calculate the proportion
of ties over the single-concept, dual-concept random, and dual-concept constant experiments.
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Figure 3: ARGUMENT generation - score tie proportions across six concepts for each model.
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Figure 4: STORY generation - score tie proportions across six concepts for each model.
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Figure 5: STRUCTURED generation - score tie proportions across six concepts for each model.
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J LLM Prompts

You are given some text: "I was driving around a neighborhood. I saw my friend
outside his house. He had a large hose. Water was coming out if it. He was
draining his pool."
Task Description: Your task is to write a short story that continues on from

the text provided, and incorporates the concept given below at the desired level.
Concept: concept
Desired Concept Level: 1/4
Level 0/4 implies no presence of concept, and level 4/4 implies maximal presence

of concept.
Your output should only be the story, without any additional text or explanation.

Figure 6: Single Concept Prompt Example. Task: Story Generation.

You are given some text: "I was driving around a neighborhood. I saw my friend
outside his house. He had a large hose. Water was coming out if it. He was
draining his pool."
Task Description: Your task is to write a short story that continues on from the
text provided, and incorporates the concepts given below at the desired levels.
Concepts: Concept A, Concept B
Desired Concept Levels: Concept A at level 2/4 and Concept B at level 4/4
Level 0/4 implies no presence of the concept, and level 4/4 implies maximal
presence of the concept.
Your output should only be the story, without any additional text or explanation.

Figure 7: Multi Concept Prompt Example. Task: Story Generation

You are given a claim: "Social media should not be required to verify user
identities"
Task Description: Your task is to write a brief argument supporting this claim
that incorporates the concept given below at the desired level.
Concept: Concept A
Desired Concept Level: 1/4
Level 0/4 implies no presence of Concept A, and level 4/4 implies maximal presence
of Concept A.
Your output should only be the argument, without any additional text or
explanation.

Figure 8: Single Concept Prompt Example. Task: Argument Generation.

You are given a claim: "Social media should not be required to verify user
identities"
Your task is to write a brief argument supporting this claim that incorporates
the concepts given below at the desired levels.
Concepts: Concept A, Concept B
Desired Concept Levels: Concept A at level 2/4 and Concept B at level 4/4
Level 0/4 implies no presence of the concept, and level 4/4 implies maximal
presence of the concept.
Your output should only be the argument, without any additional text or
explanation.

Figure 9: Multi Concept Prompt Example. Task: Argument Generation
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You are given the following structured data: ["Sundiata Gaines", "TEAM",
"Georgia"]
Task Description: Your task is to write a textual description from the provided
structured data and NOTHING ELSE. The context may not be clear or limited, but it
is your job to infer the context and you must provide a response. Your response
should incorporate the concept given below at the desired level.
Concept: Concept A
Desired Concept Level: 2/4
Level 0/4 implies no presence of Concept A, and level 4/4 implies maximal presence
of Concept A.
Your output MUST ONLY be the textual description, without any additional text or
explanation.

Figure 10: Single Concept Prompt Example. Task: Structured Data Generation.

You are given the following structured data: ["Sundiata Gaines", "TEAM",
"Georgia"]
Task Description: Your task is to write a textual description from the provided
structured data and NOTHING ELSE. The context may not be clear or limited, but it
is your job to infer the context and you must provide a response. Your response
should incorporate the concepts given below at the desired levels.
Concepts: Concept A, Concept B
Desired Concept Levels: Concept A at level 1/4 and Concept B at level 3/4
Level 0/4 implies no presence of the concept, and level 4/4 implies maximal
presence of the concept.
Your output MUST ONLY be the textual description, without any additional text or
explanation.

Figure 11: Multi Concept Prompt Example. Task: Structured Data Generation

Which of these two statements shows a greater level of ‘formality’?
A: """ Social media platforms are meant to be casual and relaxed spaces for people
to connect and share their thoughts. Requiring verification of user identities
would make these spaces feel more formal and restrictive, which would go against
the very nature of social media. It would also create unnecessary barriers for
people who want to engage online, especially those who may not have the necessary
documentation or resources to verify their identities. By keeping social media
informal, we can maintain its accessibility and openness, allowing people to
express themselves freely and connect with others in a more organic way. """
B: """ Requiring social media platforms to verify user identities would undermine
the informal nature of online interactions, which is a fundamental aspect of
their appeal. The internet’s ability to facilitate anonymous and pseudonymous
communication has been a driving force behind its widespread adoption and the
free exchange of ideas it enables. Formal identity verification would introduce a
level of formality that could stifle online discourse, making it less accessible
and less inclusive for those who value the anonymity that the internet provides.
"""
Think step by step if needed, but keep it brief. Then provide your final choice
clearly in the following format: <Answer>A</Answer> or <Answer>B</Answer> Do not
leave the answer blank.

Figure 12: LLM-as-a-Judge Prompt Example
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K Spearman Rank Distributions
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(a) Humor. Model: Llama
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(b) Humor | Persuasiveness. Model: Llama

Figure 13: Example of the distribution of Spearman correlation values between the desired levels and rank of the
target concept. Result shown for argument generation task, using Llama 3-11B, with the target concept only and
secondary concept level randomly sampled. For example, “Humor | Persuasiveness” denotes responses generated
independently for each humor level (target concept) while persuasiveness is randomly set for each inference.
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L Example Outputs

Claim: Governments and technology companies must do more to protect online privacy and security.
Level 0 The increasing reliance on technology has led to a significant shift in the way we live, work,

and interact with one another. However, this shift has also raised concerns about online
privacy and security. Governments and technology companies have a responsibility to protect
their citizens’ and users’ personal data from falling into the wrong hands. This is not just a
moral obligation, but also a necessary step to prevent the misuse of sensitive information.
By taking proactive measures to safeguard online privacy and security, governments and
technology companies can help build trust and ensure that the benefits of technology are
accessible to all.

Level 1 We’re living in a world where our online activities are being tracked, monitored, and sold to
the highest bidder. It’s like we’re all wearing a neon sign that screams Ḧey, I’m a potential
customer, come and get me!G̈overnments and tech companies are like the bouncers at a
nightclub, collecting our personal data and serving it up to advertisers like a never-ending
happy hour special. But let’s be real, folks, our online security is a joke. It’s like trying to
keep a secret in a kindergarten classroom – it’s just not happening. We need governments
and tech companies to step up their game and give us some real protection.

Level 2 We’re living in a world where our online activities are being tracked, monitored, and sold to
the highest bidder. It’s like we’re all wearing a neon sign that screams "Hey, I’m a potential
customer, come and get me!" Governments and tech companies are like the bumbling
security guards who can’t even keep the coffee machine from being hacked, let alone our
personal data. It’s time for them to step up their game and give us some real protection.
After all, we’re not just talking about our online security, we’re talking about our digital
dignity.

Level 3 The age-old adage: "if you’re not paying for the product, you are the product.Ït’s a clever
way of saying that when we use free online services, we’re essentially trading our personal
data for the privilege of using them. But let’s be real, who doesn’t love a good bargain? The
problem is, our personal data is worth a lot more than a few dollars off our next purchase.
It’s like selling our soul to the digital devil, and then wondering why our online lives are
being hijacked by bots and scammers. Governments and tech companies need to step up
their game and protect our online privacy and security. After all, we’re not just talking about
our data – we’re talking about our digital dignity.

Level 4 The cat’s out of the bag – or should I say, the cat’s out of the cloud? Governments and tech
companies are supposed to be the guardians of our online security, but it seems they’re more
like the bumbling superheroes of the digital world. They’re always one step behind the bad
guys, tripping over their own wires and leaving our personal info exposed for the world to
see. It’s like they’re playing a game of digital whack-a-mole, where every time they squash
one security threat, another one pops up in its place. It’s time for them to level up their game
and take online security seriously – before we all become the main course in a cyber-attack
buffet.

Table 30: Example Generative Responses. Task: Argument Generation. Model: Llama3-11B. Concept: Humour.
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Claim: Governments and technology companies must do more to protect online privacy and security.
Level 0 As we increasingly rely on the internet for our daily lives, it’s imperative that governments

and technology companies take concrete steps to safeguard our online privacy and secu-
rity. The alarming rate of data breaches and cyber attacks has left millions of individuals
vulnerable to identity theft, financial loss, and emotional distress. Moreover, the lack of
transparency in data collection and usage practices has eroded trust in these institutions,
making it difficult for people to feel secure in their online interactions. By implementing
robust security measures and adhering to strict data protection policies, governments and
technology companies can restore this trust and ensure that the benefits of the digital age are
accessible to all, without compromising our fundamental right to privacy.

Level 1 As we increasingly rely on the internet for our daily lives, it’s imperative that governments
and technology companies take concrete steps to safeguard our online privacy and secu-
rity. The alarming rate of data breaches and cyber attacks has left millions of individuals
vulnerable to identity theft, financial loss, and emotional distress. By implementing robust
security measures and transparent data protection policies, these entities can restore trust
in the digital world and ensure that our personal information is not exploited for malicious
purposes.

Level 2 As we increasingly rely on the internet for our daily lives, it’s imperative that governments
and technology companies take concrete steps to safeguard our online privacy and security.
The alarming rate of data breaches and cyber attacks has left millions of individuals vul-
nerable to identity theft, financial loss, and emotional distress. Moreover, the exploitation
of personal data for targeted advertising and manipulation has eroded trust in the digital
ecosystem. By implementing robust encryption, transparent data collection practices, and
robust security measures, governments and tech companies can restore trust and ensure that
the benefits of the digital age are accessible to all, without compromising our fundamental
right to privacy.

Level 3 As we increasingly rely on the internet for our daily lives, it’s imperative that governments
and technology companies take concrete steps to safeguard our online privacy and security.
The alarming rate of data breaches and cyber attacks is a stark reminder of the vulnerabilities
we face online. By failing to prioritize our digital well-being, these entities are not only
compromising our trust but also putting our sensitive information at risk of exploitation.
It’s time for them to acknowledge their responsibility in protecting us and take proactive
measures to fortify our online security, such as implementing robust encryption, conducting
regular security audits, and providing transparent data management practices. Only through
collective action can we ensure a safer and more secure online environment, where individu-
als can freely express themselves without fear of surveillance or exploitation.

Level 4 As we increasingly rely on the internet for our daily lives, it’s imperative that governments
and technology companies take concrete steps to safeguard our online privacy and security.
The alarming rate of data breaches and cyber attacks has exposed the vulnerabilities of
our digital world, leaving millions of individuals vulnerable to identity theft, financial loss,
and emotional distress. Moreover, the exploitation of personal data for targeted advertising
and manipulation has eroded trust in institutions and undermined the very fabric of our
democracy. It’s not just a matter of convenience or luxury; it’s a fundamental human right
to have control over our personal information and to be protected from those who would
seek to exploit it. By prioritizing online privacy and security, governments and technology
companies can not only prevent harm but also foster a culture of trust, innovation, and
progress. The time for complacency is over; it’s time for action.

Table 31: Example Generative Responses. Task: Argument Generation. Model: Llama3-11B. Concept: Persuasive-
ness.
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Claim: Governments and technology companies must do more to protect online privacy and security.
Level 0 As we navigate the digital age, it’s astonishing how often we’re reminded that our online

activities are being watched, tracked, and sold to the highest bidder. It’s like we’re living in
a real-life episode of "Big Brother," minus the cool prize money. But seriously, governments
and tech companies have a responsibility to protect our online privacy and security. They
must do more to safeguard our personal data, prevent cyber attacks, and ensure that our
online interactions are free from surveillance and manipulation. By taking these steps, they
can help build trust in the digital world and ensure that it remains a force for good, rather
than a source of anxiety and exploitation.

Level 1 We’ve all been there - scrolling through our social media feeds, only to realize we’ve spent
the last hour mindlessly comparing our lives to curated highlight reels. But in all seriousness,
our online activities are being tracked, monitored, and exploited by governments and tech
companies. It’s time for them to take responsibility for protecting our online privacy and
security. We need stronger regulations and more transparency from these entities, not just
empty promises. Our personal data is the new oil, and it’s time we demand better protection
from those who profit from it.

Level 2 We’re living in a world where our online activities are being tracked, monitored, and sold to
the highest bidder. It’s like we’re all wearing a neon sign that screams, "Hey, I’m a target
for ads and hackers!" Governments and tech companies have a responsibility to protect our
online privacy and security, but so far, they’re not doing enough. It’s time for them to step
up their game and give us some real peace of mind. We deserve to be able to browse the
internet without being bombarded with ads, and to know that our personal data is safe from
prying eyes. It’s not too much to ask, is it?

Level 3 Let’s face it, our online lives are like a never-ending game of "whack-a-mole" - every time
we think we’ve got our digital ducks in a row, a new data breach or privacy scandal pops up
to remind us that we’re just one click away from disaster. It’s time for governments and tech
companies to step up their game and take concrete steps to protect our online privacy and
security. We’re not asking for the moon here - just some basic safeguards like end-to-end
encryption, regular security audits, and transparency about how our data is being used. It’s a
matter of trust, folks. If we don’t feel like our online activities are private and secure, we’ll
be forced to take our business (and our eyeballs) elsewhere. And let’s be real, who wants to
be the next Equifax or Cambridge Analytica? Not me, that’s for sure. So, let’s get serious
about online security and make the internet a safer, more trustworthy place for everyone.

Level 4 We’re living in a world where our online activities are being tracked, monitored, and sold to
the highest bidder. It’s like we’re all wearing a neon sign that screams, "Hey, I’m a potential
customer! Come and get me!" Governments and tech companies are supposed to be our
guardians, but instead, they’re more like digital Big Brothers, watching our every move.
It’s time for them to step up and protect our online privacy and security. We need stronger
regulations, better encryption, and more transparency. Anything less is just a joke.

Table 32: Example Generative Responses. Task: Argument Generation. Model: Llama3-11B. Concept: Humor,
with Persuasiveness fixed at level 3.
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Input: Homer decided to go watch a movie. But when he entered the movie theater, there
was nowhere to sit. He found one spot by a bunch of kids. And during the movie, they made
lots of noise. Homer became so annoyed, he decided to sit in the aisle.
Level 0 As Homer sat in the aisle, he couldn’t help but feel a sense of satisfaction. He had finally

found a spot where he could watch the movie without being distracted by the rowdy kids
behind him. But, as he settled in, he noticed that the person sitting in front of him was
wearing a pair of 3D glasses. Homer, being a bit of a skeptic, wondered if the glasses were
actually doing anything.
Just as he was about to ask the person to take off the glasses, the movie started and Homer
was suddenly sucked into the screen. He felt like he was right there with the characters,
dodging laser beams and running from aliens. When the movie ended, Homer was a bit
disoriented and stumbled out of the theater, bumping into the person who had been wearing
the 3D glasses.

Level 1 As Homer sat in the aisle, he thought to himself, "This is the perfect spot. I can stretch out
my legs and no one will bother me." But little did he know, his new seat came with a special
bonus: a kid’s feet in his face. The little boy’s toes were wiggling with excitement, and
Homer couldn’t help but laugh at the absurdity of it all.
The movie was a romantic comedy, and Homer found himself getting more and more
annoyed at the couple’s sappy love story. But the kids behind him were having a different
reaction. They were giggling and snickering at every cheesy line, and Homer couldn’t help
but chuckle along with them...

Level 2 As Homer sat in the aisle, he thought to himself, "This is the life. I’m like a VIP, a Very
Important Person... of the aisle." He chuckled at his own joke, but his amusement was
short-lived. The kids behind him started making "Homer’s in the aisle" jokes, and he
couldn’t help but laugh along. One of them even started doing a mock "Homer’s in the aisle"
dance, complete with flailing arms and a "D’oh!" at the end. Homer’s annoyance turned to
amusement, and he found himself enjoying the movie more than he thought possible. That
is, until the kid behind him started making "D’oh!" noises every time Homer’s character did
something silly on screen. Homer’s laughter turned to groans, and he threw a popcorn kernel
at the kid, shouting "That’s it, I’m the king of the aisle!" The kids erupted in laughter, and
Homer joined in, feeling like he’d finally found his place in the movie theater.

Level 3 As Homer sat in the aisle, he thought to himself, "This is the life. I’m like a VIP, Very
Irritated Person." The kids behind him were still making a ruckus, but now they were also
trying to imitate Homer’s grumpy face. One of them even started doing a pretty good
impression of his "D’oh!" expression.
Just then, the movie’s main character, a superhero, shouted "I’m going to save the world!"
and Homer, in a moment of solidarity, stood up and shouted "I’m going to save my sanity!"
The kids behind him burst out laughing, and for a moment, the whole theater was filled with
the sound of their giggles...

Level 4 As Homer sat in the aisle, he thought to himself, "This is the life. I’m like a VIP, Very
Irritated Person." The kids behind him started making animal noises, and Homer’s annoyance
turned into a full-blown grumble. He tried to stifle it, but it came out as a loud, "Grrr... like a
bear, but not as cute."
The kids found this hilarious and started giggling uncontrollably. Homer’s face turned bright
red, and he muttered under his breath, "I’m not grumpy, I’m just passionately expressing my
dislike for this movie." The kids thought this was the funniest thing they’d ever heard and
started chanting, "Grumpy, grumpy, grumpy!"...

Table 33: Example Generative Responses. Task: Story generation. Model: Llama3-11B. Concept: Humor.
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Input: Homer decided to go watch a movie. But when he entered the movie theater, there
was nowhere to sit. He found one spot by a bunch of kids. And during the movie, they made
lots of noise. Homer became so annoyed, he decided to sit in the aisle.
Level 0 Homer sat in the aisle, trying to enjoy the movie, but the noise from the kids was still

distracting. He thought to himself, "Why do parents bring their kids to a movie theater?
Can’t they see that it’s a place for adults to relax and enjoy some entertainment?" He shook
his head, feeling a bit annoyed.
As the movie continued, Homer’s annoyance grew. He started to think about all the other
times he had been to the movie theater and had to deal with noisy kids. He remembered one
time in particular when a group of rowdy teenagers had been sitting behind him, making it
impossible for him to enjoy the movie...

Level 1 As Homer sat in the aisle, he couldn’t help but feel a sense of frustration. The kids behind
him were still making a ruckus, and the movie was being completely ruined. He thought
to himself, "Why can’t these kids just be quiet for one movie?" He decided to take matters
into his own hands and turned around to face the group of noisy kids. "Excuse me," he said
firmly, "but could you please keep it down? Some of us are trying to watch the movie." The
kids looked up at him with big, innocent eyes, and one of them whispered, "Sorry, mister."
Homer’s expression softened slightly, and he replied, "It’s okay, just try to be a bit more
considerate, okay?" The kids nodded in unison, and the noise level in the theater decreased
significantly. Homer felt a sense of satisfaction, knowing that he had made a difference.

Level 2 As Homer sat in the aisle, he couldn’t help but feel a sense of frustration. The kids behind
him were still making a ruckus, and the movie was being completely ruined. He decided to
take matters into his own hands and approached the group of parents sitting nearby.
"Excuse me," Homer said, trying to keep his tone polite but firm. "I understand that kids can
get excited, but this is getting out of hand. Could you please try to keep them quiet for the
rest of the movie? ..."

Level 3 As Homer sat in the aisle, he couldn’t help but feel a sense of frustration. The kids behind
him were still making a ruckus, and the movie was being completely ruined. He decided to
take matters into his own hands and approached the group of parents sitting nearby.
"Excuse me," Homer said, trying to keep his tone polite but firm. "I understand that kids can
get excited, but this is getting out of hand. Could you please try to keep them quiet for the
rest of the movie?" ...

Level 4 As Homer sat in the aisle, he couldn’t help but feel a sense of frustration wash over him.
The noise from the row of kids behind him was deafening, and he found himself getting
more and more agitated by the minute. He tried to focus on the movie, but it was no use -
the constant chatter and giggling was driving him crazy.
Just as he was about to get up and leave, a kind-faced elderly woman sitting a few rows
ahead of him turned around and caught his eye. "Excuse me, young man," she said with a
warm smile, "but I couldn’t help but notice that you’re not enjoying the movie. Is everything
okay?" ...

Table 34: Example Generative Responses. Task: Story Generation. Model: Llama3-11B. Concept: Persuasiveness.
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Input: Homer decided to go watch a movie. But when he entered the movie theater, there
was nowhere to sit. He found one spot by a bunch of kids. And during the movie, they made
lots of noise. Homer became so annoyed, he decided to sit in the aisle.
Level 0 As Homer sat in the aisle, he couldn’t help but think that this was the worst movie-going

experience of his life. The kids behind him were still making a ruckus, and the person in
front of him had just spilled an entire bucket of popcorn on the floor. Just as he was about to
get up and leave, the movie’s protagonist shouted "I’m going to save the world!änd Homer
found himself shouting "Good luck with that, buddy, you’re going to need it!" The people
around him looked at him in confusion, but Homer just shrugged and said "What? I’m
just enthusiastic." The kids behind him started giggling, and for a moment, the noise level
actually decreased. Homer smiled to himself, thinking that maybe this movie wasn’t so bad
after all...

Level 1 As Homer sat in the aisle, he couldn’t help but think that this was the worst movie-going
experience of his life. The kids behind him were still making a ruckus, and the person in
front of him had their feet propped up on the seat, completely unaware of the disturbance
they were causing. Just as Homer was about to lose his patience, the person in front of him
suddenly stood up and announced, "I’m going to get some popcorn!" ...

Level 2 As Homer sat in the aisle, he couldn’t help but think that this was the worst movie-going
experience of his life. The kids behind him were making so much noise, it was like they
were trying to shatter the sound barrier. He tried to tune them out, but it was no use. He was
on the verge of losing his mind.
Just as he was about to get up and leave, a group of rowdy teenagers walked in and plopped
themselves down in the seats behind him. They were laughing and joking, completely
oblivious to the fact that they were about to disrupt the entire theater...

Level 3 As Homer sat in the aisle, he couldn’t help but think that this was the worst movie-going
experience of his life. The kids behind him were making so much noise, it was like they
were trying to shatter the sound barrier. He tried to tune them out, but it was no use. His
annoyance level was off the charts.
Just as he was about to get up and leave, a group of friends walked in and spotted the empty
seats behind him. "Dude, we can sit here!" one of them exclaimed, eyeing the row of empty
seats. Homer’s eyes widened in horror. "No, no, no! You can’t sit there! I’m... I’m... um,
I’m a movie critic, and I need to take notes on the, uh, the acoustics of this theater."...

Level 4 As Homer sat in the aisle, he couldn’t help but think that this was the worst movie-going
experience of his life. The kids behind him were still making a ruckus, and the person in
front of him had just spilled an entire bucket of popcorn on the floor. Just as he was about to
get up and leave, the movie’s protagonist shouted "I’m going to save the world!" and Homer
found himself shouting "I’m going to save my sanity!" at the top of his lungs.
The kids behind him started giggling, and the person in front of him turned around and said,
"Dude, you’re really invested in this movie.Ḧomer just shook his head and muttered, "I’m
just invested in not losing my mind.̈...

Table 35: Example Generative Responses. Task: Story Generation. Model: Llama3-11B. Concept: Humor, with
Persuasiveness fixed at level 3.
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Input: ["Sundiata Gaines", "TEAM", "Georgia"]
Level 0 Sundiata Gaines is a member of the Georgia team.
Level 1 It seems Sundiata Gaines is a Georgia native, and his team affiliation is, well, a bit of a

stretch.
Level 2 It seems Sundiata Gaines is a Georgia native, but I’m guessing his team spirit isn’t just about

the peaches.
Level 3 It seems Sundiata Gaines is a Georgia native, but I’m guessing his team spirit isn’t as strong

as his surname suggests.
Level 4 It seems Sundiata Gaines is a Georgia native, and his team spirit is as strong as the peach

cobbler at the local diner.

Table 36: Example Generative Responses. Task: Structured Data Generation. Model: Llama3-11B. Concept:
Humor.

Input: ["Sundiata Gaines", "TEAM", "Georgia"]
Level 0 Sundiata Gaines is a member of the Georgia team.
Level 1 Georgia’s Sundiata Gaines is a force to be reckoned with on the court, and his team is lucky

to have him on their side.
Level 2 Georgia’s Sundiata Gaines is a force to be reckoned with, and his team is lucky to have him

on board.
Level 3 Georgia’s Sundiata Gaines is a force to be reckoned with, and his team is lucky to have him

on board. With his impressive skills and dedication, he’s a game-changer, and his presence
on the court is a major advantage for his team.

Level 4 Georgia’s Sundiata Gaines is a force to be reckoned with, and his team is lucky to have him
on board. With his impressive skills and dedication, he’s a game-changer, and his presence
on the court is a game-winner. Trust me, you won’t want to underestimate this talented
player - he’s the real deal.

Table 37: Example Generative Responses. Task: Structured Data Generation. Model: Llama3-11B. Concept:
Persuasiveness.

Input: ["Sundiata Gaines", "TEAM", "Georgia"]
Level 0 It seems Sundiata Gaines is a Georgia native, and his team spirit is as strong as the peach

cobbler at the local diner.
Level 1 It seems Sundiata Gaines is a Georgia native who’s part of a team, but we can’t quite put our

finger on which team that is. Still, it’s clear he’s a Georgia boy through and through.
Level 2 It seems Sundiata Gaines is a Georgia native, and his team spirit is as strong as the peach

cobbler they’re famous for.
Level 3 It seems Sundiata Gaines is a Georgia native who’s part of a team, but I’m guessing it’s not

the Bulldogs - he’s probably more of a slam dunk on the court than a touchdown on the
gridiron.

Level 4 It seems Sundiata Gaines is a Georgia native who’s part of a team, but I’m guessing it’s not
the Bulldogs.

Table 38: Example Generative Responses. Task: Structured Data Generation. Model: Llama3-11B. Concept:
Humor, with Persuasiveness fixed at level 3.
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