The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

C3TG: Conflict-aware, Composite, and Collaborative Controlled Text Generation

Yu Li', Zhe Yang?, Yi Huang?**, Xin Liu*, Guilin Qi'
!School of Computer Science and Engineering, Southeast University, Nanjing, China
2JIUTIAN Research, China Mobile, China
3Department of Computer Science and Technology, Tsinghua University, China
4UniSA STEM, University of South Australia, Adelaide, Australia
{yulill, gqi} @seu.edu.cn, {yangzhe, huangyi} @cmjt.chinamobile.com, xin.liu@mymail.unisa.edu.au

Abstract

Recent advancements in large language models (LLMs) have
demonstrated remarkable text generation capabilities. How-
ever, controlling specific attributes of generated text remains
challenging without architectural modifications or extensive
fine-tuning. Current methods typically toggle a single, ba-
sic attribute but struggle with precise multi-attribute control.
In scenarios where attribute requirements conflict, existing
methods lack coordination mechanisms, causing interference
between desired attributes. Furthermore, these methods fail
to incorporate iterative optimization processes in the con-
trolled generation pipeline. To address these limitations, we
propose Conflict-aware, Composite, and Collaborative Con-
trolled Text Generation (C°TG), a two-phase framework for
fine-grained, multi-dimensional text attribute control. Dur-
ing generation, C*TG selectively pairs the LLM with the
required attribute classifiers from the 17 available dimen-
sions and employs weighted KL-divergence to adjust token
probabilities. The optimization phase then leverages an en-
ergy function combining classifier scores and penalty terms
to resolve attribute conflicts through iterative feedback, en-
abling precise control over multiple dimensions simultane-
ously while preserving natural text flow. Experiments show
that C*TG significantly outperforms baselines across mul-
tiple metrics including attribute accuracy, linguistic fluency,
and output diversity, while simultaneously reducing toxicity.
These results establish C*TG as an effective and flexible solu-
tion for multi-dimensional text attribute control that requires
no costly model modifications.

Extended version — https://arxiv.org/abs/2511.09292

Introduction

Recent advancements in large language models (LLMs)
have revolutionized text generation with their remarkable
capabilities (Ouyang et al. 2022; Min et al. 2024; Li et al.
2024). However, precisely controlling fine-grained textual
attributes—such as emotion, style, or topic—remains chal-
lenging without architectural modifications or extensive
fine-tuning (Kang and Hovy 2021). This goal, known as
Controlled Text Generation (CTG), demands techniques that
can dynamically modulate model outputs while preserving
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Figure 1: Unlike existing methods that control few attributes
and handle conflicts poorly, C3*TG offers broad attribute con-
trol and resolves conflicts effectively.

overall text quality. However, the complexity increases sub-
stantially when multiple attributes must be satisfied simulta-
neously (Liu et al. 2024; Cao et al. 2024b), as these attributes
may exhibit overlapping or conflicting characteristics: ad-
justing one attribute can attenuate or amplify others (Yang
et al. 2025; Cao et al. 2024a). Moreover, current controlled
text generation frameworks typically lack mechanisms for
iterative feedback refinement (Son and Lee 2024).

Existing controlled text generation methodologies can be
systematically categorized into two principal methods. The
first method directly modulates the language model’s de-
coding distribution (Pynadath and Zhang 2025; Xu et al.
2024). For instance, PPLM (Dathathri et al. 2020) manip-
ulates hidden state gradients during generation to bias text
toward target attributes, while GeDi (Krause et al. 2021) em-
ploys a generative discriminator to estimate attribute prob-
abilities for candidate tokens and incorporates this infor-
mation into the decoding process. Other research has ex-
plored latent space energy functions for control, includ-
ing MacLaSa (Ding et al. 2023), COLD (Qin et al. 2022),
and BOLT (Liu, Khalifa, and Wang 2023), which con-
struct energy functions in latent spaces or over contiguous
soft sequences, combining them with gradient sampling or
adjustable bias mechanisms to achieve concurrent multi-
attribute control while maintaining linguistic fluency (Hal-



linan et al. 2023). The second method implements indirect
control strategies, such as prompting (Brown et al. 2020)
and fine-tuning (Ouyang et al. 2022; Wang and Demberg
2024a). The former augments inputs with natural language
instructions to guide generation, offering a concise method
that remains difficult to calibrate regarding attribute inten-
sity (Wang and Sha 2023). The latter retrains models on
attribute-labeled data, enhancing sensitivity to specific at-
tributes but often requiring substantial computational re-
sources and lacking flexibility (Ma et al. 2024). In sum-
mary, current methods exhibit several significant limita-
tions (Liang et al. 2024b). First, existing methods focus
on regulation of individual or simplistic attributes, lacking
the capability for fine-grained control over complex multi-
attribute combinations. Second, when multiple attributes co-
exist with potential conflicts, current techniques demonstrate
insufficient mechanisms for resolving attribute interference.
Finally, these methods fail to support progressive text refine-
ment through iterative optimization processes.

To address these limitations, we propose C3TG (Conflict-
aware, Composite, and Collaborative Controlled Text Gen-
eration), a framework that effectively mitigates attribute
conflicts by coordinating an LLM with compact auxil-
iary models. C3TG pairs a powerful LLM with lightweight
BERT-based classifiers in a two-phase method. During gen-
eration, it integrates attribute-specific probability distribu-
tions via weighted KL divergence terms, ensuring each to-
ken selection reflects all target attributes. In the optimiza-
tion phase, C’TG constructs an energy function combining
classifier scores with conflict penalty terms to guide itera-
tive text refinement, progressively improving attribute align-
ment while maintaining fluency. This collaboration between
“large” generators and “small” evaluators enables flexible,
fine-grained, conflict-aware control without costly retraining
or architectural modifications. Extensive story-generation
experiments show that C3TG preserves fluency and diversity
while controlling multiple attributes. Additional evaluations
on toxicity datasets show significant reductions in harmful
content generation. Moreover, our dedicated “opposites and
conflicts” experiments highlight C3TG’s superior capacity
to handle overlapping and conflicting attribute requirements.
Our contributions are summarized as follows:

 We propose C>TG, pairing LLMs with specialized BERT
classifiers across 17 subcategories of emotion, style,
tone, and topic, significantly expanding attribute control
capabilities while mitigating toxic content generation.

We integrate a weighted KL divergence for attribute
distribution fusion during generation and implement a
composite energy function (classifier scores plus conflict
penalties) during optimization, enabling flexible real-
time multi-attribute control that outperforms existing
static methods in both stability and toxicity suppression.

Empirical evaluations on ROCStories and Writing-
Prompts datasets demonstrate C>TG’s superiority over
mainstream baselines in attribute accuracy, fluency, and
diversity—findings further validated through compre-
hensive human evaluation.
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Related Work
Controlled Text Generation via Decoding

Recent research has advanced CTG by manipulating decod-
ing distributions (Madaan et al. 2021). These methods in-
clude: gradient-based methods like PPLM (Dathathri et al.
2020), COLD (Qin et al. 2022), and BOLT (Liu, Khal-
ifa, and Wang 2023) that adjust hidden states during infer-
ence; latent-space techniques such as MacLaSa (Ding et al.
2023) and LatentOps (Liu et al. 2023) operating in contin-
uous attribute spaces (Zhu et al. 2024); constraint frame-
works like MUCOCO (Kumar et al. 2021) and PriorCon-
trol (Gu et al. 2023); and score-mixing methods including
Mix&Match (Mireshghallah, Goyal, and Berg-Kirkpatrick
2022) and Palette (Yang et al. 2025). While these methods
preserve the base model and enable fine-grained control,
their heavy-handed decoding interventions add implemen-
tation complexity, frequently undermine fluency and coher-
ence, and—crucially—provide no feedback-driven refine-
ment, a gap that becomes acute when resolving conflicts in
multi-attribute scenarios (Zhong et al. 2023).

Controlled Text Generation via Indirect Strategies

Indirect strategies guide pretrained models without inter-
nal modifications. Prompt-based methods insert control sig-
nals, offering parameter-free solutions but providing only
coarse control and limited efficacy with conflicting attributes
(Jie et al. 2024; Wang and Demberg 2024b). Fine-tuning
methods—including prefix-based adaptation (Li and Liang
2021), ProSwitch (Zong et al. 2024), and prompt tun-
ing (Qian et al. 2022)—enable precise control but require
substantial annotation and risk overfitting (Yang, Ma, and
Cheng 2024). Plug-and-play frameworks such as DATG
(Liang et al. 2024a) and LiFi (Shi, Cai, and Yang 2024)
achieve lightweight control without modifying the base
LLM, but both depend on quality labeled data to train
their attribute classifiers (Shulev and Sima’an 2024). De-
spite methodological diversity, these methods universally
struggle with two fundamental challenges: resolving multi-
attribute conflicts and enabling feedback-driven refinement
to enhance attribute alignment without compromising coher-
ence (Yu et al. 2024).

Problem Formulation

Let V denote the vocabulary and x (1,...,27) €
VT represent a sequence of tokens. We consider the con-
trolled text generation problem over an attribute set A =
{Ay,..., A,} with corresponding target intensities T; €
[0, 1]. Formally, we aim to solve the constrained optimiza-
tion problem:

max Fluency(x)

N (1

st. Ca, ()= T;, Vie{l,...,n}.

where C4,(z) quantifies the intensity of attribute A4; in
sequence .

Our framework accepts as input: (1) an initial context
Zinit provided by the user, and (2) a set of desired attribute-
intensity pairs {(A4;,T;)}" 4, such as Emotion: Joy (0.9),

=1
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Ever since Emma discovered the mysterious pendant in a bright, inviting attic of an old house, ......

Figure 2: Flowchart of the overall process of the C*TG framework, including the generation phase and the optimization phase,
leading to the generation of a text that meets the user’s requirements.

Style: Humor (0.85), Tone: Professional (0.9), and Topic:
Courage (0.9). The framework outputs an optimized text se-
quence gy, that maximizes fluency while satisfying the at-
tribute constraints Cy, (Zfina1) /= T; for all target attributes.
Additionally, the system provides real-time attribute inten-
sity estimates {C4, ()}, throughout the generation pro-
cess and guarantees monotonic reduction in toxicity metrics.

Methodology

The overall workflow of C*TG is shown in Figure 2. Our
framework consists of two principal phases: generation and
optimization. During the generation phase, we leverage
the foundational language model and incorporate weighted
Kullback-Leibler divergence to integrate probability dis-
tributions from attribute-specific models corresponding to
user-defined targets (e.g., emotion, style, tone, topic). This
integration mechanism imposes a differentiable constraint
on token selection probabilities, yielding an initial text out-
put that incorporates the specified attribute characteristics.
However, a single-pass generation process frequently
proves insufficient for simultaneously satisfying multiple at-
tribute objectives—particularly when attributes exhibit con-
flicting or interdependent relationships. Consequently, in
the optimization phase, we employ discriminative classifiers
to quantitatively assess attribute alignment and introduce
penalty functions that target attribute conflicts. We formulate
a composite energy function combining classifier scores and
conflict penalty terms. When attributes deviate from targets
or interfere with other attributes after the generation phase, a
Feedback Agent generates rewriting prompts based on the
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differential scores from classifiers and penalty terms. This
agent then guides the model through a three-stage rewriting
process to produce the final text. The resulting closed-loop
system transitions from initial generation to structured re-
finement, establishing an optimal balance between attribute
target satisfaction and linguistic coherence.

Generation Phase

We adopt Llama2 (Touvron et al. 2023) as the base lan-
guage model for generation. In parallel, we fine-tune inde-
pendent Llama2 models on attribute-specific corpora, ob-
taining n attribute models—emotion, style, tone, topic, and
toxicity—each yielding a prior distribution Q; (- | £1.4—1).

Optimization Objective: Given user-specified impor-
tance scores {\; }7; (A\; > 0) (e.g., Joy 0.9, Polite 0.8), we
seek a distribution P(- | x1.;—1) that balances all attributes
by minimizing the weighted KL divergence:

JP] = ZM Dxn(P(- | #1:6-1) || Qi(+ | Z1:0-1)),

S.t. ZP(.%‘ | xl:tfl) =1.

zeV

(@)

Solution: By applying Lagrange multipliers, we derive the
optimal distribution:



A= zn:)\l > 0. 3)
=1

Thus, we sample tokens from the weighted geometric
mean of attribute priors, with \;/A controlling attribute
A;’s influence. Unsatisfactory outputs enter the optimization
phase for rewriting.

Optimization Phase

The initial generation frequently produces text that devi-
ates from target attribute intensities or exhibits inter-attribute
conflicts, where enhancing one attribute may inadvertently
suppress or amplify others. To address these challenges, we
formulate an energy-based optimization framework that in-
tegrates BERT (Devlin et al. 2019) classifier feedback with
specialized penalty terms to mitigate dimensional conflicts
during iterative refinement.

Attribute Classifier Scores: In multi-attribute controlled
generation, we decompose each high-level attribute into
fine-grained dimensions. For instance, the emotion attribute
encompasses sub-categories such as joy, sadness, and love.
Let Ay, Ao, ..., A, denote the set of controllable dimen-
sions, with Cy, (x) representing the BERT-based classifier
that quantifies dimension A; given text x.

Ideally, Cy4,(x) should approximate the specified target
value T;. We measure the aggregate deviation through:

Eclassify(x) == Z 041;|CAL' (I) - Ti|a (4)
=1

where a; denotes the importance weight of dimension A;,
initially specified by the user. After computing Eq. (4), we
store each score C'4, (x) and its deviation from the target, en-
abling adaptive prioritization of dimensions with large dis-
crepancies in later iterations. These deviation metrics feed
the Feedback Agent (Llama2) described later, which turns
them into targeted rewriting directives.

Dimensional Stability Penalties: During optimization,
purely pursuing target dimensional improvements without
safeguarding related dimensions frequently induces unin-
tended interference effects across the attribute space. To
address this challenge, we formulate dimensional stability
penalties that quantify and constrain perturbations in non-
primary dimensions during each optimization iteration.

Let xprev denote the text before rewriting and x repre-
sent the current iteration result. While each iteration focuses
on specific “primary optimization dimensions”, we desig-
nate the remaining k& dimensions as ‘“stability-constrained
dimensions” Ai, Ao, ..., Ag. For instance, when optimiz-
ing “Emotion-Joy”, both other dimensions within the same

31837

attribute (such as “Sadness”, “Love”) and dimensions
from different attributes (such as “Style-Formal”, “Topic-
Courage”) collectively form the stability-constrained set. To
quantify dimensional fluctuations during rewriting, we de-
fine the penalty function:

k
Qoverlap(x) = Z ﬂv |CVAZ ($) - CAi, (Iprev) ‘7 (5)
=1

where ; represents the penalty coefficient for dimen-
sion A;. Due to inter-dimensional correlations, we assign
dimension-specific penalties [3; based on the correlations be-
tween attributes. The function C'4, (-) represents the classi-
fier’s score for dimension A;, with the absolute difference
constraining both enhancement and suppression effects.

To facilitate precise multi-stage refinement, we focus on
a few dimensions in each iteration while aggregating all
non-targeted dimensions into the stability-constrained set
A, ..., A, governed by Eq. (5). For example, when op-
timizing “Humor”, other style dimensions along with all
emotion, topic, and tone attributes are incorporated into
the stability-constrained set. As refinement progresses, this
constrained set evolves dynamically to maintain global
multi-dimensional equilibrium. At the end of each round,
the Feedback Agent records both the aggregate penalty
Qoverlap(2) and individual dimensional shifts |C, (z) —
Ca, (xprev)|. Together with the primary-dimension classi-
fier scores, these metrics supply the information the agent
needs to craft the next prompt, allowing fine-grained tuning
while preserving attribute balance.

Energy Function: After obtaining the classifier scores
(Eq. (4)) with the penalty term (Eq. (5)), our energy func-
tion is:

E(z) = Zai |Ca, (z) — T3
=1 . (6)
+ ZBJ ’CAJ' (.Z') - C'Aj (xprev)’~
j=1

where the first term measures alignment with target values
across all optimization dimensions, while the second term
constrains perturbations in stability-constrained dimensions.
The weight «; is user-specified to reflect dimension impor-
tance, while j3; is determined based on experimentally de-
rived attribute correlations.

Leveraging the individual terms of the energy function
and their step-to-step changes, a zero-shot Llama2-7B Feed-
back Agent turns this data into rewrite prompts and drives a
three-phase iterative optimization loop:

1. Evaluates the energy function (Eq. (6)) and records devi-

ations A; = |Ca, (z) — T;| for each iteration;

Constructs a priority-ordered correction queue based on

deviation magnitudes, focusing attention on dimensions

with largest target-value discrepancies;

. Synthesizes precise rewriting prompts that explicitly
specify dimensional adjustments (e.g., “Increase dimen-
sion A;, slightly reduce Ay, maintain A,,”);

2.
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Figure 3: Schematic diagram of the complete Chain-of-Prompt workflow in the optimization phase of the C*TG framework.

4. Monitors convergence criteria and terminates optimiza-
tion when energy values satisfy predefined thresholds.

The agent refines target attributes through a three-stage
optimization, while safeguarding the remaining dimensions
from undue interference. This method efficiently navigates
the multi-dimensional attribute space until reaching conver-
gence criteria or selecting the text with minimal energy value
after the maximum allowed iterations.

Agent-Guided Chain-of-Prompt Refinement: To jointly
control multiple attributes, avert conflicts, and preserve flu-
ency, we devise a three-stage optimization procedure:

Stage 1 - Core Attribute Calibration: At the begin-
ning of each iteration, we aggregate classifier scores and
penalty terms, with the Feedback Agent evaluating dimen-
sional deviations |C's, () — T;|. The Agent prioritizes di-
mensions requiring significant adjustment and generates tar-
geted prompts to efficiently minimize the global energy
function. For instance: “Please rewrite the text to better
align with the theme of ”Courage” while preserving seman-
tic content: (Original text)”.

Stage 2-Attribute Balancing Adjustment: After core
calibration, we count the change in scores for all non-
optimized dimensions A; = |C s, () — Ca, (Tprev)| and re-
assess the bias |CA1; (z)-T; } The Feedback Agent then gen-
erates precision-calibrated prompts incorporating intensity
modifiers (“slightly,” “significantly”) for dimensions with
persistent deviations, while explicitly specifying attributes
requiring stability to prevent emergent conflicts: “Please
modify the text to significantly enhance joy and humor while
maintaining the theme of ”Courage”: (Phase 1 output)”.

Phase 3 - Global Fine-tuning: After the second rewrite,
the agent craft a single, consolidated prompt that uses the
composite energy E(x) and the latest attribute metrics to di-
rect final, per-attribute fine-tuning—e.g., “Please polish the
text to keep a pleasant tone, slightly raise humor and formal-
ity, and retain the clear ‘Courage’ theme: (Phase 2 output).”
This third stage performs the last adjustments to bring every
attribute as close as possible to its target score, driving E(z)
below the convergence threshold 7(7 = 0.025).
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In summary, the following steps are performed for each
iteration round:

1. The Feedback Agent formulates a context-aware prompt

based on current classifier and penalty evaluations;
2. The LLM generates text .y, conditioned on the prompt;

. We compute the energy differential AE = E(Zpew) —
E(2prev) and terminate if both AE < 0 and E(Znew) <
T; otherwise, we proceed to the next phase or iteration.

If convergence criteria remain unsatisfied after reaching
the maximum iteration limit, we return the lowest-energy
text. Figure 3 summarizes the three-phase optimization.

Experiment

We conduct a comprehensive empirical evaluation of C3TG
to address the following research questions:

+ RQ1: How does C*TG compare to state-of-the-art meth-
ods across automated metrics and human evaluations?

» RQ2: How effectively does C*TG handle attribute con-
flicts and interactions?

* RQ3: What is the contribution of each component in
C3TG to system effectiveness?

Experimental Setup

Dataset We select two English story scenarios: ROC-
Stories(ROC) and WritingPrompts(WP)(Guan et al. 2021).
ROC emphasizes causal and temporal relationships in every-
day scenarios, while WP provides structurally rich prompt-
story pairs. This combination enables rigorous assessment of
multi-attribute control and our iterative optimization frame-
work across diverse textual contexts.

Control Dimensions C>TG controls five primary attribute
categories: (1) Emotion (anger, fear, joy, love, sadness,
surprise); (2) Style (politeness, romantic, humor, sarcasm,
metaphorical); (3) Tone (professional, casual); (4) Topic
(knowledge, justice, humanity, courage); and (5) Toxicity
(toxic, non-toxic). For classifier training, we utilize pub-
licly available datasets: Social Network Sentiment corpus,



ROC

WP

Method Tox.|
Ace.t  PPLJ Dist-1/2/31 Ace.t  PPLJ Dist-1/2/31
Controllable text generation by controlling decoding distribution
COLD 2435 21.07 0.08/0.10/0.22 20.50 24.54 0.06/0.08/0.18  0.53
BOLT 36.54 17.33  0.09/0.28/0.38  32.07 20.52 0.08/0.26/0.36  0.76
MuCola 27.93 16.89 0.13/0.24/0.33 25.12 19.83 0.10/0.21/0.30  0.58
MacLaSa 31.54 1635 0.11/0.25/0.33 2845 19.01  0.08/0.22/0.30  0.60
PriorControl 2256 1854 0.09/0.25/0.29 19.36  22.07 0.07/0.22/0.25  0.66
LatentOps 33,55 1457 0.18/0.22/0.31  30.00 17.39 0.13/0.17/0.26  0.55
PPLM 3239  15.04 0.19/0.23/0.39 29.74 18.20 0.16/0.20/0.36  0.39
Mix&Match 49.78 2271 0.21/0.24/0.37 45.00 26.46 0.11/0.20/0.32  0.47
Model Arithmetic 87.53 11.08 0.37/0.68/0.81 84.23 14.30 0.33/0.50/0.75  0.16
Controllable text generation by indirect control strategy
LLM-based Prompt 89.45 537 0.47/0.71/0.89 80.02  9.65  0.42/0.50/0.82  0.29
LLM-based Fine-tuning  79.03 853  0.39/0.68/0.84 75.00 10.50 0.38/0.54/0.80  0.16
C*TG (Ours) 90.39 4.04 0.53/0.74/0.90 85.56 3.68  0.47/0.55/0.84  0.12

Table 1: Comparison of automated evaluation results for C*TG and baseline methods on the ROC and WP datasets.

Method ROC

WP

Topic%1T Fluency? Diversity! Topic%1 Fluency! Diversity?

Controllable text generation by controlling decoding distribution

COLD 1.07 1.68 1.32 0.98 1.55 1.26
BOLT 2.89 2.34 2.76 2.45 1.98 2.35
MuCola 2.71 2.62 2.52 2.38 2.33 2.20
MacLaSa 2.95 2.84 2.64 2.61 2.48 2.31
PriorControl 2.30 2.12 2.05 2.16 1.95 1.90
LatentOps 3.12 292 2.84 2.85 2.65 2.55
PPLM 3.40 2.53 3.06 3.05 2.23 2.74
Mix&Match 3.86 3.11 3.54 3.52 2.76 3.23
Model Arithmetic 4.20 3.85 4.07 3.77 3.47 3.69
Controllable text generation by indirect control strategy

LLM-based Prompt 4.73 3.97 4.03 3.24 3.18 3.76
LLM-based Fine-tuning 4.33 3.82 4.28 3.65 3.57 3.42
C*TG (Ours) 4.74 4.53 4.45 3.65 3.88 4.05

Table 2: Comparison of human evaluation results for C*TG and baseline methods on the ROC and WP datasets.

xSLUE style annotation collection, Domain Q&A and In-
structions repository, and Toxicity Review dataset.

Baselines We compare C*TG with two main categories of
mainstream methods: methods that directly intervene in the
decoding distribution, including COLD (Qin et al. 2022),
BOLT (Liu, Khalifa, and Wang 2023), MuCoLa (Kumar,
Paria, and Tsvetkov 2022), MacLaSa (Ding et al. 2023),
PriorControl (Gu et al. 2023), LatentOps (Liu et al. 2023),
PPLM (Dathathri et al. 2020), Mix&Match (Mireshghallah,
Goyal, and Berg-Kirkpatrick 2022), and Model Arithmetic
(Dekoninck et al. 2024); the other category is the indirect
control strategies including Prompt and Fine-tuning.

Evaluation Metrics For automated evaluation, we use
four metrics: classifier accuracy to measure how well at-
tributes are controlled, language model perplexity to assess
coherence, Distinct-n to measure lexical diversity, and toxic-
ity probability from an external API to check content safety.
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In the human evaluation, five independent domain experts
rate the system outputs on a 5-point Likert scale for attribute
alignment, linguistic fluency, and content diversity, and the
final score is the average of their ratings.

Time Optimization We batch the gradients of the user-
specified attributes into a single GPU kernel and reuse
cached hidden states, so each generation step requires
only one forward—backward pass. An energy-based early-
stopping criterion trims decoding time by about 40%.

Overall Experimental Results(RQ1)

As shown in Tables 1 and 2, which include direct decoding
intervention methods as well as methods with indirect con-
trol strategies, the C*TG results are listed at the bottom. All
baselines follow their original specs; single-attribute models
received minimal, architecture-preserving tweaks for multi-
attribute control, were tuned to their best configuration.



Conflict Experiment

Overlap Experiment

Method

Average| PPL| Drift] Average] PPL| Drift]
Model Arithmetic 0.27 1048  0.38 0.22 11.03  0.31
LLM-based Prompt 0.19 5.75 0.25 0.12 4.96 0.29
TG 0.08 4.54 0.16 0.07 4.13 0.18

Table 3: Performance of the C3TG in conflict and overlap experiments on the ROC dataset.

ROC WP

Method

Acc.t PPL| Dist-2t Tox.] Acc.t PPL| Dist-2t Tox.|
Components
w/o Optimization  65.22  10.53 0.35 0.38  62.17 12.64 0.29 0.42
w/o Generation 59.40 25.62 0.28 0.32  55.08 28.03 0.25 0.45
w/o Overlap 7846  5.11 0.47 036 73.56  6.88 0.41 0.43
Iterations
1-Iteration 74.21 6.31 0.43 0.19 70.09 794 0.39 0.27
2-Iteration 85.62  4.89 0.48 0.12  81.13 5.81 0.44 0.26
CTG 90.39 4.04 0.74 0.12 85.56  3.68 0.55 0.24

Table 4: Ablation results of the C*TG framework on ROC and WP datasets.

Automated Evaluation Quantitative analysis reveals that
C3TG achieves superior balance across accuracy, perplex-
ity, and diversity metrics. To evaluate toxicity mitigation ca-
pabilities, we employed the /pol/ dataset (Papasavva et al.
2020) for controlled text rewriting through the framework.
Toxicity evaluation via an external API service demonstrates
that C3TG yields the lowest toxicity, confirming that its iter-
ative energy minimization jointly boosts attribute accuracy,
fluency, diversity, and suppresses harmful content.

Human Evaluation Human evaluation shows C3TG’s sig-
nificant advantage over all baselines in attribute alignment,
fluency, and diversity. Its composite energy function and
multi-stage prompt chain jointly reinforce target attributes,
resolve conflicts, and preserve related dimensions, produc-
ing content that retains natural variation and coherence.

Conflict and Overlap Experiment(RQ2)

To evaluate C>TG’s robustness under attribute conflicts, we
test it against Model Arithmetic and an LLM-based prompt
baseline on 30% of ROCStories. We constructed a negative
pair (“fear 0.7 vs. joy 1.0”) and a positive pair (“romance
0.7 + love 0.7”), keeping other attributes constant. Perfor-
mance was measured via Average Absolute Bias, Perplexity
(PPL), and Uncontrolled Dimensional Drift (Drift measures
the average absolute change in all non-target attribute scores,
capturing unintended side-effects).

As shown in Table 3, in both scenarios, C*TG demon-
strates superior performance—achieving minimal bias
(0.08/0.07) while maintaining optimal PPL and Drift met-
rics. Model Arithmetic amplifies positively correlated at-
tributes and prompt-based tuning boosts fluency, but neither
approach succeeds in curbing attribute drift. These results
confirm that C3’TG’s integration of classifier feedback with
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iterative penalty terms delivers superior attribute stability
across conflicting and overlapping conditions.

Ablation Experiment(RQ3)

We conduct ablation experiments on ROC and WP datasets
to assess component contributions. Four configurations
are evaluated: initial-generation-only, optimization-only, no-
penalty-term, and full C3*TG with varying iterations (Ta-
ble 4). Results show that initial-generation-only achieves
low perplexity but poor attribute alignment and toxicity con-
trol. Optimization-only is unstable without quality seed texts
(w/o Generation begins directly with the three-stage opti-
mization). Removing penalty terms increases non-target at-
tribute fluctuations, compromising dimensional balance and
toxicity suppression. In contrast, C*TG achieves optimal
balance, with additional iterations enhancing attribute accu-
racy, fluency, and toxicity reduction—rvalidating our multi-
stage prompt chain and iterative feedback framework.

Conclusion

We present C3TG, a collaborative framework for controlled
text generation that integrates LLMs with lightweight at-
tribute classifiers. Our framework consists of two phases: a
generation phase fusing attribute distributions via weighted
KL divergence, and an optimization phase employing a
composite energy function that balances classifier scores
with stability penalties. The conflict-aware strategy is em-
bodied in the multi-stage prompt chain of the optimiza-
tion phase, reconciling attribute clashes while preserving co-
herence. Experiments on ROCStories and WritingPrompts
demonstrate that C3TG outperforms existing methods in at-
tribute accuracy, fluency, diversity, and toxicity reduction,
validating the effectiveness of our conflict-aware optimiza-
tion framework.
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