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ABSTRACT

Large Language Models (LLMs) have enabled a wide range of
text-to-text generation applications across diverse domains, yet ro-
bust evaluation of their outputs remains challenging, particularly
for open-ended tasks where ground truth is unavailable. This pa-
per introduces a comprehensive and scalable evaluation frame-
work for LLM-generated instructional content, integrating statis-
tical, semantic, lexical, and domain-specific metrics. The effec-
tiveness of the framework is demonstrated through a real-world
case study that converts Microsoft Learn content into Power-
Point slides for Instructor-Led Training (ILT). The evaluation suite
combines established metrics such as Perplexity, Entropy, and
BERTScore with task-specific measures including Context Match
Score and Rule Compliance Score, as well as rubric-driven as-
sessments using an LL.M-as-a-Judge approach. Experimental re-
sults from iterative prompt refinement demonstrate consistent gains
in semantic fidelity, structural compliance, and instructional clar-
ity. The framework facilitates reliable evaluation without reliance
on ground truth and delivers actionable insights for prompt opti-
mization in enterprise-scale generative workflows. While demon-
strated in an instructional content generation setting, the frame-
work generalizes to a broad class of text-to-text generation tasks.

General Terms

Artificial Intelligence, Natural Language Processing, Evaluation

Keywords

Large Language Models; Instructional Content Generation; Text-
to-Text Evaluation Framework; Prompt Optimization; Generative
Al Assessment.

1. INTRODUCTION

Large Language Models (LLMs) have significantly advanced the
field of natural language processing (NLP), enabling a wide range
of text-to-text generation applications, including summarization,
paraphrasing, style transfer, question answering, and content re-
structuring. These capabilities have accelerated the development of
Al-powered systems across domains such as education, healthcare,
finance, and customer service [4]. However, as LLMs are increas-

ingly integrated into real-world workflows, ensuring the quality,
consistency, and contextual alignment of their outputs has become
a critical challenge.

Traditional evaluation methods, such as BLEU, ROUGE, and ME-
TEOR, primarily rely on n-gram overlap between generated and
reference texts. While effective for certain narrowly defined tasks,
these metrics are inadequate for open-ended generation settings
where multiple valid outputs may exist. In such cases, they often
fail to capture deeper aspects of semantic fidelity and contextual
appropriateness, particularly when no explicit ground truth is avail-
able [6].

Rather than evaluating or ranking specific language models, this
work focuses on the problem ofevaluating text-to-text generation
quality itself. In many real-world and enterprise workflows, theun-
derlying LLM may change due to cost, availability, or policy con-
straints, while evaluation requirements remain stable. The goal is
therefore to design a model-agnostic evaluation framework that op-
erates at the level of generated outputs, enabling consistent assess-
ment of semantic fidelity,structural correctness, and domain align-
ment independent of the generation model.

To address the limitations of surface-level metrics, embedding-
based and model-based evaluation approaches have been proposed.
BERTScore computes semantic similarity using contextual embed-
dings from pre-trained language models and has demonstrated im-
proved correlation with human judgment in semantic evaluation
tasks [20]. Similarly, BARTScore formulates evaluation as a text
generation task, leveraging pre-trained encoder—decoder models to
estimate output quality based on likelihood [19]. More recently,
the “LLM-as-a-Judge” paradigm has emerged, in which powerful
LLM:s (such as GPT-4) are used to assess the quality of other model
outputs through chain-of-thought reasoning or structured scoring
frameworks, showing stronger alignment with human evaluators
[L5]].

Despite these advances, most existing evaluation approaches re-
main narrowly scoped and are not easily extensible across diverse
domains or scalable to high-volume content generation pipelines.
In response, a comprehensive and modular evaluation framework
is proposed for LLM-generated text-to-text content in the ab-
sence of ground truth. The framework integrates multiple layers
of evaluation, including statistical metrics (e.g., Perplexity, En-
tropy), semantic metrics (e.g., BERTScore, Cosine Similarity), lex-



ical metrics (e.g., Distinct-N, Self-BLEU, Type—Token Ratio), and
domain-specific metrics (e.g., Context Match Score, Rule Compli-
ance Score). Together, these metrics provide a robust foundation
for holistic evaluation, balancing surface-level fluency with deeper
structural and contextual correctness.

Although the proposed framework is designed for general-purpose
text-to-text evaluation, its effectiveness is demonstrated through a
real-world case study: converting instructional content from Mi-
crosoft Learn into PowerPoint slides for Instructor-Led Training
(ILT). This “Course-to-PPT” transformation task imposes strict in-
structional design and formatting constraints, making it a suitable
testbed to evaluate the comprehensiveness and practical utility of
the framework. To arrive at the final configuration of prompts and
evaluation criteria, extensive iterative experimentation was con-
ducted exploring different prompting strategies and metric combi-
nations. These experiments informed both prompt refinement and
evaluation design.

Beyond this specific use case, the framework is broadly applica-
ble to other content transformation tasks, such as automated report
generation, digital assistant response generation, and knowledge
base summarization, where output consistency, structural correct-
ness, and contextual alignment are essential.

In summary, the key contributions of this paper are as follows.

(1) A model-agnostic, multi-metric evaluation framework for as-
sessing text-to-text generation quality in the absence of ground
truth, independent of the underlying language model.

(2) A multi-metric evaluation architecture integrating statistical,
semantic, structural, and domain-aware dimensions.

(3) A validation case study (Course-to-PPT conversion) illustrat-
ing both practical effectiveness and adaptability.

(4) A scalable and reproducible architecture for quality assurance
in generative Al systems.

As generative models continue to evolve, the proposed frame-
work offers an essential foundation for measuring and ensuring
quality, contextual relevance, and structural compliance across Al-
generated outputs in enterprise and academic settings.

Importantly, the framework evaluates text-to-text generation qual-
ity using a model-agnostic combination of complementary metrics,
rather than benchmarking or comparing specific language models.

2. RELATED WORK

Evaluating the quality of content generated by Large Language
Models (LLMs) has emerged as a key research area in natural
language processing (NLP), with several studies exploring auto-
mated, semi-automated, and human-in-the-loop evaluation strate-
gies. Early evaluation approaches relied heavily on lexical overlap
metrics such as BLEU, ROUGE, and METEOR. However, these
metrics were quickly found to be insufficient for generative tasks
that demand semantic fidelity, creativity, and structural correctness,
particularly when multiple plausible outputs exist without a single
reference ground truth.

To address these limitations, embedding-based metrics such as
BERTScore and Cosine Similarity with pre-trained encoders were
introduced to better capture semantic similarity [20]. More recent
methods like BARTScore frame evaluation itself as a generation
task, using pre-trained sequence-to-sequence models to score gen-
erated content [19]. Another line of work emphasizes diversity-
aware metrics like Distinct-N and Self-BLEU to reduce redundancy
in generated content and improve creativity [16].

A growing trend in LLM evaluation research is the use of LLMs
themselves as evaluators—referred to as "LLM-as-a-Judge”. For
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instance, G-Eval introduces a GPT-4-based evaluation system that
employs chain-of-thought prompting to conduct multi-criteria scor-
ing of text generation outputs, demonstrating strong alignment with
human ratings [12]]. Similarly, OpenAI’s Evals framework [1]] pro-
vides an extensible suite for benchmark creation and scoring using
LLMs as both generator and judge.

Within specialized domains such as educational content transfor-
mation, several domain-specific methods have been proposed. [3]
developed a multi-staged LLM+VLM pipeline to generate presen-
tation slides from multimodal documents, with better performance
in preserving instructional coherence and layout. This work shares
a similar motivation in structuring generated outputs to fit instruc-
tional delivery formats like PowerPoint but focuses more deeply on
evaluation granularity.

Recent efforts also explore standardizing human-aligned evalua-
tions. For example, HolisticEval proposes a unified framework
combining Likert-scale annotations and LLM self-evaluations
across multiple dimensions including helpfulness, factuality, co-
herence, and correctness [S]]. In parallel, HELM (Holistic Evalua-
tion of Language Models) offers a benchmark suite that spans tasks
and domains, aiming for transparency and coverage in LLM bench-
marking [7].

Within the academic community, there is growing interest in task-
specific evaluation strategies. [11] proposed UniEval, a unified
scoring framework adaptable to summarization, dialogue, and data-
to-text generation, supporting both model-based and rule-based
evaluations. 8] introduced Coarse-to-Fine Evaluation, which clas-
sifies content quality at a high level before drilling down into fine-
grained assessment, a technique especially relevant to the hierarchi-
cal slide generation use case. Furthermore, 18] proposed a unified
evaluation process of Retrieval-Augmented Generation (RAG), a
benchmark that aligns the RAG evaluation with user expectations
by focusing on source attribution, factual consistency and retrieval
utility. [21] investigated Instruction-Following Evaluation, empha-
sizing how well LLMs align with user commands under structured
templates, reflecting the evaluation requirement for rule compli-
ance in PowerPoint content.

From an industry perspective, recent studies have begun to ad-
dress the growing evaluation challenges posed by large-scale LLM
deployment in enterprise settings. Azanza et al. [2] introduce a
continuous evaluation framework validated in a commercial test-
generation context, which reveals key scalability bottlenecks, par-
ticularly the increasing cost and time burden associated with man-
ual assessment as the volume of generated content grows. Comple-
menting this work, Saini et al. [14] present LLM Evaluate, an on-
premise, low-code evaluation platform designed for real-world in-
dustrial pipelines. Their system integrates heterogeneous datasets,
models, and prompt workflows into a reproducible and privacy-
preserving evaluation pipeline, while measuring runtime character-
istics such as inference latency and memory usage alongside out-
put quality. Collectively, these studies highlight a clear shift toward
combining automated evaluation with structured human oversight
to enable scalable and near real-time assessment in enterprise-grade
LLM deployments.

Despite these advances, most existing methods either focus on nar-
row tasks (e.g., summarization or question-answer) or lack the
domain-specific alignment required for complex instructional for-
mats like slide generation. There remains a critical gap in inte-
grated multilevel evaluation systems that assess semantic coher-
ence, formatting compliance, instructional alignment, and creativ-
ity in tandem, especially in text-to-text applications like Course-
to-PPT, where output usability and structure are as important as
fluency.



The proposed framework fills this gap by incorporating statisti-
cal (e.g., Entropy, Perplexity), semantic (e.g., BERTScore, Cosine
Similarity, MAUVE), lexical (e.g., Type-Token Ratio), and task-
specific (e.g., Context Match Score, Rule Compliance Score) met-
rics, alongside LLM-assisted evaluations. It ensures both granu-
larity and scalability, providing actionable insights for continuous
improvement of generative systems in real-world educational and
business settings.

3. METHODOLOGY
3.1 Task Definition

The Content Authoring Course-to-PPT project at Microsoft aims to
improve the efficiency and consistency of instructional content cre-
ation for enterprise training. The task studied in this work focuses
on automatically converting structured Microsoft Learn course con-
tent into presentation-ready slide text for Instructor-Led Training
(ILT), reducing manual effort while preserving pedagogical intent.
Formally, this problem is framed as structured text-to-text genera-
tion. Given instructional content organized into modular units with
explicit learning objectives, the goal is to generate concise slide-
level text that (1) preserves semantic meaning, (2) aligns with in-
structional objectives, and (3) satisfies predefined structural and
formatting constraints for classroom delivery.

Each source unit contains structured educational elements such as
module titles, learning objectives, explanatory content, and proce-
dural guidance. The target output consists of concise, semantically
faithful, and pedagogically usable slide-level summaries designed
for instructor use.

The transformation is performed using a pre-trained large lan-
guage model (LLM), with quality improvements driven by itera-
tive prompt refinement rather than model fine-tuning [8]]. Prompt
design evolves from a minimal baseline to a structured format in-
corporating explicit instructions, rule-based constraints, few-shot
examples, chain-of-thought scaffolding, and role-based condition-
ing to enhance structure, reasoning, and task adherence.

As prompt complexity increases, rigorous evaluation is required
to determine whether refinements yield meaningful improvements.
Generated outputs must simultaneously satisfy semantic fidelity,
instructional clarity, structural correctness, and formatting compli-
ance, while the absence of a single ground-truth reference intro-
duces additional evaluation challenges.

To address this, we adopt a hybrid evaluation paradigm that com-
bines automated metrics with rubric-based criteria aligned with hu-
man instructional judgment. Evaluation dimensions include seman-
tic alignment, structural correctness, formatting compliance, and
instructional usability, enabling scalable and systematic assessment
of prompt effectiveness.

Although the empirical study is grounded in the Course-to-PPT use
case, the task formulation and evaluation framework are broadly
applicable to text-to-text generation problems where structured out-
puts, rule compliance, and semantic alignment are required, partic-
ularly in settings without well-defined ground truth.

3.2 Generation Pipeline

Let D = {d1,ds,...,d,} denote a corpus of instructional doc-
uments. Each document d; consists of a set of modules M; =
{mj1, M2, ..., my}, where each module contains learning objec-
tives, explanatory text, and supporting instructional content.
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A pre-trained large language model L, combined with a prompt
template P, defines a transformation function

Ty, p:my; — Sij,
where S;; = {SE;), ce SE;)} is a set of generated slide-level tex-
tual units corresponding to module m;;.
In the experiments, GPT-40 is used as a representative instan-
tiation of L. However, the generation process does not rely on
model-specific fine-tuning, internal probabilities, or architecture-
dependent features. All downstream evaluation is performed ex-
clusively on generated text outputs, ensuring that the proposed
framework remains model-agnostic and transferable across lan-
guage models.
For each instructional module, the model generates a fixed num-
ber of slide-level content units under a controlled prompting setup.
In the Course-to-PPT case study, three slide-level outputs are pro-
duced per module in order to maintain consistency across experi-
ments and to reflect the target instructional authoring workflow.
All generation runs are conducted under a fixed experimental con-
figuration so that prompt design remains the only intended source
of variation. The same model, same source content, same pre-
processing logic, and same evaluation workflow are used across
prompt variants. This controlled generation setting enables reliable
attribution of observed performance differences to prompt refine-
ment rather than model or dataset drift.
Before generation, the instructional source content is normalized
into a consistent textual format. This preprocessing step preserves
the semantic content of the module while reducing formatting ir-
regularities that could otherwise introduce unwanted variance into
the generation process.

3.3 Multi-Layer Evaluation Framework

To evaluate generated outputs without reliance on ground truth, a
multi-layer evaluation framework is introduced, decomposing qual-
ity into complementary dimensions:

—Semantic fidelity, assessing alignment between generated con-
tent and source instructional material;

—Statistical fluency and diversity, capturing distributional prop-
erties and linguistic variability;

—Lexical characteristics, measuring redundancy and vocabulary
richness;

—Instructional and structural compliance, evaluating adherence
to pedagogical rules and formatting constraints;

—Holistic usability, assessed via rubric-driven LLM-based evalu-
ation.

Each layer contributes an independent evaluation signal, enabling
a comprehensive assessment of generation quality. Rather than re-
lying on a single metric, the framework aggregates multiple per-
spectives to provide robust and interpretable insights into prompt
effectiveness and output quality.

This layered design is motivated by the observation that no single
evaluation metric is sufficient for open-ended instructional gener-
ation tasks. Semantic metrics capture fidelity to source material,
lexical metrics characterize diversity and repetition, task-specific
metrics verify adherence to instructional requirements, and LLM-
assisted scoring provides a higher-level judgment of usability and
quality. Taken together, these evaluation layers support a more
complete and practically meaningful assessment than any individ-
ual metric alone.



The framework is intentionally model-agnostic: all evaluation com-
ponents operate only on the input instructional content and the gen-
erated output text. As a result, the evaluation process remains stable
even when the underlying generation model changes due to cost,
availability, deployment policy, or system updates. This property
is especially important for enterprise workflows, where generation
backends may evolve while evaluation requirements remain fixed.

3.4 Prompt Optimization as a Constrained
Optimization Problem

Prompt refinement is formulated as a constrained optimization
problem. Given a fixed dataset D and language model L, the goal
is to identify a prompt template P € P that maximizes a composite
evaluation function while satisfying structural constraints:

max Ed i~D Z’U}] TL p(d )) S.t. C(TL,p(dl)) S €,

where:

—F); denotes the j-th evaluation metric (e.g., semantic similarity,
rule compliance);

—wy; is a task-dependent weight reflecting domain priorities;

—C(-) is a constraint function penalizing structural violations
(e.g., formatting errors or instructional misalignment);

—e is a predefined tolerance threshold.

A baseline prompt P, containing minimal task instructions, is
compared with a refined prompt P, that incorporates structured
guidance, few-shot demonstrations, explicit formatting rules, and
instructional role conditioning. The central hypothesis is that struc-
tured prompt design yields statistically significant improvements
across multiple evaluation dimensions while maintaining constraint
compliance.

This formulation enables systematic, reproducible comparison of
prompt variants and supports iterative prompt optimization in
production-scale text generation pipelines.

In practice, this formulation serves as a structured conceptual
framework for prompt refinement rather than as a gradient-based
optimization procedure. Prompt variants are manually designed,
evaluated under a fixed metric suite, and iteratively improved based
on observed weaknesses in semantic alignment, formatting adher-
ence, and instructional quality. The optimization view is therefore
used to formalize the decision process underlying prompt iteration
and evaluation.

The constraint term is particularly important in the Course-to-PPT
setting because generated content must satisfy domain-specific for-
matting and instructional rules in addition to being semantically
correct. A prompt that improves semantic similarity but violates
presentation structure, readability expectations, or coverage re-
quirements would not be acceptable in the target production work-
flow.

3.5 Implementation Workflow

To improve reproducibility and clarify the end-to-end experimen-
tal design, the generation and evaluation process is implemented
as a fixed multi-stage workflow. For each instructional module,
the source content is first prepared and normalized. The selected
prompt template is then applied to the module and passed to the
LLM to generate slide-level text. The resulting outputs are stored
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and evaluated using the full metric suite, including statistical, se-
mantic, lexical, task-specific, and LLM-assisted evaluation com-
ponents. Finally, metric values are aggregated across modules and
courses for comparative analysis.

This workflow can be summarized in six stages: (1) source module
selection, (2) source normalization and prompt construction, (3)
LLM-based slide generation, (4) automated metric computation,
(5) rubric-based LLM evaluation, and (6) aggregation and compar-
ison of results across prompt variants. By keeping this workflow
fixed across experiments, the study ensures that prompt design is
isolated as the primary experimental variable.

In addition to supporting reproducibility, this implementation
workflow is compatible with enterprise-scale content generation
pipelines. The modular structure allows individual evaluation com-
ponents to be reused, extended, or replaced as domain requirements
evolve, making the framework suitable for both research experi-
mentation and production monitoring.

4. EXPERIMENTAL DESIGN AND DATA
4.1 Dataset Description

Let D = {d1,ds,...,d,} denote a corpus of instructional con-
tent sourced from Microsoft Learn. Each instructional unit d; cor-
responds to a training module designed for enterprise and profes-
sional education, and is associated with explicitly defined learning
objectives and pedagogical structure.

The dataset comprises over 200 instructional units spanning ap-
proximately 20 distinct training courses across multiple technical
domains, including Infrastructure, Data & Al, Digital & App In-
novation, Business Applications, Modern Work and Security. This
design enables evaluation across varied technical domains, ques-
tion formats, and cognitive complexity levels. Each course consists
of multiple modules, and each module is treated as an independent
input instance in the generation process.

For every module, a fixed number of slide-level textual units (three
slides per module) are generated. The resulting dataset therefore
consists of several thousand generated slide texts, reflecting realis-
tic production-scale instructional content generation workloads.
The dataset was chosen to reflect realistic enterprise instructional
authoring scenarios rather than curated benchmark-style inputs. As
a result, the source modules exhibit natural variation in topic com-
plexity, structure, terminology density, and instructional style, mak-
ing the evaluation setting representative of a live production envi-
ronment.

4.2 Prompt Variants

To evaluate the impact of prompt design on text-to-text generation
quality, two prompt configurations were compared:

—Baseline Prompt (FP;): A minimally specified prompt contain-
ing only high-level task instructions, without demonstrations, ex-
plicit structural constraints, or instructional role guidance.

—Refined Prompt (P,): A structured prompt incorporating few-
shot examples, explicit formatting and instructional rules, role-
based conditioning, and chain-of-thought scaffolding.

The refined prompt is designed to encode domain knowledge and
instructional design principles directly into the generation process,
while the baseline prompt serves as a reference point representing
unstructured or naive prompt usage.

The purpose of the prompt comparison is not to benchmark prompt-
ing techniques independently, but to evaluate whether progressively
structured prompt design improves output quality under a fixed



model and dataset. The refined prompt therefore represents the cu-
mulative result of iterative prompt engineering informed by both
domain requirements and evaluation feedback.

4.3 Controlled Experimental Setup

All experiments are conducted under a controlled setup to isolate
the effect of prompt design. Specifically, the following factors are
held constant across prompt variants:

—the underlying pre-trained language model L;

—model decoding parameters (e.g., temperature, maximum token
length);

—input instructional content and preprocessing procedures;
—evaluation metrics, scoring prompts, and aggregation logic.

The prompt template P is the only experimental variable. This con-
trolled design ensures that observed differences in evaluation scores
can be attributed directly to prompt refinement rather than model or
data variation.

This controlled setup is essential for internal validity. Because
open-ended text generation can be sensitive to multiple interacting
factors, holding all non-prompt variables fixed allows the exper-
imental comparison to focus specifically on the effect of prompt
structure on generation quality.

4.4 Generation and Evaluation Procedure

For each instructional module m;; € D, slide-level content is gen-
erated using the transformation function 77, p defined in Section 3.
Outputs are generated independently for the baseline and refined
prompt configurations.

Each generated slide is evaluated individually using the full multi-
metric evaluation framework described in Section 5. Metric values
are computed at the slide level and then aggregated across modules
and courses to obtain prompt-level performance statistics.

For LLM-assisted evaluations, rubric-based scoring prompts are
fixed across all experimental runs to reduce evaluator variance.
No human annotations are introduced during scoring; however, the
evaluation rubrics and rule sets are designed in collaboration with
subject-matter experts to reflect instructional design best practices.
Metric computation is therefore performed at two levels: first at the
individual slide level to preserve fine-grained diagnostic informa-
tion, and then at the aggregate level to enable stable comparison
between prompt configurations. This design supports both micro-
level error analysis and macro-level evaluation of overall prompt
effectiveness.

The evaluation process further distinguishes between descrip-
tive metrics and optimization-oriented metrics. Measures such
as semantic similarity, context matching, and rule compliance
are treated as primary indicators of improved generation quality,
whereas metrics such as perplexity, self-BLEU, and type-token ra-
tio are interpreted in light of the instructional context and used to
characterize trade-offs rather than to define quality in isolation.

4.5 Comparison Protocol

Let M, and M,. denote the aggregated metric values obtained un-
der the baseline and refined prompt configurations, respectively.
Prompt effectiveness is assessed by computing the difference

AM = M, — M,,

for each evaluation metric.
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This comparative analysis enables systematic assessment of how
structured prompt design affects semantic fidelity, instructional
alignment, linguistic properties, and structural compliance in gen-
erated outputs.

To avoid reliance on a single aggregate score, prompt effectiveness
is evaluated across multiple metric categories, including statisti-
cal, semantic, lexical, task-specific, and LLM-assisted dimensions.
This category-based comparison allows improvements in semantic
fidelity, structural correctness, diversity, and overall usability to be
distinguished.

Beyond aggregate results, we analyze evaluation trends across
course families and technical domains where applicable. This helps
determine whether improvements under prompt refinement are
consistent across diverse instructional contexts, rather than driven
by a narrow subset of modules.

When feasible, metric breakdowns are reported for representa-
tive course families, including Infrastructure, Data & Al, Security,
Business Applications, and Modern Work, demonstrating whether
gains generalize across heterogeneous content types.

While the primary comparison focuses on baseline and refined
prompts, the framework supports finer-grained analysis when in-
termediate prompt variants are available.

4.6 Reproducibility and Data Availability

Due to proprietary and confidentiality constraints, the Microsoft
Learn dataset used in this study cannot be publicly released.
However, all experimental procedures, evaluation metrics, scoring
rubrics, and prompt designs are fully specified in this paper and are
reproducible on comparable instructional datasets.

The proposed evaluation framework does not rely on dataset-
specific features and can be readily applied to other text-to-text
generation tasks where ground truth outputs are unavailable.

To support reproducibility despite dataset restrictions, the paper ex-
plicitly documents the evaluation architecture, metric definitions,
prompt comparison logic, and scoring workflow. These compo-
nents are sufficient for reproducing the methodology on alternative
instructional corpora or related text-to-text generation tasks in both
academic and enterprise settings.

5. EVALUATION METRICS

This section describes the evaluation metrics used to assess text-to-
text generation quality in the Course-to-PPT transformation task.
Let 3; denote a generated slide and s} denote the corresponding
source instructional content. In the absence of a canonical ground-
truth output, the source content is treated as a semantic and contex-
tual reference rather than an exact target.

To capture multiple dimensions of generation quality, we adopt
a structured evaluation suite composed of complementary metrics
spanning five categories: statistical, semantic, lexical, task-specific,
and LLM-assisted. Rather than optimizing a single scalar objective,
the framework evaluates these dimensions jointly. All metrics op-
erate on generated text and source content only, ensuring model-
agnostic applicability across LLM architectures and prompting
strategies.

The metrics are organized into a category-based framework, where
each category reflects a distinct quality dimension of instructional
text generation. This design emphasizes that the evaluation is not
a collection of independent metrics, but a coherent architecture for
comprehensive assessment in the absence of ground truth. Table T]
summarizes the categories, associated metrics, and their purposes.
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Table 1. Evaluation metric categories used in the proposed framework.

Category Metrics Purpose

Statistical Perplexity, Entropy Fluency and distributional richness

Semantic BERTScore, Cosine Similarity Semantic fidelity to source content

Lexical Distinct-N, Self-BLEU, Type—Token Ratio Diversity, redundancy, and vocabulary richness

Task-specific

LLM-assisted LLM-Eval Score

Context Match Score, Rule Compliance Score

Instructional and structural alignment
Holistic quality judgment

This categorization serves two purposes: (1) it enables parallel as-
sessment of multiple quality dimensions rather than reliance on
a single proxy score, and (2) it supports interpretable analysis of
prompt refinement by identifying which aspects improve under
structured prompting.

Because the task involves instructional content generation, metric
interpretation must be context-aware. Metrics commonly associ-
ated with open-ended generation may have different implications in
educational settings. For example, higher Self-BLEU may indicate
useful thematic consistency, lower Type—Token Ratio may reflect
appropriate use of core terminology, and higher perplexity may
arise from richer or more content-dense phrasing. Accordingly, we
distinguish between metrics that act as direct quality indicators and
those that serve as descriptive signals of stylistic or pedagogical
trade-offs.

This interpretation layer helps avoid misleading conclusions during
prompt optimization by evaluating whether metric changes align
with the intended instructional objectives, rather than assuming
uniform directional improvements across all metrics.

5.1 BERTScore

BERTScore evaluates semantic similarity between generated and
source content using contextual token embeddings [20]. Un-
like surface-level overlap metrics, BERTScore captures meaning
preservation at the semantic level, which is essential for instruc-
tional content generation.

BERTScore = — Z max simpgrr (W, w") €))
|5 ]'l we w*es_’*].

where §; and s’ denote the token sets of the generated and source
text, respectively, and simpgrr(-,-) i the cosine similarity be-
tween contextual embeddings.

5.2 Cosine Similarity

Cosine similarity measures semantic alignment between vector-
ized representations of generated and source content. Sentence-
level embeddings are used to capture overall semantic proximity
between instructional material and generated slides.

s Us, ‘ES}
CosineSimilarity = W ?2)
SJ‘ Sj

where 7. 55 and v, s denote embedding vectors for the generated and
source text, respectively.

5.3 Context Match Score

The Context Match Score (CMS) evaluates alignment between gen-
erated content and intended instructional goals by measuring se-
mantic and keyword consistency with expected learning objectives.

CMS = Ncorrect (3)
N, expected
where Neorrecty 1S the number of correctly matched instructional
elements and Neypecteda 1S the total number of expected elements.
This metric captures task-specific instructional alignment that is not
fully reflected by generic semantic similarity measures.

5.4 Perplexity

Perplexity measures the predictability of generated text under a lan-
guage model [13] and serves as an indicator of fluency and syntactic
regularity.

Perplexity = 2=~ SN logs p(w;lwy ..., wi—1) )

where N is the number of tokens and p(w; | wy, ...
conditional probability of token w;.

In this work, perplexity is interpreted as a descriptive statistic rather
than a strict optimization target. Increased instructional richness
and structural specificity may lead to higher perplexity without in-
dicating degraded quality.

Accordingly, changes in perplexity are interpreted together with se-
mantic and task-specific metrics rather than in isolation. A mod-
est increase in perplexity may be acceptable, or even desirable,
when accompanied by improvements in instructional alignment
and structural quality.

s wifl) is the

5.5 Entropy

Entropy quantifies lexical variability by measuring unpredictability
in token selection [17]]. Higher entropy reflects greater linguistic
diversity, which can improve engagement in instructional materials.

Entropy = — » _ p(w) log p(w) )

weV

where V is the vocabulary and p(w) is the empirical probability of
token w.

5.6 Distinct-N

Distinct-N measures the proportion of unique n-grams in gener-
ated text [9]], serving as an additional indicator of lexical diversity.

Unique N-grams

Distinct-N = 6)

Total N-grams
This metric penalizes excessive repetition across generated slides.
5.7 Self-BLEU

Self-BLEU evaluates redundancy by computing BLEU overlap
among generated outputs [10].



Is|
Self-BLEU = ‘;‘ ZBLEU 3,5\ %) (7)

where S denotes the set of generated slides. In instructional con-
texts, moderate redundancy may be pedagogically beneficial for
reinforcing key concepts, and Self-BLEU is therefore interpreted
relative to task objectives rather than minimized unconditionally.
For this reason, higher Self-BLEU is not automatically treated as a
negative outcome. In slide-based instructional content, partial rep-
etition of core concepts, terminology, or learning emphasis may
support coherence and retention.

5.8 Type-Token Ratio (TTR)

Type—-Token Ratio (TTR) measures vocabulary richness by com-
paring the number of unique word types to the total number of to-
kens [22].

TTR — Number of unique word types

3

Total number of tokens

Lower TTR values may reflect deliberate repetition of instructional
terminology to improve clarity and learner retention.

Thus, lower TTR is not necessarily evidence of poorer generation
quality in this domain. In instructional settings, repeated use of con-
sistent technical terminology may improve learner comprehension
and preserve pedagogical precision.

5.9 LLM-Eval Score

The LLM-Eval Score is a rubric-based, LLM-assisted evaluation
that assesses generated slides across five criteria: readability, struc-
ture, coverage, formatting, and usability. Rubrics are designed in
collaboration with instructional experts and encoded into a fixed
scoring prompt.

LLM-Eval(3;) grade € {1,2,3,4,5}

Z grade(q, §;),

=
9

where () denotes the set of evaluation criteria with cardinality
|Q|, and ¢ € @ each individual rubric question. The function
grade(q, §;) returns the integer score (1-5) assigned by the LLM
for criterion g on generated slide 5.
To reduce evaluator variance, scoring prompts, rubric definitions,
and decoding parameters are held constant across all evaluation
runs. This approach provides a scalable approximation of expert
human judgment while maintaining reproducibility.

5.10 Rule Compliance Score (RCS)

RCS measures adherence to predefined structural, formatting, and
instructional rules [[12]. These rules were defined in collaboration
with content authors and categorized into five dimensions: Cov-
erage, Content Alignment, Formatting, Readability, and Usability.
Each category includes a distinct set of rules with accompanying
instructions and examples. During evaluation, the generated con-
tent is passed through five prompts—one for each category—and
the LLM outputs a verdict of “compliance” or “violation” for each
rule. A scaled penalty is applied for violations based on an “easy-
to-fix” factor (ranging from 1 to 3), and the final Rule Compliance
Score is computed by aggregating the category scores and normal-
izing them to the [0,1] [0,1] range.
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1 K

— Sk
RCS = e

max
1 Sk

€ 1[0,1] (10)

where S, and S;*** denote the achieved and maximum scores for
category k. Violations incur penalties weighted by severity. Unlike
holistic LLM-based evaluation, RCS provides fine-grained diag-
nostic feedback that directly supports iterative prompt refinement
and production monitoring.

5.11 Comprehensive Evaluation Strategy Across
Domains

To further strengthen the comprehensiveness of the framework,
evaluation can be reported not only in aggregate but also across
course families or technical domains. In the Course-to-PPT setting,
representative domains include Infrastructure, Data & Al, Security,
Business Applications, and Modern Work. Reporting domain-level
trends helps determine whether improvements under prompt refine-
ment generalize across heterogeneous instructional contexts.

Where space permits, a compact domain-level table or appendix
figure can be included to summarize whether semantic, task-
specific, and holistic evaluation gains remain directionally consis-
tent across these domains. Such analysis is especially valuable in
enterprise settings, where robustness across diverse content types
is often more important than gains on a single average score.

5.12 Support for Ablation and Partial Prompt
Comparison

The proposed framework also supports ablation-style evaluation
when intermediate prompt variants are available. For example, sep-
arate experimental runs may isolate the contribution of explicit
rule conditioning, few-shot examples, role prompting, and chain-
of-thought scaffolding before comparing them with the final com-
bined prompt.

Such partial comparisons are useful for determining which prompt
components contribute most to semantic fidelity, structural compli-
ance, and instructional usability. Although the primary comparison
in this paper is between a baseline and a refined prompt, the frame-
work is intentionally designed to support more granular ablation
analyses in future work or extended versions of the study.

6. RESULTS

To interpret comparative performance across prompts, the effect of
prompt refinement on text-to-text generation quality is examined
using the proposed multi-metric evaluation framework, denoted as
AM = M, — M,, where M, is the metric value for the refined
prompt and M, is that of the baseline prompt.

All reported metrics are computed at the slide level and aggregated
across modules and courses. Comparisons are conducted under a
controlled experimental setup in which the prompt template is the
only variable, and reported values represent mean scores across the
evaluation dataset.

Table [2) summarizes the results of experiments:

Not all evaluation metrics are treated as direct optimization tar-
gets. In particular, perplexity, Self-BLEU, and Type—Token Ratio
are interpreted descriptively to characterize trade-offs between lin-
guistic diversity, thematic reinforcement, and instructional clarity.
In instructional content generation, moderate redundancy and con-
trolled terminology reuse may improve learning outcomes, even if
they reduce surface-level lexical variability.



Table 2. Comparison of evaluation metrics for baseline and refined

prompt configurations. Reported values represent mean scores aggregated
across generated slides. Differences indicate directional change under

prompt refinement.

Metric Baseline Revised Difference A
Perplexity (In/Out) 5.33/3.57 5.33/3.96 +0.39
BERTScore 0.83 0.85 +0.02
Entropy (In/Out) 6.76/598 6.76/6.33 +0.35
Distinct-N (In/Out) 0.50/0.33 0.50/0.34 +0.01
Self-BLEU 0.53 0.61 +0.08
Cosine Similarity 0.68 0.76 +0.08
TTR (In/Out) 0.53/0.63 0.53/0.61 -0.02
Context Match Score 0.84 0.91 +0.07
LLM-Eval Avg Score 4.6 4.8 +0.20
Rule Compliance Score 0.92 0.99 +0.07

Across generated outputs, the refined prompt is associated with
consistent improvements in semantic alignment and structural com-
pliance, as measured by the proposed metric ensemble. In this in-
structional context, these shifts reflect increased structural richness,
thematic reinforcement, and deliberate reuse of pedagogical termi-
nology rather than reduced fluency or quality.

The largest improvements are observed in semantic and task-
specific metrics, including Cosine Similarity, Context Match Score,
and Rule Compliance Score. This pattern suggests that structured
prompt refinement primarily enhances instructional alignment and
structural correctness, rather than surface-level lexical variation.
The proposed framework addresses the evaluation gap in in-
structional content generation by integrating a multi-dimensional,
category-based metric suite: statistical metrics (Perplexity, Entropy,
MAUVE) quantify output fluency and distributional similarity to
human text; semantic metrics (BERTScore, Cosine Similarity) en-
sure contextual and factual fidelity to source material; lexical met-
rics (Type—Token Ratio, Distinct-N, Self-BLEU) promote engage-
ment through vocabulary diversity and reduced repetition; task-
specific metrics (Context Match Score, Rule Compliance Score)
verify alignment with pedagogical structure and learning objec-
tives; and LLM-assisted evaluation (LLM-Eval Avg Score) offers
an overall expert-style assessment.

Although variance estimates are omitted for brevity, metric trends
were consistent across courses and instructional domains, indicat-
ing that the observed differences between prompt configurations
are robust rather than driven by a small subset of examples.

7. DISCUSSION

This work demonstrates that reliable evaluation of text-to-text gen-
eration can be achieved through a structured, multi-dimensional
framework integrating statistical, semantic, lexical, and task-
specific metrics with LLM-assisted judgment. By moving beyond
reliance on single reference outputs, the approach addresses a core
challenge in open-ended generation, where multiple valid outputs
may exist and ground truth is often ill-defined.

Empirical results show that structured prompt refinement consis-
tently improves semantic alignment and instructional compliance,
as evidenced by gains in Context Match Score, Rule Compli-
ance Score, and embedding-based similarity metrics. These find-
ings highlight the critical role of prompt design in guiding large
language models toward outputs that better satisfy domain-specific
constraints without modifying the underlying model.
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The results also underscore the importance of context-aware metric
interpretation. Metrics such as perplexity, Self-BLEU, and Type-
Token Ratio may reflect pedagogical trade-offs rather than quality
degradation. In instructional settings, controlled repetition and con-
sistent terminology can enhance learning, suggesting that such met-
rics should be treated as descriptive signals rather than optimization
targets.

The Course-to-PPT case study demonstrates the framework’s ap-
plicability in production environments, enabling continuous qual-
ity monitoring, iterative prompt refinement, and fine-grained diag-
nostics. The combination of automated metrics and rubric-driven
LLM evaluation balances scalability with alignment to human in-
structional standards, making the framework suitable for enterprise
deployment.

Despite these strengths, several limitations remain. LLM-assisted
evaluation may exhibit variability due to model behavior and
prompt sensitivity, and metric aggregation currently relies on man-
ually specified weights that may not generalize across domains. Fu-
ture work includes automated metric weighting, evaluator calibra-
tion, and integration of human feedback to improve robustness.
Overall, the findings suggest that effective evaluation of generative
systems requires not only diverse metrics but also principled, task-
aware interpretation. The proposed framework provides a transpar-
ent and extensible foundation for evaluating text-to-text generation
in both research and production settings.

8. CONCLUSIONS

This paper proposed a model-agnostic, multi-metric evaluation
framework for assessing text-to-text generation quality in the ab-
sence of ground truth. By integrating semantic similarity measures,
statistical and lexical metrics, domain-specific compliance checks,
and rubric-driven LLM evaluation, the framework provides a holis-
tic and interpretable approach to evaluating large language model
outputs.

A real-world Course-to-PPT transformation case study demon-
strates how the framework facilitates systematic comparison of
prompt variants and identifies meaningful improvements in seman-
tic fidelity, instructional alignment, and structural correctness under
structured prompt refinement. The results underscore the impor-
tance of treating evaluation as a multi-dimensional process rather
than optimizing isolated metrics, particularly in instructional and
enterprise content generation tasks.

Beyond the specific use case examined, the proposed methodol-
ogy generalizes to a broad range of text-to-text generation appli-
cations, including document summarization, instructional design,
and automated content authoring pipelines. As generative Al sys-
tems continue to be deployed at scale, robust and transparent eval-
uation frameworks such as the one presented in this work will play
a critical role in ensuring quality, consistency, and alignment with
domain objectives.

Future work may extend this framework by learning metric weights
automatically, integrating human-in-the-loop feedback, and ex-
panding evaluation criteria to support additional output modalities
and task domains. Together, these directions point toward more
adaptive and reliable evaluation paradigms for next-generation gen-
erative systems.
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APPENDIX

A. EVALUATION PROMPTS

A.1 LLM-Eval Prompt for Instructional Slide Quality
Assessment

The following prompt was used to conduct rubric-based evaluation
of slide content generated via prompt-tuned LLMs. The evaluator
is instructed to assess each slide on five pedagogically grounded
dimensions. Each dimension is rated from 1 (very poor) to 5 (ex-
cellent), along with a brief justification.

Prompt:

You are an expert evaluator tasked with assessing the

quality of instructional content based on the following

five categories. Provide a score from 1 to 5 for each

category, with a brief explanation.

Evaluation Categories:

—Readability: Evaluate clarity, flow, and adherence
to the Microsoft Writing Style Guide.

—Content Alignment: Assess alignment between
slide titles and content.

—Coverage: Check whether key themes from the
source material are included.

—Formatting: Evaluate adherence to formatting
guidelines.

—Usability: Assess practical instructional value.

Response Format:

—Readability: [Score] — [Explanation]

—Content Alignment: [Score] — [Explanation]

—Coverage: [Score] — [Explanation]

—Formatting: [Score] — [Explanation]

—Usability: [Score] — [Explanation]
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