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Abstract

Preparing graduate students for effective profes-
sional communication remains a central goal
of higher education, yet consistently assess-
ing the quality of presentation slide decks -
particularly in fast-growing AI/ML programs
- poses significant challenges. We introduce
SlideGuard, an evaluation agent that assesses
slide decks against a comprehensive framework
of expert-defined criteria using a visual lan-
guage model. The criteria, developed in col-
laboration with domain experts, span visual
design, narrative coherence, and argumentative
structure. SlideGuard delivers explicit, inter-
pretable justifications for its scoring decisions,
and its content-hash-based caching enables ef-
ficient re-evaluation after incremental edits, re-
ducing the time educators spend on slide deck
evaluation and accelerating feedback delivery
to students. We evaluate the approach on a
dataset of 150 annotated slide decks and show
that it detects the majority of expert-identified
issues, with stronger results on structural and
visual criteria and known limitations on subjec-
tive dimensions such as research quality. Slide-
Guard is released under the Apache 2.0 license
and is available on GitHub,1 including all cri-
terion prompts, configuration files, and evalua-
tion scripts to facilitate replication.

1 Introduction

Effective communication is a core objective of grad-
uate education in AI and machine learning (ML).
Presenting complex research through slide decks
is a fundamental professional skill, essential for ar-
ticulating ideas and defending them during project
and thesis defenses. In this work, we focus specif-
ically on AI/ML master’s programs, where slide
deck evaluation is a recurrent bottleneck: instruc-
tors spend substantial time on presentation-design

1https://github.com/Industrial-AI-Research-Lab/
SlideGuard

feedback that competes with domain-level mentor-
ing.

Interactivity is a crucial component of modern
learning (Beauchamp and Kennewell, 2010), and
rapid feedback loops accelerate knowledge acquisi-
tion while highlighting individual weaknesses (Ha-
gos et al., 2022; Kochmar et al., 2020). However,
as student numbers grow, providing each student
with personalized guidance becomes increasingly
difficult.

Large language models (LLMs) offer a path
forward through the “LLM-as-a-judge” paradigm,
which can deliver rapid, iterative feedback. Re-
liability in this setting depends on decomposing
evaluation into specific, measurable criteria rather
than soliciting generic comments (Kim et al., 2024).
Recent multimodal LLMs (Bai et al., 2023; Chen
et al., 2024b) further enable high-level reasoning
over both visual and textual content. Yet most AI
work on slide decks focuses on generation (Wang
et al., 2024, 2023) rather than evaluation, leaving
a gap in providing critical feedback on rhetorical
effectiveness, design quality, and scientific argu-
mentation.

To address this gap, we introduce SlideGuard, an
evaluation agent for rigorous, criteria-driven slide
deck assessment. Unlike prior systems that focus
on slide generation or structural extraction, Slide-
Guard is the first open-source tool that provides
holistic, criteria-based evaluation combining visual
design analysis, narrative coherence checking, and
argumentative quality assessment. Our key contri-
butions are:

1. A multi-level taxonomy of common slide deck
issues - with concrete, operationalized criteria
at both the slide level (e.g., checking whether
title text matches slide content, detecting un-
explained abbreviations, verifying required
elements on title slides) and the deck level
(e.g., evaluating section dependencies in sto-
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Figure 1: The workflow of the AI agent for checking slide decks issues

rytelling, checking structural completeness)
- grounded in expert interviews and domain-
specialist annotations.

2. A graph-based evaluation pipeline that lever-
ages multimodal LLMs with contextual
prompting and structured-output chain-of-
thought reasoning to detect issues and deliver
actionable feedback.

3. A comprehensive experimental study demon-
strating the effectiveness of the proposed ap-
proach on both automated metrics and human
evaluation.

2 Problem Analysis and Criteria Design

2.1 Challenges in Slide Deck Evaluation

A common approach to teaching presentation skills
relies on templates, guidelines, and practice ses-
sions. In practice, however, a significant amount
of time is spent re-explaining basics of slide con-
struction and information structuring, even when
preparation materials are provided. This leaves less
time for domain-level mentoring.

To quantify this, we interviewed five associate
professors in AI/ML (5+ years of teaching experi-
ence) and analyzed video recordings of thesis pre-
sentations from master’s programs in artificial in-
telligence. For each of three consecutive semesters,
we analyzed 25 presentations. Figure 2 shows a
general downward trend in the total number of com-
ments, indicating improvement over time. How-
ever, issues persist across semesters, motivating the

need for automated evaluation to reduce educator
workload and provide earlier feedback.

Figure 2: Persistence of different issue types across
semesters.

2.2 Taxonomy and Criteria

From expert feedback and presentation analysis,
we developed a taxonomy of common issues at
two complementary levels (Figure 3). Each crite-
rion specifies concrete error patterns and evaluation
rules rather than generic quality dimensions:

• Slide-level: visual design (arrangement,
color/fonts), information presentation (abbre-
viations, link availability, title quality, orthog-
raphy, title–content match, graphic–content
match), and type-specific content (track jus-
tification, novelty, related works, key results,
industrial applicability).

• Deck-level: coherence (storytelling, structure
completeness) and research quality.
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Figure 3: The proposed taxonomy of presentation is-
sues.

This two-level decomposition separates checks
requiring per-slide visual evidence from those re-
quiring a holistic view of the full deck. Our taxon-
omy was developed with and validated by AI/ML
supervisors; criteria such as visual arrangement, ab-
breviations, spelling, and storytelling address pre-
sentation skills common across STEM disciplines,
while others (e.g., research quality, track justifica-
tion) are specific to thesis defense formats. The
framework is designed to be extensible: domain-
specific criteria can be added without modifying the
evaluation pipeline (Appendix B), enabling adapta-
tion to other fields where the taxonomy would need
different content-level criteria.

To build the taxonomy, we collected 150 real
student submissions from master’s programs in
AI/ML across four consecutive semesters (Fall
2024–Spring 2025), averaging 12 slides per deck.
Each presentation was evaluated by at least 3 of 5
associate professors, who provided free-form tex-
tual feedback. We found no contradictions between
evaluators, though they offered complementary per-
spectives. Their unified comments constitute the
annotated dataset used for evaluation.

Each criterion is operationalized as a structured
prompt with six components: (1) a role and task
description, (2) key elements to evaluate, (3) com-
mon problems to identify (with specific examples,
e.g., “text too small for easy reading” or “chart axis
labels that do not correspond to the surrounding
text”), (4) an explicit not-a-problem list to suppress
false positives (e.g., “numbered lists instead of bul-
let points”), (5) evaluation guidelines that provide

chain-of-thought scaffolding with a step-by-step
analysis plan, and (6) a JSON response schema re-
quiring each detected issue to carry a severity level
(0–3), the specific problematic element, and an ac-
tionable suggestion. For instance, the title-content
match criterion instructs the model to (i) extract the
title, (ii) independently formulate the slide’s main
idea, (iii) compare them, and (iv) suggest a revised
title if they diverge. The storytelling criterion de-
scribes inter-section dependencies via a predefined
graph (Figure 4). All prompts are released as part
of the open-source repository.

Figure 4: Dependency graph used by the storytelling
criterion.

2.3 Formal Problem Statement
Let D = {s1, . . . , sn} be a presentation deck
of n slides. We define two disjoint sets
of evaluation criteria: m slide-level criteria
Cslide = {cslide1 , . . . , cslidem } that operate on indi-
vidual slides, and p deck-level criteria Cdeck =
{cdeck1 , . . . , cdeckp } that require a holistic view of
the full deck.

For each slide-level criterion cslidei , let fslide
i

denote the corresponding LLM-based evaluation
function. It takes as input a slide image xj
(the raster rendering of slide sj) together with a
criterion-specific evaluation context Ci (the struc-
tured prompt, output schema, and chain-of-thought
scaffolding), and returns a scalar score eij ∈ [1, 5]:

eij = fslide
i (xj , Ci), ēi =

1

|Ai|
∑

j∈Ai

eij (1)

where Ai ⊆ {1, . . . , n} is the subset of slides to
which criterion ci is applicable (determined by slide
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type and infographics constraints), and ēi is the
averaged score across applicable slides.

For each deck-level criterion cdeckk , let gdeckk de-
note its evaluation function, which operates on a
textual representation of the full deck. This repre-
sentation is constructed by first applying an LLM
description generator G to each slide image, then
concatenating (⊕) the resulting descriptions:

edeckk = gdeckk (Ddesc, Ck), Ddesc =

n⊕

j=1

G(xj) (2)

where Ddesc is the aggregated textual deck descrip-
tion and Ck is the criterion-specific context. Each
edeckk ∈ [1, 5].

The overall presentation score is a weighted com-
bination:

S(D) =

m∑

i=1

wi ēi +

p∑

k=1

wk e
deck
k (3)

where wi, wk ≥ 0 are criterion weights satisfying∑
iwi +

∑
k wk = 1. In the current implementa-

tion, all criteria are weighted equally.

3 System Description

SlideGuard is an evaluation agent that assesses PDF
presentations against a configurable set of quality
criteria and produces per-slide and per-deck feed-
back, an aggregated score, a natural-language sum-
mary, and an exportable PDF report. The system is
built on LangGraph for workflow orchestration and
LangChain for LLM interaction, and is compatible
with both OpenAI API endpoints and self-hosted
inference servers (e.g., vLLM).

3.1 Evaluation Pipeline
The pipeline is implemented as a directed acyclic
graph (DAG) assembled dynamically based on the
selected criteria (Figure 1). It comprises three se-
quentially dependent phases.

Phase 1: Service criteria. The input PDF is con-
verted to per-slide raster images encoded in base64
for use with OpenAI-compatible APIs. Two ser-
vice criteria then execute in parallel: a slide type
classifier assigns each slide semantic labels from
a predefined taxonomy (e.g., “Title slide”, “Prob-
lem Statement”, “Experimental Results”), and a
description generator produces a structured tex-
tual summary of each slide’s content and visual
elements. Both operate on slide images via mul-
timodal LLM prompts and are prerequisite to all
subsequent steps.

Phase 2: Parallel evaluation. Two concurrent
subgraphs execute the main evaluation. The slide-
level subgraph evaluates each criterion in paral-
lel across applicable slides. An applicability fil-
ter restricts each criterion to eligible slides based
on classified slide types, the declared presentation
type, and optional constraints (e.g., presence of in-
fographic content). Each criterion queries the LLM
with the slide image and parses the response into
a structured output via a retry-capable parser. The
deck-level subgraph operates concurrently: it ag-
gregates per-slide descriptions into a textual deck
representation and evaluates criteria such as story-
telling, structure completeness, and research qual-
ity against this text input.

An important consequence of this design is that
SlideGuard does not require all talking points to
be written on the slides. Slide-level criteria operate
directly on the slide image, assessing visual prop-
erties (layout, fonts, chart legibility) rather than
demanding exhaustive text. Deck-level criteria op-
erate on LLM-generated descriptions of what is
visually depicted, not on verbatim slide text; the
description generator infers content from headings,
diagrams, and spatial arrangement. This avoids the
failure mode of essay-style evaluation that would
penalize concise, well-designed slides.

This two-track design also offers architectural
advantages: (i) each LLM call focuses on a nar-
row scope, improving detection quality; (ii) slide-
level and deck-level evaluations run in parallel, im-
proving throughput; (iii) decks of arbitrary length
are supported, since deck-level criteria operate on
compressed text descriptions rather than raw im-
ages; and (iv) per-slide caching enables efficient
re-evaluation after incremental edits.

Phase 3: Summarization. After both evalua-
tion subgraphs complete, a summary processor fil-
ters and prioritizes findings using adaptive severity
thresholds, then prompts the LLM to generate a
long-form summary and a condensed TL;DR. An
overall score is computed as the weighted mean of
all criterion scores.

3.2 Criteria Framework

The criteria system follows a registry pattern that
separates criterion definition from evaluation logic.
Each criterion is specified declaratively with: a
unique identifier, a target level (slide or deck),
prompt templates, an output schema specifica-
tion, applicability constraints, and optional post-
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processor functions.

Applicability filtering. Each criterion can de-
clare whitelists or blacklists of slide types and pre-
sentation types, and a flag indicating whether info-
graphic content is required. These constraints are
evaluated at runtime against the service criteria out-
puts, ensuring that, for example, title slide quality
assessment runs only on title slides.

Structured output. Output schemas are gener-
ated programmatically: most criteria produce a
list of scored items (each with severity, detected
element, and actionable suggestion) plus an over-
all score. This ensures structurally consistent,
machine-readable output across all criteria.

Post-processing. Composable post-processor
functions refine LLM outputs after parsing,
including severity-based filtering, domain-
specific whitelisting (e.g., suppressing known
abbreviations), and deduplication.

Extensibility. Adding a new criterion requires
only defining its prompt and appending a configu-
ration entry (Appendix B). The pipeline, caching
layer, and user interface automatically incorporate
it without further code changes. To be more spe-
cific, for adaptation to new domains, we separate
criteria into two groups. Domain-invariant crite-
ria, such as visual arrangement, font readability,
spelling, title–content match, and storytelling, can
be reused with minimal changes. Domain-specific
criteria, such as research quality, industrial appli-
cability, or track justification, require a short cali-
bration stage. In practice, this involves collecting a
small set of representative decks, asking instructors
to list recurring problems, converting these prob-
lems into criterion-specific positive and negative
examples, and expanding the not-a-problem list to
avoid penalizing acceptable domain conventions.
This workflow reduces prompt development from
designing a full rubric from scratch to calibrating a
small number of domain-specific checks.

3.3 User Interface

SlideGuard is designed for graduate students
preparing thesis or project defenses and for instruc-
tors who supervise them. It provides a Gradio-
based web interface (Appendix A Figure 5) in
which users upload a PDF, select a presentation
type (which filters available criteria), choose evalu-
ation criteria, and inspect per-slide feedback with

an interactive slide viewer. Results can be ex-
ported as a PDF report. The system supports multi-
language output (English/Russian), role-based ac-
cess control, and user management for classroom
deployments.

Deployment and data handling. SlideGuard is
designed for on-premises deployment so that stu-
dent data remains within institutional infrastructure.
Uploaded PDFs are converted to per-slide images
and stored in a local content-addressed cache along-
side evaluation results; temporary files created dur-
ing a UI session are cleaned up on session end.
When a locally hosted model (e.g., vLLM) is used
as the inference backend, no student data leaves the
institution’s network. The caching layer is keyed
by a content hash of each slide, so re-uploading a
revised deck triggers re-evaluation only for slides
whose content has changed, rather than reprocess-
ing the entire presentation.

4 Experiments and Results

We evaluated SlideGuard on a held-out subset of 30
slide decks (approximately 360 slides) not used dur-
ing taxonomy development. We tested two LLMs:
GPT-4o and a locally deployed Qwen2.5-VL-72B-
Int4 (Bai et al., 2025). Experiments with the lo-
cal model were conducted on two NVIDIA H100
GPUs (80 GB each).

As the evaluation metric, we measure detection
rate: the percentage of expert-annotated issue com-
ments for which a matching automatically gener-
ated comment exists. This metric captures recall
(how many real issues the system finds) but does
not measure precision (how many of the system’s
findings are genuine issues); a precision study is
left for future work. Results are presented in Ta-
ble 1. Here, human evaluation refers to expert-
annotated presentation issues used as the reference
set for detection, rather than to a deployment user
study with students.

The evaluation agent achieves 73.7% and 80.7%
average detection rates with Qwen-VL and GPT-
4o, respectively. Performance is notably strong on
structure completeness and storytelling - among
the most important criteria, as they directly affect
how effectively a presentation communicates its
core message. Abbreviation detection and spelling
also reach near-perfect scores.

We include Qwen2.5-VL-72B-Int4 to test
whether the system can operate under an on-
premises deployment scenario, which is important
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Criterion Level Qwen-VL GPT-4o

Structure completeness deck 100.0 100.0
Storytelling deck 78.3 83.4
Research quality deck 38.5 45.0

Color and fonts slide 75.0 100.0
Fact link availability slide 75.0 75.0
Graphic–content match slide 47.8 61.5
Title–content match slide 66.7 72.5
Title slide quality slide 77.8 79.8
Visual arrangement slide 64.5 70.5
Abbreviations slide 87.2 100.0
Spelling slide 100.0 100.0

Average 73.7 80.7

Table 1: Percentage of expert-annotated issues detected
by the evaluation agent (%).

for educational settings where student materials
may be sensitive or resources may be limited. The
prompts were kept identical across GPT-4o and
Qwen-VL to test criterion portability rather than
model-specific prompt tuning. Consequently, the
reported local-model results should be interpreted
as a conservative estimate: additional calibration or
model-specific prompt optimization may improve
local deployment performance, but was not used
here to preserve comparability.

The weakest results are on research quality (38.5-
45.0%) and graphic-content match (47.8–61.5%).
The research-quality criterion should therefore be
interpreted as a triage signal rather than as an auto-
matic assessment of scientific merit. In the current
system, this criterion checks whether the deck pro-
vides visible evidence for standard thesis-defense
expectations: motivation, novelty claim, method-
ological consistency, experimental support, and
connection between results and conclusions. It
is not intended to replace advisor judgement about
the actual novelty or correctness of the research.
This distinction is important for deployment: Slide-
Guard can flag missing or weakly presented ev-
idence, but domain experts remain responsible
for evaluating the underlying scientific contribu-
tion. Graphic-content matching may be improved
through few-shot prompting with aligned and mis-
aligned examples.

Although full precision annotation requires a
separate expert study, SlideGuard includes several
design choices intended to reduce false positives
in deployment. First, each criterion contains an ex-
plicit not-a-problem list, which prevents the model
from penalizing acceptable presentation choices
such as numbered lists or concise slide text. Sec-

ond, post-processing suppresses low-severity or du-
plicated findings and can whitelist domain-specific
abbreviations. Third, the interface presents gen-
erated comments as inspectable recommendations
rather than final grading decisions, allowing in-
structors or students to accept, revise, or ignore
individual suggestions. Thus, recall-oriented evalu-
ation reflects whether the system can surface expert-
relevant problems, while the deployed workflow
mitigates the risk of unsupported automatic penal-
ties.

Since we are not aware of a published system
that performs holistic, criteria-based slide deck
evaluation, comparison with prior tools is not
directly available. However, a natural baseline
is a single whole-deck VLM prompt that evalu-
ates the presentation without slide-type filtering,
per-criterion decomposition, or reusable per-slide
caching. We use expert annotations as the primary
reference because the goal of SlideGuard is not
only to assign a global quality score, but to recover
localizable, actionable issues that can be mapped
to concrete slides and criteria. The decomposition
into service criteria, slide-level checks, and deck-
level checks is therefore motivated by three require-
ments that a whole-deck prompt does not naturally
satisfy: applicability control, interpretable local-
ization of feedback, and efficient re-evaluation of
edited slides.

These results suggest that SlideGuard can serve
as a first-line evaluation tool: students can fix foun-
dational issues independently, leaving more time
for in-depth discussion of scientific and profes-
sional questions with their advisors. An example
of the agent’s output on the storytelling criterion is
shown in Appendix A.

5 Related Works

LLM-as-a-Judge approach is a commonly used
technique not only for evaluating the outputs of
other LLMs (Zheng et al., 2023; Ke et al., 2024;
Ling et al., 2023) but also for assessing human re-
sponses, illustrations, and interactive tasks (Chen
et al., 2024a; Song et al., 2024). Results of eval-
uations are proven to be close with human judg-
ments opening opportunities for large-scale and
cost-efficient feedback systems in education.

Within the educational domain, LLMs and
MLLMs have been applied to diverse tasks such as
automated essay scoring (Song et al., 2024; Feng
et al., 2024), assessment of student explanations
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(Carpenter et al., 2024), and evaluation of self-
explanations in programming contexts (Chapagain
and Rus, 2025). These studies provide a valuable
justification on AI-based system usage to comple-
ment or partially replace human graders, while still
ensuring reliability and fairness.

Prior AI work on presentations focuses predomi-
nantly on generation, not evaluation. OutlineSpark
(Wang et al., 2024) generates slides from computa-
tional notebooks, while Slide4N (Wang et al., 2023)
uses human-AI collaboration for content structur-
ing. Critical thinking support systems (Inoue et al.,
2023) recommend slides or generate questions but
omit design/rhetorical analysis, and accessibility
tools such as Slide Gestalt (Peng et al., 2023) auto-
matically extract structural information from slides.
While these methods support presentation prepa-
ration, they do not provide holistic, criteria-based
evaluation of visual design, rhetorical effectiveness,
or argument flow.

6 Conclusion and Future Work

We introduced SlideGuard, a framework for sys-
tematically evaluating student slide decks using
multimodal large language models. By analyzing
expert interviews and student presentations from
AI/ML master’s programs, we identified persistent
challenges students face, developed a multi-level
taxonomy of operationalized criteria, and curated
an annotated dataset of 150 slide decks captur-
ing both slide-level design flaws and deck-level
coherence problems. Our evaluation agent com-
bines contextual prompting, chain-of-thought rea-
soning, and multimodal analysis to detect issues
and provide structured feedback. While the system
shows strong results on structural and visual crite-
ria, performance on subjective dimensions such as
research quality remains limited, and our evalua-
tion is constrained to a single institution and disci-
pline. Nevertheless, the results suggest that Slide-
Guard can serve as a useful first-line feedback tool,
enabling students to iterate independently on foun-
dational issues and freeing instructors for domain-
level mentoring.

In future work, we plan to extend SlideGuard
to evaluate presentation speech quality and assess
answers to synthesized questions, creating a full
presentation simulator for better preparation and
stress reduction. We also aim to increase inter-
activity through a dialogue system that allows stu-
dents to discuss slide deck improvement techniques

with the agent. Future work will also evaluate
SlideGuard in a classroom deployment by mea-
suring how feedback affects student revisions and
instructor workload, and will explore integration
into presentation-authoring environments, such as
an Office plugin, so that students can receive feed-
back directly during slide preparation.

Limitations

Our evaluation is limited in several respects. First,
the held-out test set of 30 decks is small; while
sufficient for criterion-level trends, it limits the sta-
tistical power of fine-grained comparisons. Sec-
ond, we measure detection coverage (whether
expert-annotated issues are found) but not preci-
sion (whether the system’s additional findings are
valid), which requires a separate annotation study.
Third, the current taxonomy and dataset are drawn
from AI/ML master’s programs at a single institu-
tion; generalization to other disciplines and edu-
cational contexts remains to be validated. Fourth,
research quality evaluation remains the weakest
criterion (38.5–45.0%), likely because it requires
deeper domain knowledge than can be conveyed
through prompting alone; this limits the system’s
utility for assessing scientific rigor.
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Figure 5: Screenshot of the SlideGuard web interface.

Figure 6: Example output of the evaluation agent on the
storytelling criterion.

A SlideGuard Interface and Output
Example

B Defining a New Criterion

Adding a criterion to SlideGuard requires two steps:
writing a prompt and registering a configuration
entry. Below is a minimal example of a slide-level
criterion that checks whether data visualizations
include axis labels.

Step 1: Define the prompt.

prompt = """
You are an expert in data visualization.
Evaluate whether charts and graphs on the
slide have clearly labeled axes.

## Key Elements to Evaluate:
- Axis titles present and descriptive
- Units of measurement specified
- Legend present when multiple series shown

## Evaluation Guidelines:
Provide your reasoning in a Thought section,
then return the evaluation in the Answer
section following the format instructions.
"""

Step 2: Register the configuration.

CriterionConfig(
id=Criteria.slide_axis_labels,
target=CriteriaTarget.slide,
description="Check axis labels on charts",
agent_prompt_template=prompt,
task_prompt_template=BASE_SLIDE_TASK_PROMPT,
output=OutputSpec(

kind=OutputKind.scored_list,
item_spec=ScoredListItemSpec(
element_description="Chart with issue",
suggestion_description="Suggested fix",

),
),
category="visual",
applicability=Applicability(

requires_infographics=True,
exclude_slide_types=[
SlideType.TITLE_SLIDE,
SlideType.END_SLIDE,

],
),

)

The configuration declares that this criterion ap-
plies only to slides containing infographics (as de-
tected by the service phase) and excludes title and
end slides. The output schema - a scored list of
items with severity, element, and suggestion fields
- is generated automatically. Once appended to
the configuration list, the new criterion is available
in the CLI, web UI, and Python API without any
further code changes.
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