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| ABSTRACT

Comparative analysis of constraint-guided generative models with a focus on their
applicability to ethical and goal-directed content creation, as of the state of technology.
With the rise of natural language generation (NLG) systems, ensuring alignment with ethical
norms and user intent has become paramount. We review early implementations of
constraint-based decoding mechanisms and rule-based filtering in models such as GPT-2,
as well as earlier structured generation techniques. Drawing from foundational work on
controlled text generation, we benchmark representative models against dimensions such
as constraint adherence, fluency, and ethical reliability. Our findings suggest that while
significant progress had been made, models still required more robust mechanisms to
reliably handle nuanced ethical directives and goal-oriented tasks.
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1. Introduction

The growing sophistication of generative models has expanded their utility across numerous
domains, from creative writing to dialogue systems and marketing automation. However,
these models’ ability to adhere to ethical boundaries and achieve specified user objectives
remains a topic of considerable concern. With the release of powerful autoregressive
transformers such as GPT-2, researchers began to emphasize the necessity of imposing
constraints on generation to prevent toxic, biased, or off-goal outputs.

Constraint-guided generative models aim to bridge the gap between free-form language
modeling and task-aligned or value-aligned generation. This involves mechanisms like rule
injection, reinforcement learning with reward shaping, or decoding constraints applied during
text generation. This paper seeks to compare these approaches with a focus on their ethical
robustness and goal-directed efficacy, based on research and models available.

2. Literature Review
2.1 Constraint-Based Generation

Constraint-based generation in natural language processing has its roots in controlled natural
language (CNL) systems and semantic frame-based generation. Early systems such as MOOSE
(Reiter & Mellish, 1993) focused on template-based approaches where inputs were tightly
structured, allowing for limited but accurate outputs. Later, models evolved to include more
probabilistic components, as seen in statistical machine translation (SMT) and structured
generation methods in dialogue systems (e.g., Lemon et al., 2006).

By the mid-2010s, encoder-decoder architectures had begun incorporating soft and hard
constraints, with models like Grid Beam Search (Hokamp & Liu, 2017) and Constrained Beam
Search (Anderson et al., 2017) showing promise for generating image captions or translations
with lexical or semantic restrictions. These developments laid the groundwork for later
applications of constraints in generative neural language models.

2.2 Ethical and Goal-Directed Constraints in Generative Models

The transformer revolution, concerns regarding ethical content and controllability were
mostly addressed through post-processing or filtering heuristics (e.g., blacklists or rule-based
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sanitization). Notably, systems such as Microsoft's Tay (2016) highlighted the dangers of
deploying unconstrained generation in the wild. Research by Binns et al. (2018) and others
emphasized the importance of fairness and transparency in Al systems, calling for more
granular control mechanisms.

OpenAl's GPT-2 drew attention to the risks of unrestricted generation. In response, studies
began experimenting with plug-and-play language models (PPLMs) and reinforcement
learning techniques for aligning generation with human values. However, most of these
systems were still rudimentary and suffered from trade-offs between constraint satisfaction
and language fluency.

3. Methodology
3.1 Objective

The objective of this comparative study is to evaluate the performance of three constraint-
guided generative frameworks available in terms of their ability to produce ethical, fluent,
and goal-aligned text. The frameworks include:

1. Rule-Filtered GPT-2
2. Plug-and-Play Language Models (PPLM)
3. Constrained Beam Search in LSTM-based models

Each model is tested on a standardized prompt set designed to elicit ethical ambiguity or
goal-specific generation, e.g., instructions for public safety or medical advice.

3.2 Metrics and Dataset

We utilize a small curated dataset of 100 prompts, each falling into one of three categories:
neutral, ethically sensitive, or goal-directed. Outputs are evaluated using:

« Constraint Satisfaction Rate (CSR): % of outputs adhering to injected constraints
o Fluency Score: average score from 3 human annotators (1-5 scale)

o Ethical Alignment Score: judged by expert reviewers for adherence to ethical
guidelines

e BLEU Score (for goal-directed generation)
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4. Techniques and Tools
4.1 Model Architectures

We evaluate models using the Hugging Face Transformers library (v2.2), with pre-trained GPT-
2 (117M) for unconstrained generation, augmented for PPLM and rule-based filtering.
Constrained beam search is implemented using Anderson et al.’s approach applied to an
LSTM model pre-trained on the Penn Treebank.

PPLM modifies GPT-2 during inference using attribute models (e.g., toxicity classifiers from
the Detoxify dataset), while constrained beam search limits candidate token selection based
on lexical constraints.

5. Results and Analysis
5.1 Quantitative Comparison

The comparative analysis of three constraint-guided generative models—Rule-Filtered GPT-
2, Plug-and-Play Language Models (PPLM), and Constrained Beam Search—reveals distinct
performance trade-offs across key metrics. As shown in Table 1, Constrained Beam Search
achieved the highest Constraint Satisfaction Rate (91%) and BLEU score (35.4), indicating
strong alignment with task-specific goals. However, it ranked lowest in fluency due to rigid
lexical restrictions.

PPLM offered a more balanced profile, with relatively high ethical alignment and moderate
fluency, though its performance varied across prompts. In contrast, Rule-Filtered GPT-2
produced the most fluent outputs (4.1/5), but its post-hoc filtering method limited its
effectiveness in reliably enforcing constraints (CSR: 67%). These results highlight the tension
between constraint adherence and natural language generation quality in models.

Table 1. Performance Comparison of Constraint-Guided Generative Models

Fl 1- |Ethical BLEU (Goal
Model CSR (%) uency ( . ica (Goa
5) Alignment Prompts)
Rule-Filtered GPT-2 67 4.1 Medium 28.5
PPLM 82 3.6 High 31.2
Constrained Beam 91 3 High 354
Search

Page | 4



https://iacse.org/ editor@iacse.org

Fluency Constrained Beam Search
—— PPLM
—— Rule-Filtered GPT-2

10

Ethical Alignme\(ﬁ‘ Constraint Satisfaction Rate (CSR)

BLEU Score

Figure 1: Model Comparison Across Metrics

Provides a visual comparison of the three evaluated generative models—Rule-Filtered GPT-
2, Plug-and-Play Language Models (PPLM), and Constrained Beam Search—across four key
performance metrics: Constraint Satisfaction Rate (CSR), Fluency, Ethical Alignment, and BLEU
Score (goal-directed tasks).

Constrained Beam Search demonstrates strong performance in CSR and BLEU, indicating its
effectiveness in maintaining lexical and semantic constraints and producing goal-aligned
content. However, its fluency score is the lowest among the three, reflecting limitations in
natural language flow due to rigid constraint enforcement.

PPLM occupies a middle ground, showing moderate to high performance across all metrics.
It particularly excels in ethical alignment, owing to its dynamic, classifier-guided generation
process, though it compromises somewhat on fluency and consistency due to runtime
manipulation.

Rule-Filtered GPT-2 achieves the highest fluency, benefiting from its unaltered generative
structure, but its constraint satisfaction and ethical alignment lag behind, highlighting the
limitations of post-processing filters in reliably controlling model outputs.

5.2 Interpretation

Constrained beam search yields the highest constraint satisfaction and BLEU scores but at the
cost of fluency. PPLM offers a balanced trade-off and is more adaptable to ethical filters,
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though it occasionally produces less coherent outputs. Rule-filtered GPT-2 performs best in
fluency but suffers from constraint leakage, as filtering occurs post-hoc and lacks generative
awareness.

6. Discussion
6.1 Trade-Offs in Constraint Design

Constraint-guided systems in exhibited inherent trade-offs: increasing constraint rigor often
degraded fluency. The separation of generation and control logic in most models made it
difficult to simultaneously optimize for coherence and compliance. PPLM's runtime attribute
manipulation provided flexibility but remained slow and sensitive to prompt phrasing.

Future directions must consider integrated training objectives, where constraints are part of
the model's core learning rather than a secondary filter.

7. Limitations and Future Work

The study is constrained by its reliance on small-scale prompts and subjective evaluation
metrics. Furthermore, many techniques—such as PPLM—were still in early-stage research
and lacked optimization for production settings. Additional benchmarking on real-world use
cases and longitudinal ethical evaluations would be needed.

Future research should also consider integrating symbolic logic, reinforcement learning, and
fine-tuning strategies for improved alignment. Datasets reflecting diverse ethical standards
are essential for generalizable results.

8. Conclusion

This study analyzed and compared three prominent constraint-guided generative models as
they existed—rule-filtered GPT-2, Plug-and-Play Language Models (PPLMs), and constrained
beam search applied to LSTM-based architectures. Each model demonstrated distinct
strengths and weaknesses across metrics including constraint satisfaction, fluency, ethical
alignment, and goal attainment. While constrained beam search achieved the highest
constraint satisfaction and task alignment, it sacrificed natural fluency. On the other hand,
PPLM provided a more balanced output, navigating between ethical alignment and language
quality, albeit with computational cost and generation variance.

These findings underscore a central challenge in the field: the absence of deeply integrated,
constraint-aware generation mechanisms that could simultaneously satisfy ethical standards
and user goals without significantly compromising fluency. The reliance on post-hoc filtering
and runtime manipulation revealed the limitations of generative control architectures at the

Page | 6



https://iacse.org/ editor@iacse.org

time. Moving forward, incorporating constraints directly into model training and exploring
hybrid systems that fuse symbolic reasoning with neural generation remain promising
directions for achieving both ethical integrity and purposeful output generation.
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