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Abstract

Editing presentation slides remains one of the
most common and time-consuming tasks faced
by millions of users daily, despite significant
advances in automated slide generation. Ex-
isting approaches have successfully demon-
strated slide editing via graphic user inter-
face (GUI)-based agents, offering intuitive vi-
sual control. However, such methods often suf-
fer from high computational cost and latency.
In this paper, we propose TALK-TO-YOUR-
SLIDES, an LLM-powered agent designed to
edit slides by leveraging structured informa-
tion about slide objects rather than relying
on image modality. The key insight of our
work is designing the editing process with dis-
tinct high-level and low-level layers to facil-
itate interaction between user commands and
slide objects. By providing direct access to
application objects rather than screen pixels,
our system enables 34.02% faster processing,
34.76% better instruction fidelity, and 87.42%
cheaper operation than baselines. To evalu-
ate slide editing capabilities, we introduce 7S-
Bench, a human-annotated dataset comprising
379 diverse editing instructions paired with
corresponding slide variations in four cate-
gories. Our code, benchmark and demos are
available at anonymous.4open.science/r/talk-
to-your-slides.

1 Introduction

Recent advancements in large language models
(LLMs) have revolutionized how we interact with
software applications through natural language in-
structions, demonstrating remarkable success in
tasks such as code generation, GUI navigation,
and slide generation (Yang et al., 2024; Hou et al.,
2024; Zhang et al., 2024a; Xu et al., 2025). While
these models have enabled significant progress in
automated slide creation, a critical yet underex-
plored challenge remains in editing existing pre-
sentation slides. Presentation slides serve as a fun-
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Figure 1: Comparison of slide editing methods on
translating 50-page lecture slides from Korean to En-
glish. (a) Manual translation requires day(s) and con-
sumes graduate-student labor. (b) A GUI-based agent
reduces human effort but incurs high cost and occupies
the host machine during execution. However, (c) our
approach runs in the background at a low cost and in a
relatively short time.

damental medium for communication across ed-
ucation, business, and research. However, modi-
fying them to reflect updated content, adjust the
layout, or enhance clarity often demands tedious,
time-consuming manual effort. For example, as
shown in Figure 1, a professor prepares an inter-
national lecture that contains 50 slides across 10
different sessions and has to be translated from
Korean to English while preserving technical ter-
minology and formatting. Similarly, a market-
ing team needs to update product pricing on 120
slides spanning several presentations before a ma-
jor launch.

Several candidate approaches can be a solution
to address these challenges. One straightforward
approach is converting natural language instruc-
tions into direct scripting code that can be ap-
plied to PowerPoint presentations. But this base-
line struggles with complex tasks requiring se-
quential operations. For instance, instructions like
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Figure 2: Overview of the TALK-TO-YOUR-SLIDES framework. The system consists of four modules: instruction
understanding, document understanding, document editing, and code generator.

“Summarize the text on all slides and highlight
key points in red” demand understanding both of
user intent and contextual interpretation of slide
content. Another approach leverages vision-based
GUI agents that operate on screen-captured im-
ages (Figure 1b) through repeated mouse click and
keyboard interactions. However, due to the high
computational cost of processing image inputs
with vision-language models (VLMs), and the la-
tency between interactions, this method tends to
be resource-intensive and expensive to deploy.
This limitation extends beyond presentation soft-
ware such as PowerPoint to any application where
vision-only interfaces become bottlenecks, such as
Windows or iOS navigation agents.

To alleviate these limitations, we propose
TALK-TO-YOUR-SLIDES, an LLM-powered
agent designed to edit presentation slides by
directly handling objects through text-based
low-level structured information. This approach
enables more accurate and cost-effective editing
operations compared to multi-modal agents. We
design the editing process with distinct high-level
and low-level layers to facilitate interaction
between high-level user commands and low-level
objects within slides. This insight draws from
previous research on planning and reasoning
processes (Guo et al., 2024b; Chen et al., 2024a,b;
Zhao et al., 2023; Caldiran et al., 2009). At the
high-level, an LLM agent interprets user instruc-
tions and formulates structured editing plans. At
the low-level, our system directly accesses slide
components and executes precise edits through
generated code. By providing direct access to
application objects, we enable 34.02% faster
processing, 34.76% better instruction fidelity,
and 87.42% cheaper operation than GUI-based
methods.

Furthermore, to complement existing bench-

marks that primarily focus on the visual aesthet-
ics of slide generation (Ge et al., 2025; Zheng
etal., 2025; Guo et al., 2023; Zhang et al., 2024b),
we present TSBench, a human-annotated dataset
specifically designed to evaluate slide editing ca-
pabilities. TSBench consists of 379 diverse editing
instructions, each paired with corresponding slides
created using official Microsoft slide templates.
Our benchmark enables systematic assessment of
models’ proficiency in applying fine-grained mod-
ifications to existing presentation content. We cat-
egorize the editing commands into four distinct
types: text editing, visual formatting, layout ad-
justment, and slide structure manipulation. These
categories cover practical tasks such as modifying
existing text, adjusting visual elements, aligning
components, and managing slide transitions, re-
spectively.

Our contributions are summarized as follows:

* We introduce a system TALK-TO-YOUR-
SLIDES, an LLM agent-based system specif-
ically designed for slide editing tasks that ap-
proaches editing through a division of high-
level and low-level operations.

e We construct TSBench, a human-annotated
benchmark dataset that enables systematic
evaluation of slide editing agents in terms
of their ability to accurately follow complex
user instructions.

* Through comprehensive experiments, we
demonstrate that TALK-TO-YOUR-SLIDES
substantially outperforms baseline methods
across execution success rate, instruction fi-
delity, and editing efficiency, reducing execu-
tion time by up to 87%.



2 Related Work

This section covers related research on slide gener-
ation, GUI-based agents, and code generation with
LLM:s.

2.1 Slide Generation

Prior work has primarily focused on generat-
ing presentation slides from natural language de-
scriptions (Sefid et al., 2021). AutoPresent (Ge
et al., 2025) fine-tuned an LLaMA-based model
on the SlidesBench training set, a dataset compris-
ing 7,000 slide-generation examples, to generate
Python code that invokes the SlidesLib API. How-
ever, this approach remains prone to execution er-
rors and does not support fine-grained slide edit-
ing. PPTAgent (Zheng et al., 2025) presents a sim-
ple process that mimics how people author slides.
It first creates an outline and then edits slides using
a fixed template. It also includes PPTEval, a tool
to check slide content, design, and structure. PP-
TAgent works well for generating new slides. Our
research extends these approaches by introducing
precise editing capabilities that significantly re-
duce the manual effort required from users.

2.2 LLM Agents for GUI Control

Our work is also related to research on LLM-
based agents that control graphical user interfaces
(GUIs) (Gao et al., 2024; Koh et al., 2024). UFO
and UFO2 by Microsoft (Zhang et al., 2024a)
introduces a dual-agent framework composed of
an application-selection agent and an action agent
that can operate across Windows applications such
as Word and PowerPoint. By observing applica-
tion screenshots, the agent executes actions like
menu clicks and text input. While powerful, UFO
relies on image-based state representations and
pixel-level interactions, which can introduce high
computational costs and imprecise behavior, par-
ticularly for complex editing tasks. We compare
our system against this model as a baseline.

2.3 Code Generation from language
instructions

The task of translating natural language instruc-
tions into executable code has attracted consider-
able attention with the emergence of LLMs. While
early work (Zan et al., 2023; Jiang et al., 2024;
Yin et al., 2023) relied on rule-based systems or
domain-specific languages-approaches that often
lacked scalability and adaptability, LLMs have

{ "understanding": "Emphasize the important p
arts on slide 2 and slide 3.",
"tasks": [
{ "page number": 2,

"description": "Highlight the key phrases in t
he title and body text of slide 2 using bold and re
d font.",

"target": "Title and Body text on slide 2" },

{ "page number": 3,

"description": "Emphasize the most importa
nt content on slide 3 by underlining and changing
text color to blue.",

"target": "All text elements on slide 3 (Title,
Body, Footers, Headers, Captions, Chart/Table la
bels, etc.)" }1}

Figure 3: Example output generated by the instruction
understanding module.

enabled more flexible, generalizable solutions.
Building on this progress, recent studies (Wang
et al., 2025a; Sun et al., 2024; Puerto et al., 2024;
Yang et al., 2025) have introduced intermediate
reasoning steps to further enhance code genera-
tion, such as guiding code generation through ex-
plicit natural language planning, using intermedi-
ate plans to decompose and solve complex, multi-
step coding tasks-thereby bridging the gap be-
tween high-level user intent and low-level exe-
cutable code. We utilize this code generation idea
in our system to translate user instructions into
slide editing operations.

3 Method

We categorize the capabilities required to edit
slides given a user’s instruction into four key com-
ponents. First, the system must accurately under-
stand the user’s instruction. Second, to implement
this instruction, it needs to comprehend the cur-
rent state of the presentation slides. Third, based
on the instruction and current state, it should gen-
erate slide data that reflects the instruction. Fi-
nally, it must implement these generated changes
in the presentation environment such as Power-
Point. These sequential requirements naturally di-
vide slide editing tasks into two levels. High level
operations involve instruction interpretation and
content editing. Low level operations require di-
rect access to and manipulation of the presentation
software (Caldiran et al., 2009).

With these careful consideration, we propose
TALK-TO-YOUR-SLIDES, a system that separates
these concerns into high-level and low-level com-
ponents, as illustrated in Figure 2.



In the remainder of this section, we describe
each components in detail.

3.1 Instruction understanding

The instruction understanding module operates at
the high-level of our system architecture. It takes
user instructions as input and interprets them into
structured, actionable plans (Ruan et al., 2023)
specifying which slides to modify, elements to
target, and actions to perform as shown in Fig-
ure 2(a). The module outputs a structured list,
where each entry explicitly details the target slide
number, targeted element, and corresponding ac-
tion, allowing for precise and versatile slide edit-
ing tasks as shown in Figure 3.

To handle diverse instructions that may target
specific slides, subsets, or entire presentations, we
utilize an LLLM with carefully crafted prompts to
support effective in-context learning (Dong et al.,
2024; Guo et al., 2024a). The specific prompt used
for instruction understanding is included in Ap-
pendix E.1. An example of this module’s output
and the corresponding original slide can be found
in Figure 3 and Figure 14, respectively.

3.2 Document understanding

document understanding is a low-level component
that accesses slides in our system. It plays a cru-
cial role in slide editing tasks, as the quality of
the parsed content essentially defines the set of ed-
itable elements and thereby determines an upper
bound on the final editing accuracy.

To enable fine-grained document understand-
ing, we develop a custom rule-based parser that
extracts comprehensive information from each
slide. This includes metadata such as the layout
name, background fill type, and transition effects,
as well as fine-level attributes of individual objects
such as shapes, images, and text boxes. As shown
in Figure 4, the parser identifies both the semantic
type and positional information of each element on
the slide. The parsed original slide that produced
the results in Figure 4 is shown in Figure 14.

Recognizing that text formatting can vary
within a single text box, we parse text at the run
level, where each run denotes a contiguous seg-
ment of text with consistent formatting. This level
of detail allows the system to more faithfully re-
flect how humans perceive and manipulate slides,
thereby enabling precise, style-preserving edits.

All parsed outputs are converted into a struc-
tured JSON format. This representation facili-
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"contents": {
"Presentation_Name": "Example.pptx",
"Total_Slide_Number": "10",
"Objects_Overview": "Found 1 object in slide number 1.",
"Objects_Detail": [
{"Object_number": 1,
"Name": "Content Placeholder",
"Type": "Placeholder",
"Position_Left": 60.0,
"Position_Top": 150.0,
"Size_Width": 800.0,
"Size_Height": 300.0,
"Align": "Center",
"More_detail": {
"TextFrame": [
{"Runindex": 1,
"Text": "Multi-agent systems can be improved by ",
"Font": {
"Name": "Arial",
"Size": 24.0,
"Bold": false,
"Color": {"R": 0, "G": 0, "B": 0} } },
{"Runindex": 2,
"Text": "prompt engineering",
"Font": {
"Name": "Arial",
"Size": 24.0,
"Bold": true,
"Color": {"R": 255, "G": 0, "B": 0}
PRI

Figure 4: Example output of document understand-
ing. The yellow sections contain information about the
parsed object’s name, type, location, size, and other de-
tails. The runs highlighted in green demonstrate that
different text formatting styles can exist within a single
text box.

tates downstream reasoning and editing, while en-
suring compatibility with large language models.
Prior work has shown that LLMs can better inter-
pret and operate over structured data formats (He
et al., 2024; Tan et al., 2025). Our parsing logic is
fully implemented and publicly released as part of
our codebase to support future research in struc-
tured document understanding. Additional details
on document understanding are provided in Ap-
pendix D.

3.3 Document editing

The document editing component performs high-
level editing in our system. It takes as input the
parsed output from the document understanding
module and the editing description from the in-
struction understanding module. Its role is to mod-
ify the parsed content using an LLM in accor-
dance with the editing description. For example,
if the description specifies changing only the im-



TextEditing

= "Translate all visible text eleme
nts on ppt slide number {slide_nu
m} into Japanese"

= "Review all text elements on pp
t slide number {slide_num} for sp
elling, grammar, and typographic
al errors, and correct them."

LayoutAdjustment

= "Center all titles at the top of eac
h slide."

= "Resize all images on ppt slide n
umber {slide_num} to have the sa
me width while maintaining aspec
tratio."

VisualFormatting

= "Change the font of all text ele
ments to Arial on ppt slide numbe
r{slide_num}."

= "Color code the keywords in th
e text while following the color th
eme in the slide number {slide_n
um}."

SlideStructure

= "Add slide numbers to every sli
de on the bottom right corner."

= "Divide the content of ppt slide n
umber {slide_numy} into two clear
sections titled 'Overview' and 'Det
ails' for improved structure."

Figure 5: Examples of instructions across four cate-
gories.

portant content in a text box to red, the document
editing module identifies such content from the
parsed data and generates output in the same for-
mat as that produced by the document understand-
ing module. The prompt used for this module is
provided in Appendix E.3.

3.4 Code generator

The primary function of code generator is to gen-
erate python code that applies the necessary mod-
ifications to the low-level instance. It receives the
raw parsed data before edited, the data after edited
from document editing module, and the plan. The
generated codes are dependent on each presen-
tation environment'. Consequently, the LLM is
tasked with generating python code based on the
semantics of presentation environment?.

Separating the part that modifies actual slides at
a low-level has a significant advantage. This mod-
ular design enhances platform adaptability. If the
presentation application changes from PowerPoint
to another platform, only the low-level component
needs modification. The high-level reasoning re-
mains intact. This minimizes accuracy degradation
when transitioning between different presentation
software.

In addition, we implement a self-reflection
mechanism (Shinn et al., 2023) to handle execu-
tion failures. If an error occurs during execution,
the error message and the generated code are ap-
pended to the original input, and inference is re-

'Tn the case of PowerPoint, we adopt COM (Component
Object Model, https://learn.microsoft.com/en-us/
windows/win32/com/the-component-object-model)

’E.g, VBA API for Powerpoint https://learn.
microsoft.com/en-us/office/vba/api/overview/
powerpoint

Text Visual Layout Slide

Category Editing Formatting Adjustment Structure Total
Inst. # 16 19 15 6 56
Aug. # 160 190 150 60 560
Filtered 116 123 95 45 379

Table 1: Instruction count statistics by instruction
category. The ‘Aug. # row indicates the GPT-4o-
augmented dataset, while the ‘Filtered’ row represents
the human-annotated, post-filtered dataset.

peated until the modification succeeds or a prede-
fined maximum number of iterations is reached.
The prompt used for the code generator is de-
scribed in Appendix E.3.

4 TSBench: Benchmark Dataset

Alongside proposing a novel system for editing
presentation slides, we also introduce a benchmark
dataset, TSBench designed to evaluate the slide
editing capabilities of models or frameworks. In
this section, we describe the construction process
of the benchmark dataset in detail and present its
key statistics.

4.1 Building the Benchmark

The proposed benchmark targets the task of edit-
ing PowerPoint slides. For this purpose, we first
created a dataset of user instructions, and then
developed slide data to which these instructions
could be applied. In this section, we describe the
construction methodology for each dataset com-
ponent.

4.1.1 Instructions

To collect feasible and practical instructions, we
first manually create 56 seed instructions that re-
flect plausible user commands. For each seed, we
used GPT-40 (OpenAl, 2024) to generate 10 varia-
tions or paraphrases. These variations include, for
example, replacing the target language in “Trans-
late the slide into Chinese” with alternatives such
as Japanese, French, or English. Some variations
also involve paraphrasing while preserving the
original intent. From the generated pool, we man-
ually filtered out instructions lacking clear goals or
evaluation criteria. Given that the precise interpre-
tation of instructions significantly impacts evalua-
tion outcomes, we implemented a manual review
process where human evaluators examined all in-
structions to ensure clarity and validity. Only those
with unambiguous objectives were retained.
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System Instruction Performance metric Efficiency metric
Instruction Exec. Avg. Avg. Avg. Cost
SR (%) Following Text  Image Layout Color Time (s) Input tokens Output tokens x0.001$
TextEditing 62.07 0.00 0.10 1.70 1.70 1.70 23.08 1.21k 093k 0.7
Direct VisualFormatting 53.66 0.44 0.84 1.04 1.04 0.89 37.72 1.38k 275k 1.9
code generation  LayoutAdjustment  58.95 0.66 155 079 142 140 2325 126k 094k 038
SlideStructure 73.33 0.50 1.61 1.25 1.58 1.72 28.17 1.00 k 1.05k 0.8
Overall 59.90 0.36 0.88  1.22 1.41 1.37 28.35 1.24k 1.48k 1.0
TextEditing 66.38 0.54 0.50 1.63 1.49 1.79 117.85 102.04 k 226k 16.6
VisualFormatting 86.18 2.61 2.01 1.72 2.25 1.80 122.25 93.27k 2.15k 15.2
UI Agent LayoutAdjustment ~ 65.26 2.07 2.82 238 2.51 2.87 128.23 108.48 k 2.50k 17.7
SlideStructure 82.22 1.67 231 155 2.38 2.17 99.18 72.46 k 1.82k 12.0
Overall 74.41 1.64 1.81 1.83 2.11 2.10 119.66 97.29 k 2.23k 15.9
TextEditing 99.14 2.95 3.01  2.65 3.11 3.07 55.98 381k 1.96 k 1.6
VisualFormatting 94.30 1.98 222 1.86 2.38 2.16 94.78 5.09k 3.58k 2.8
Ours LayoutAdjustment  100.00 1.80 239 215 2.37 2.56 86.14 446k 229k 2.0
SlideStructure 91.10 1.71 1.95 1.73 2.17 2.35 96.54 2.71k 1.69 k 1.2
Overall 96.83 2.21 248 217 2.58 2.57 78.95 426k 2.53k 2.0

Table 2: System-wise scores by instruction category. “SR’ ’denotes execution success rate. All three systems use
the gemini-2.5-flash model. For UI Agent, we follows (Zhang et al., 2024a), imposing a cut-off for tasks that did
not finish within 180 seconds and considering realistic feasibility constraints. Cost is in USD ($).

In total, we collected 379 instructions, which
are categorized into four types: TextEditing, Visu-
alFormatting, LayoutAdjustment, and SlideStruc-
ture. These categories are also used as evaluation
dimensions in our subsequent analysis. Examples
of instructions for each category are illustrated in
Figure 5.

4.1.2 Slides

Constructing slide data tailored to a specific in-
struction is a non-trivial task. For instance, the
instruction “Fix all typos in the slide” requires
the slide to actually contain typographical errors,
while “Translate the slide into Chinese” assumes
the slide is written in another language which is
not a Chinese.

To generate appropriate slides for each of the
379 instructions, we observed that each seed in-
struction and its GPT-40-generated variants are as-
sociated with the same base PowerPoint file (Ope-
nAl, 2024). Based on this insight, we manually
created a PowerPoint presentation for each of the
56 seed instructions. To ensure visual quality and
realism, we utilized publicly available templates>
and we listed 10 template which we used in bench-
mark dataset in Table 5.

We release the full benchmark, including meta-
data that maps each instruction to its correspond-
ing PowerPoint file and instruction group. We ref-
ered this map on Table 4 for detail.

*https://create.microsoft.com/en-
us/search?filters=powerpoint

4.2 Statistics

Table 1 reports the number of instructions in each
of the four categories. In the Total column, we ob-
serve that the original set of 56 human-authored
seed instructions was expanded to 560 through
GPT-40-based augmentation. After excluding 181
examples with unclear objectives or those deemed
unsuitable for benchmarking, a final set of 379 in-
struction—slide pairs remained. Consequently, TS-
Bench comprises 379 instructions and 56 corre-
sponding .pptx files. Detailed information, in-
cluding the mapping between instructions and
.pptx files, is provided in Appendix A, and slide
content topics are listed in Table 3.

5 Experiment

In this section, we evaluate our proposed sys-
tem, TALK-TO-YOUR-SLIDES, along with base-
line methods using the benchmark dataset we in-
troduced.

5.1 System Configuration

Direct code generation. We leverage the docu-
ment understanding module (Section 3.2) to ex-
tract a structured representation of each slide,
then prompt an LLM with this representation and
the user instruction to generate executable editing
code.

GUI agent. We include UFO2(Zhang et al.,
2024a) as a representative GUI-based agent base-
line, capable of operating a wide range of Win-
dows applications, including PowerPoint. We used



TextEditing
Instruction: Translate all visible text elements on ppt slide number
1 into English.

RENOWNED
INSTITUTIONS,
SCHOLARS, AND
WRITERS AROUND
THE WORLD HAVE
LONG RECOGNIZED
AND HIGHLY
PRAISED THE
EXCELLENCE OF
HANGEUL.

LayoutAdjustment
Instruction: Resize all images on ppt slide number 2 to have the sa-
me width while maintaining aspect ratio.

VisualFormatting
Instruction: Evaluate and adjust text color and background color c-
ontrast on ppt slide number 1 to ensure optimal readability.

Before After

SlideStructure
Instruction: Add slide numbers to every slide on the bottom right c-
orner.

WHAT | LIKE

> iE

l o

Before After

ENGAGING
THE

ENGAGING
THE

AUDIENCE AUDIENCE

After

Figure 6: Results of TALK-TO-YOUR-SLIDES across four instruction categories. Modifications are highlighted
with yellow boxes. In the TextEditing example, Korean text has been translated into English according to the
instruction. In the VisualFormatting case, the original background and text colors were too similar, reducing read-
ability; the revised version uses white text for improved contrast and clarity. In LayoutAdjustment, the widths of
the three images have been unified while preserving their aspect ratios, as instructed. Lastly, in the SlideStructure
example, page numbers have been added in response to the instruction.

Gemini-2.5-flash model in GUI agent. Additional
configuration details are provided in Appendix C.

Talk-to-Your-Slides. In our proposed frame-
work, the instruction understanding module is in-
stantiated with Gemini-1.5-flash, while the doc-
ument editing and code generation modules are
evaluated with Gemini-2.5-flash. The code gener-
ator likewise performs up to three retries.

Additionally, we conducted experiments using
GPT-4.1-mini in place of Gemini-2.5-flash across
all system components. While the main results
presented in this paper are based on the Gemini-
2.5-flash configuration, results with GPT-4.1-mini
are detailed in Appendix F. Full model descrip-
tions and hyperparameter settings are provided in
Appendix B.

5.2 Maetrics

We adopt two primary categories of evaluation
metrics.

Editing success metrics assess the system’s
effectiveness and include the Execution Success
Rate (SR), LLM judge scores (Wang et al., 2025b),
and Execution Time. First, SR indicates whether
the finally generated code is successfully exe-
cuted. Second, the LLM-based evaluation is cru-
cial for our benchmark, as many instructions (sum-
marization, emphasis, translation) lack definitive

answers. It scores encompass instruction follow-
ing, text, image, layout, and color aspects. Instruc-
tion following measures how effectively the edited
presentation reflects the instruction. The remain-
ing four metrics are established as reference-free
metrics following (Ge et al., 2025). Scores range
from O (worst) to 5 (best), with detailed criteria
ensuring consistent interpretation. We employ the
multimodal gpt-40 model for this evaluation. The
model assesses edit quality by comparing original
and edited slide images along with slide notes and
instructions. The full scoring prompt appears in
Figure 12 and 13. Finally, Execution time refers to
the latency in seconds required to execute a single
instruction.

Efficiency metrics capture the system’s re-
source usage and include Average Input Tokens,
Average Output Tokens, and Average Cost. All av-
erages refer to those for a single instruction. To-
ken counts are computed by aggregating all tokens
passed to the LLM within each module, and the
cost is then estimated accordingly. Table 2 reports
these metrics using Gemini-2.5-flash in its non-
thinking output mode, with cost computed based
on the pricing as of May 16, 2025.* While editing

*As of 2025-05-16: $0.15 per million input tokens (text,
image, video), $1.00 per million input tokens (audio), $0.60
per million output tokens (non-thinking), $3.50 per million
output tokens (thinking).



accuracy is critical, efficiency is equally important
for real-world applicability and user adoption of
agent-based editing systems.

5.3 Results

This section analyzes the main experimental re-
sults. Then based on these findings, we discuss
how agents should approach tasks that assist hu-
mans beyond PowerPoint editing when interacting
with computing systems in general.

5.3.1 Main Results

Table 2 presents the results of PowerPoint edit-
ing systems evaluated on our proposed TSBench.
Except for the execution success rate, all metrics
are computed on the subset of examples for which
the generated editing code executed successfully.
Our proposed system, TALK-TO-YOUR-SLIDES,
achieves the highest overall execution success
rate and the highest average judge score. How-
ever, in the LayoutAdjustment categories, the GUI
agent attains higher judge scores. In particular, for
layout-related instructions, the GUI agent consis-
tently received higher scores, suggesting that GUI-
based operations offer advantages for layout ma-
nipulation. To justify the reliability of the LLM
judge scores, we conducted an experiment on 30
instances, which yielded a Pearson correlation co-
efficient above 0.8 and similarly high Spearman
correlation across all judge metrics as shown in
Table 9. Four illustrative examples of slides edited
by TALK-TO-YOUR-SLIDES is shown in Figure 6.

As for efficiency, our system requires just over
one minute on average to edit slides. For the
GUI agent, any run exceeding three minutes was
deemed a failure, among successful runs, the mean
execution time approaches two minutes. This dif-
ference is explained by the efficiency metrics: the
GUI agent’s average input token count is nearly
twenty times larger than that of the other ap-
proaches, resulting in an average cost per instruc-
tion that is roughly ten times higher. These trends
are stem from the use of image inputs, which is
inherent to vision—language models.

5.3.2 Should Software Agents Ultimately Use
Only GUI Images?

To better understand the trade-offs between GUI-
based and code-based approaches in slide edit-
ing, we present concrete examples using the
same instructions applied through different meth-
ods. When comparing the efficiency of GUI-

based and code-based slide editing approaches,
errors in VLM-based optical character recogni-
tion (OCR) provide persuasive evidence. The GUI
agent, which relies on Vision Language Models
(VLMs) for text recognition, failed to accurately
identify text due to OCR limitations, resulting in
low scores on text editing metrics. In contrast, the
code-based system Talk-to-Your-Slides directly
accessed text data without requiring VLM-based
OCR processing. These results demonstrate that
direct access to structured data is more reliable
than external perception mechanisms like VLMs,
highlighting how system accuracy depends on data
accessibility.

Nevertheless, visual information from the GUI
remains useful in software automation. There are
editing tasks where purely low-level textual infor-
mation is insufficient. For instance, when translat-
ing Chinese text into English, the translated con-
tent often expands in length, causing overflow be-
yond the original text box. In such cases, visual
layout information helps preserve the slide’s aes-
thetic quality. Here, GUI images complement the
limitations of low-level approaches and can raise
the upper bound of what can be achieved.

In this work, we demonstrated that a low-level,
code-based approach is both effective and efficient
for many core editing tasks in presentation soft-
ware. Moving forward, we believe future research
should explore hybrid approaches that combine
the semantic precision and efficiency of structured
parsing with the contextual awareness of visual
understanding. We encourage the community to
pursue this direction to further advance automated
presentation editing systems.

6 Conclusion

This paper introduced TALK-TO-YOUR-SLIDES,
an LLM-powered agent for editing slides through
natural language instructions. By decomposing
editing tasks into high-level semantic operations
and low-level object manipulations, our system
interacts with PowerPoint application to execute
complex edits. We developed TSBench, a bench-
mark with 379 diverse editing instructions, to eval-
uate slide editing agents. Experiments show our
approach significantly outperforms baselines in
execution success, instruction following, and edit-
ing efficiency, demonstrating the effectiveness of
our agent framework for automating slide editing
tasks.



7 Limitations

Our current implementation focuses primar-
ily on Powerpoint-based workflows, leveraging
COM (Component Object Model) communica-
tion. While this architectural choice enabled us to
deliver robust functionality for PowerPoint users,
it currently offers limited support for alternative
options. Although our high- and low-level imple-
mentation details are applicable to other presenta-
tion environments, we limited our experiments to
PowerPoint in order to effectively compare with
the other baseline that utilize a GUL
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A Detail of TSBench

In this section, we present detailed information
about TSBench. First, we have listed the topics of
slide content in Table 3.

Additionally, the mapping between instruc-
tion numbers, slide IDs, and the four categories
is listed in Table 4. Each instruction is as-
signed an instruction_key of the form n or
n-m, where n denotes one of the original 56
seeds, and n-m indicates the mth augmentation
derived from seed n. The PowerPoint files are
named slide <instruction_key>.pptx (e.g.,
slide_@.pptx, slide_3-1.pptx), with the suffix
matching the corresponding instruction_key.

The list of slide templates is enumerated in Ta-
ble 5 along with their corresponding links.

Examples of TSBench slides and instructions
are presented in Figure 7.

B Model

In this section, we provide details about the exter-
nal LLM APIs used in the experiments. Gemini-
2.5-flash and GPT-4.1-mini were embedded in the
agent system, while GPT-40 was used as a judge
when evaluating the system. The price of each
models is illustrated in Table 6.

Gemini-1.5-flash (gemini-1.5-flash) Gemini
1.5 Flash offers cost-effective multimodal capabil-
ities with tiered pricing based on context length.
Released in early 2024, this model represents
Google’s focus on balancing accuracy with ef-
ficiency. It supports a context window of up to
1,048,576 tokens, max output token is 8,192, al-
lowing for processing of extensive documents and
conversations in a single request. The model han-
dles multiple modalities including text, code, im-
ages, and limited audio processing. While not as
powerful as its larger counterparts in complex
reasoning tasks, it demonstrates strong capability
in straightforward instruction following, summa-
rization, and multimodal understanding tasks. We
used this model for instruction understanding with
maxtoken: 2048, temperature 0.05, and top_p 1.0.

Gemini-2.5-flash (gemini-2.5-flash-preview-
04-17). Gemini 2.5 Flash is a high-throughput
thinking model designed to strike an optimal bal-
ance between speed, cost, and reasoning capabil-
ity. As Google’s latest preview-tier model, it ex-
tends the popular 2.0 Flash foundation with major
upgrades in reasoning capability, while still pri-
oritizing low latency and economical usage for
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developers. It supports a wide range of modal-
ities—including text, code, images, audio, and
video—making it well suited for diverse Al tasks
where both multimodal understanding and cost ef-
ficiency are critical. We used this model for doc-
ument editing and code generation with the max-
imum supported token limit of 65536, a tempera-
ture of 0.05, and top_p of 1.0.

GPT-4.1-mini (gpt-4.1-mini-2025-04-14).
GPT-4.1-mini is the ‘mini’ variant of the GPT-4.1
family, released April 14, 2025. It inherits the core
strengths of the flagship GPT-4.1 series—state-of-
the-art coding ability, robust instruction following,
and support for very long (up to one million-
token) contexts—while reducing model size to
cut inference latency by roughly 50% and lower
operational cost. This makes GPT-4.1-mini an
ideal choice for applications that demand the latest
model capabilities in a more resource-efficient
footprint. We used this model for document
editing and code generation with the maximum
supported token limit of 32768, a temperature of
0.05, top_p 1.0.

GPT-40 (gpt-40-2024-08-06). GPT-40 (“0” for
“omni”) is OpenAl’s multimodal flagship, re-
leased August 6, 2024. It can ingest and generate
text, images, and audio in real time, enabling uni-
fied reasoning across these modalities. Compared
to its predecessor (GPT-4 Turbo), GPT-40 offers
faster API throughput and lower per-token cost,
making it especially powerful for tasks that require
seamless cross-modal understanding and genera-
tion. We used this model as an LLM judge with a
max token of 512, a temperature of 0.2, top_p 1.0.

C UFO: GUI Agent

We employ UFO2 (Zhang et al., 2024a), a state-
of-the-art multi-agent GUI automation system for
Windows desktops, as one of our baseline meth-
ods. UFO2 is designed to execute natural language
instructions by integrating both visual and API-
based control over various applications. It fea-
tures a centralized HostAgent for task decompo-
sition and orchestration, and multiple AppAgents
tailored to specific applications such as Power-
Point.

In our experimental setup, both the HostAgent
and AppAgent are powered by the vision-language
model Gemini-2.5-flash. The system is further
backed by a retry mechanism with up to three
fallback attempts to ensure robust execution. This



Instruction: Simplify the main body text on ppt slide nu
mber {slide_num} into a concise summary while retainin
g the key points.

Instruction: Identify placeholder text (such as 'Lorem ipsu
m') on ppt slide number {slide_num} and replace it with app
ropriate real content relevant to the slide context.

slide_2

Instruction: Emphasize important words in text bo
xes using bold and italic types in slide number {slid
e_num}.

Instruction: Convert all freeform drawn shapes on ppt slid
e number {slide_num} into static images to preserve visual
consistency.

slide_11 slide_36

Instruction: Apply smooth slide transition effects (such
as Fade or Push) to ppt slide number {slide_num} for a
polished flow.

Instruction: Re-order the slides so that they match the
table of contents in slide number {slide_num}.

slide_40 slide_52

=

slide_15 page1

Instruction: Write a script for each presentation slide in the speaker's note. Each slide should
take about 2 minutes to present.

slide_15 page2 slide_15 page3

Today's Presentation
Overview

Key Takeaways

Instruction: Center all titles at the top of each slide.

.C

slide_29 page1 slide_29 page2 slide_29 page32

Figure 7: Example from the TSBench dataset. Some data points consist of a single slide, while others contain
multiple slides.
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Table 3: Content topics of slides in TSBench dataset.

Index Topic Index Topic Index Topic
0 Linguistics 19 Economics 38 Al Strategy
1 Communication 20 Climate Change 39 Marketing
2 News Articles 21 Quotes 40  Marketing
3 Presentation 22 Some Numbers 41 Marketing
4 Remote Work 23 Aesthetics 42 Company
5 Data Collection 24 Presentation 43 Company
6 Sleeping 25 Presentation 44 Marketing
7 LLMs 26 Design 45 Financials
8 Hypertension 27 Q&A 46  Competitive Landscape
9 Impressionism 28  Presentation 47  Product Overview
10 Immanuel Kant 29 Visual Communication 48 Al Assistant Platform
11 Modern Architecture 30 Presentation Theme 49 Future Outlook
12 Aesthetics 31 What I Like 50 Design
13 Education 32 What I Like 51 Presentation
14 Cognitive Dissonance 33 Creative Vision 52 Visual Appeal
15 Nervousness 34 Sports 53 Design
16 Linear Algebra 35 Marketing Strategies 54 NLP
17 Artificial Intelligence 36 Marketing 55 Presentation
18 Economics 37 Marketing

configuration enables UFO2 to leverage its hy-
brid GUI-API action interface, speculative multi-
action execution, and a Picture-in-Picture (PiP)
sandbox for non-intrusive user experience.

For additional technical details and evaluation
results, we refer readers to the original UFO2 pa-
per (Zhang et al., 2024a).

D Details of document understanding

Although a . pptx file is technically a collection of
XML files, directly working with these raw XML
structures is highly impractical for document-level
understanding. The XML files are excessively ver-
bose, and their content is fragmented across mul-
tiple interlinked components. This makes parsing
both time-consuming and error-prone.

XML format of PowerPoint is also inherently
index-based. For example, attributes such as text
formatting (e.g., bold, italic) are not stored as
human-readable strings but instead encoded as nu-
meric indices that point to style definitions in sepa-
rate lookup tables. As a result, even simple queries
such as “is this text bolded?” require multi-step
resolution across files.

To mitigate these challenges, Zheng et al.
(2025) proposed converting slides into HTML for-
mat. While this method simplifies parsing to some
extent, it introduces an additional rendering step
and often fails to retain the full range of visual
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and structural information available in the original
slide-particularly layout metadata, positional pre-
cision, and fine-grained formatting.

In contrast, our system avoids HTML-based
conversion and instead directly parses the Pow-
erPoint object model through COM (Compo-
nent Object Model) interfaces. This design choice
enables precise extraction of layout, style, and
object-level data with full fidelity to the original
file. The extracted information is then normalized
into a structured JSON format to support down-
stream semantic reasoning and editing tasks.

E Prompt

In this section, we present the prompts used for the
LLMs in our experiments. Following Chen et al.
(2025) and Liu et al. (2024), we carefully designed
detailed prompts. As experimental outcomes can
vary significantly depending on subtle differences
in prompts, we disclose our prompts in full to en-
sure specificity and reproducibility.

E.1 instruction understanding prompt

In the instruction understanding stage, the system
interprets the user’s intent and formulates a plan
(Aghzal et al., 2025; Oelerich et al., 2024; Hao
et al., 2024). The prompt of this is shown in Fig-
ure 8.



Table 4: Category mapping of slides in TSBench dataset.

Index Category Index Category Index Category
0 TextEditing 19 TextEditing 38 LayoutAdjustment
1 TextEditing 20 VisualFormatting 39 LayoutAdjustment
2 TextEditing 21 VisualFormatting 40 VisualFormatting
3 TextEditing 22 VisualFormatting 41 VisualFormatting
4 TextEditing 23 VisualFormatting 42 VisualFormatting
5 TextEditing 24 VisualFormatting 43 LayoutAdjustment
6 TextEditing 25 VisualFormatting 44 LayoutAdjustment
7 TextEditing 26 VisualFormatting 45 VisualFormatting
8 TextEditing 27  VisualFormatting 46  SlideStructure
9 TextEditing 28 VisualFormatting 47 SlideStructure
10 TextEditing 29 LayoutAdjustment 48 SlideStructure
11 VisualFormatting 30 LayoutAdjustment 49 LayoutAdjustment
12 VisualFormatting 31 LayoutAdjustment 50 SlideStructure
13 TextEditing 32 LayoutAdjustment 51 SlideStructure
14 VisualFormatting 33 LayoutAdjustment 52 SlideStructure
15 TextEditing 34 LayoutAdjustment 53 VisualFormatting
16 VisualFormatting 35 LayoutAdjustment 54 TextEditing
17 LayoutAdjustment 36 LayoutAdjustment 55 TextEditing
18 VisualFormatting 37 LayoutAdjustment

Instruction understanding prompt

You are a planning assistant for PowerPoint modifications.

Your job is to create a detailed, specific, step-by-step plan for modifying a PowerPoint presentation based on the user’s request.
present ppt state: {get_simple_powerpoint_info()} Break down complex requests into highly specific actionable tasks that can
be executed by a PowerPoint automation system.

Focus on identifying:

1. Specific slides to modify (by page number)

2. Specific sections within slides (title, body, notes, headers, footers, etc.)

3. Specific object elements to add, remove, or change (text boxes, images, shapes, charts, tables, etc.)

4. Precise formatting changes (font, size, color, alignment, etc.)

5. The logical sequence of operations with clear dependencies

Please write one task for one slide page.

Format your response as a JSON format with the following structure: {{ "understanding”: "Detailed summary of what the user
wants to achieve”, "tasks”: [ {{ "page number”: 1, "description”: ”Specific task description”, "target”: “Precise target location
(e.g., "Title section of slide 1°, *Notes section of slide 3’, ’Second bullet point in body text’, *’Chart in bottom right’)”, action”:
”Specific action with all necessary details”, ”contents”: {{ “additional details required for the action” }} }}, ... 1, }}

Below is the example question and example output.

input: Please translate the titles of slide 3 and slide 5 of the PPT into English.

output: {{ “understanding”: “English translation of slide titles on slides 3 and 5”, "tasks”™: [ {{ “page number”: 3, "descrip-
tion”: "Translate the title text of slide 3, “target”: "Title section of slide 3”, action”: Translate to English”, “contents”: {{

CINET] LTIEY)

source_language”: "auto-detect”, “preserve_formatting”: true }} }}, {{ “page number”: 5, “description”: “Translate the title
text of slide 57, “target™: "Title section of slide 5”, "action”: “Translate to English”, “contents”: {{ ”source_language”: ~auto-
detect”, "preserve_formatting™: true }} }} 1, }}

Response in JSON format.

Response: JSON

Figure 8: A prompt used in instruction understanding.

E.2 document editing prompt E.3 Code generator prompt

In the code generation stage, the system takes as

input the original slide data, the document-edited
In the document editing stage, the system gener-  slide data, and the plan, and outputs Python code
ates the post-editing data in JSON format based  that applies the corresponding changes in Power-
on the plan and the parsed data. This process is  Point. The prompt used for this step is shown in
illustrated in Figure 9. Figure 10.
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Document editing prompt

Information about slide {page_number}:

- Task description: {description}

- Action type: {action}

- Slide contents: {contents}

You are a specialized Al that analyzes PowerPoint slide content and performs specific tasks. You will receive the following
JSON data, perform the designated tasks, and return the results in exactly the same JSON format.

Important rules: 1. You must maintain the exact input JSON structure

2. Only perform the work described in the action’ within ’tasks’

3. Only modify the elements specified in ’target’ within ’tasks’

4. Output must contain pure JSON only - no explanations or additional text

5. Preserve all formatting information (fonts, sizes, colors, etc.)

6. Verify that the JSON format is valid after completing the task

Before starting the task:

1. Check the "understanding’ field to grasp the overall task objective

2. Review ’page number’, ’description’, ’target’, and ’action’ within ’tasks’

3. Identify all text elements in *Objects_Detail’

The output must maintain the identical structure as the original JSON, with only the necessary text modified according to the
task.

Give only the JSON.

Response: JSON

Figure 9: A prompt used in Document Editing.

Code generator prompt

Generate Python code modify an active PowerPoint presentation based on the provided JSON task data. The code should:

0. Find activate powerpoint app with ppt_app

= win32com.client.GetActiveObject ("PowerPoint. Application’)

active_presentation = ppt_app.ActivePresentation

1. Find the slide specified by page number: {slide_num}

2. Target to change: {before}

3. New content to apply: {after}

4. Generate ONLY executable code that will directly modify the PowerPoint.

CRITICAL REQUIREMENTS:

- DO NOT create a new PowerPoint application - use the existing one

- Please check if the slide number you want to work on exists and proceed with the work. The index starts with 1.

- The code should NOT be written as a complete program with imports - it will be executed in an environment where PowerPoint
is already open

- Focus on finding and modifying the specified content

- For text changes, use both shape.Name and TextFrame.TextRange.Text to identify the correct element

- Make sure to explicitly apply any changes (e.g., shape.TextFrame.TextRange.Text = new_text)

- Do not write print function or comments.

- You can write at slide note with slide.NotesPage

“‘python slide.NotesPage.Shapes.Placeholders(2). TextFrame.TextRange.Text = notes_text
context where these variables are already available:

- ppt-application: The PowerPoint application instance

- active_presentation: The currently open presentation

IMPORTANT: In PowerPoint, color codes use BGR format (not RGB). For example, RGB(255,0,0) for red should be specified
as RGB(0,0,255) in the code. Always convert any color references accordingly.

If you want to modify the formatting, refer to the following code for modification:

if text_frame.HasText: text_range = text_frame.TextRange # Find text found_range = text_range.Find(text_to_highlight) while
found_range: found_any = True found_range.Font.Bold = True # Bold found_range.Font.Color.RGB = 255 # Example color
(RED in BGR format - 0,0,255) found_range.Font.Size = found_range.Font.Size * 1.2 # Increase font size by 20% start_pos =
found_range.Start + len(text_to_highlight) found_range = text_range.Find(text_to_highlight, start_pos)

Do not use any ”**” to make bold. It won’t be applied on powerpoint. - You can add or split a page with ’presentation =
ppt-app.Presentations.Add()’.

Make sure to close all curly braces properly and all variables used are properly defined. Omit Strikethrough, Subscript, Super-
script as they caused issues.

The code must be direct, practical and focused solely on making the specific change re-
quested. Ensure all color references wuse the BGR format for proper appearance in PowerPoint.
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Note that the code will run in a

Response: Python code

Figure 10: A prompt used in Code Generator.

15




Template Link File Size (KB)
Architecture pitch deck Link 3,820
Classic frame design Link 3,054
Creative perspective presentation Link 13,832
Helena design Link 12,023
Light modernist design Link 7,601
Modern geometry design Link 9,701
PowerPoint party Link 6,029
Rose suite presentation Link 1,438
Simple company overview presentation Link 7,254
Vivid circles presentation Link 2,966

Table 5: Microsoft Create PowerPoint templates: direct
search links and downloaded file sizes.

E.4 Direct code generation prompt

In the case of the Direct code generation, the sys-
tem directly generates code using only the parsed
slide data and the instruction, without intermedi-
ate planning or editing. The prompt used for this
process is shown in Figure 11.

E.5 LLM judge prompt

To evaluate slide editing capabilities, we em-
ployed an LLM-based judge, following a similar
approach to Ge et al. (2025). The prompt used to
assess how well the instruction was followed is
shown in Figure E.5, while the prompt used for
evaluating text, image, layout, and color,based on
the criteria from Ge et al. (2025), is presented in
Figure 13.
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F Auxiliary results

In this section, we report the results of our ex-
periments conducted using gpt-4.1-mini instead of
gemini-2.5-flash. The results are presented in Ta-
ble F, and the correlation coefficients for the met-
rics assessed by the LLM judge are reported in Ta-
ble 8.

We also report the human correlation results for
the Gemini-2.5-flash experiments, where model
outputs were evaluated using LLM-based judges.
These correlation analyses are presented in Fig-
ure 9.

G Auxiliary image

The original slide is presented in Figure 14 from
which the example parsed data Figure 4 was ex-
tracted.


https://create.microsoft.com/en-us/template/architecture-pitch-deck-b05bf529-a1dc-42d5-b9d6-8a1e9569dd9c
https://create.microsoft.com/en-us/template/modern-geometry-design-9c42d441-9920-40a0-9453-1a93061bec3d
https://create.microsoft.com/en-us/template/creative-perspective-presentation-7af77d04-9e2b-4242-ac39-c5f5822fb22b
https://create.microsoft.com/en-us/template/helena-design-29f75bd3-c1a5-4197-9d0f-f597baf7cd46
https://create.microsoft.com/en-us/template/light-modernist-design-fd6c6e3e-ccdc-4ba4-b6a2-3dbf5a4b5e68
https://create.microsoft.com/en-us/template/modern-geometry-design-9c42d441-9920-40a0-9453-1a93061bec3d
https://create.microsoft.com/en-us/template/powerpoint-party-402efc4d-cfdc-420c-a769-d3677352f197
https://create.microsoft.com/en-us/template/rose-suite-presentation-76be2961-20a2-4f10-a1a6-32bd1c257e1a
https://create.microsoft.com/en-us/template/simple-company-overview-presentation-e078dcc0-b535-44d3-96b6-98b3b8fe4f4f
https://create.microsoft.com/en-us/template/inspired-by-nature-00004d97-0017-0000-b3fa-56346bf94cbf

Table 6: Pricing information for LLM models used in experiments (in USD per million tokens).

Model Input Cached Input Output Additional Features
Gemini-2.5-flash $0.15? $0.0375% $0.60 / $3.50° Google Search®
Gemini-1.5-flash ~ $0.075/$0.159  $0.01875/$0.0375¢  $0.30/$0.609  Storage: $1.00/hr
GPT-4.1-mini $0.40 $0.10 $1.60 -

GPT-40 $2.50 $1.25 $10.00 -

*$1.00 for audio input, $0.25 for cached audio input
® $0.60 without thinking mode, $3.50 with thinking mode
¢ Free up to 1,500 RPD, then $35 per 1,000 requests

4 Lower price for contexts < 128K tokens, higher price for contexts >128K tokens

Baseline prompt

The following is information parsed from a PPT slide.

{parsed data}

Create a Python code with win32com library that can edit PowerPoint presentations by executing the following command:
{instruction}

IMPORTANT: Your response must contain ONLY valid Python code wrapped in triple backticks with the ‘python’ language
tag. Follow this exact format:

“‘python

# Your Python code here

# Include proper comments, imports, and function definitions

# No explanations or text outside this code block
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Response: Python code

Figure 11: A prompt used in baseline system.

LLM Judge prompt

You are an expert slide-editing judge.

TASK

- Compare the ORIGINAL slide with the EDITED slide.

- Decide how well the EDITED slide follows the INSTRUCTION and how aesthetically pleasing it is.
SCORING

Return valid JSON with exactly these keys:

{instruction_adherence <int 0-5>,

visualquality <int 0-5>

}

GUIDELINES

Score each from 0 to 5, based on the following rubric:

5 = Perfect: Fully satisfies the instruction / visually excellent with no flaws.

4 = Mostly correct: Clearly reflects the instruction / visually strong but with minor flaws.

3 = Partially correct: Instruction was followed to a noticeable degree, but key aspects are missing or flawed / visual layout or
formatting needs improvement.

2 = Slightly changed but inadequate: Some edits related to the instruction are present but insufficient or poorly done / visual
design is lacking.

1 = Attempted but incorrect: Some change is visible, but it does not match the instruction / visual result is clearly poor.

0 = Completely fails: No meaningful attempt to follow the instruction / visually broken or irrelevant.

Judge only what you can see in the given image(s) and notes.

Return *only* the JSON object, nothing else.

Response: Python code

Figure 12: A prompt used in LLM judge.
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LLM Judge Text, Image, Layout, Color evaluation prompt

You are an expert slide-editing judge.

TASK

- Compare the ORIGINAL slide with the EDITED slide.

- Evaluate how well the EDITED slide handles Text, Image, Layout, and Color aspects based on the INSTRUCTION.
SCORING

Return valid JSON with exactly these keys:

{ text_quality <int 0-5>,

image_quality <int 0-5>,

layout_quality <int 0-5>,

color_quality <int 0-5>

} GUIDELINES

Score each from 0 to 5, based on the following rubric:

TEXT QUALITY:

5 = Perfect: Text content, formatting, and typography are flawless and fully satisfy the instruction.

4 = Mostly correct: Text elements are clearly improved but have minor issues in content, formatting, or typography.

3 = Partially correct: Text improvements are noticeable but have significant issues in content, formatting, or typography.
2 = Slightly changed but inadequate: Some text edits are present but insufficient or poorly implemented.

1 = Attempted but incorrect: Text changes are visible but do not match the instruction or improve the slide.

0 = Completely fails: No meaningful text improvements or changes are severely detrimental.

IMAGE QUALITY:

5 = Perfect: Images are optimal in selection, placement, sizing, and enhancement, fully satisfying the instruction.

4 = Mostly correct: Images are well-selected and implemented with only minor issues in placement, sizing, or visual quality.
3 = Partially correct: Image improvements are noticeable but have significant issues in selection, placement, sizing, or quality.
2 = Slightly changed but inadequate: Some image edits are present but insufficient or poorly implemented.

1 = Attempted but incorrect: Image changes are visible but do not match the instruction or improve the slide.

0 = Completely fails: No meaningful image improvements or changes are severely detrimental.

LAYOUT QUALITY:

5 = Perfect: Slide organization, spacing, alignment, and element relationships are flawless and fully satisfy the instruction.
4 = Mostly correct: Layout is clearly improved but has minor issues in organization, spacing, or alignment.

3 = Partially correct: Layout improvements are noticeable but have significant issues in organization, spacing, or alighment.
2 = Slightly changed but inadequate: Some layout edits are present but insufficient or poorly implemented.

1 = Attempted but incorrect: Layout changes are visible but do not match the instruction or improve the slide.

0 = Completely fails: No meaningful layout improvements or changes are severely detrimental.

COLOR QUALITY:

5 = Perfect: Color scheme, contrast, balance, and emphasis are flawless and fully satisfy the instruction.

4 = Mostly correct: Color choices are clearly improved but have minor issues in scheme, contrast, or emphasis.

3 = Partially correct: Color improvements are noticeable but have significant issues in scheme, contrast, or emphasis.

2 = Slightly changed but inadequate: Some color edits are present but insufficient or poorly implemented.

1 = Attempted but incorrect: Color changes are visible but do not match the instruction or improve the slide.

0 = Completely fails: No meaningful color improvements or changes are severely detrimental.

Judge only what you can see in the given image(s) and notes.

Return *only* the JSON object, nothing else.

Response: text: integer, image: integer, layout: integer, color:integer

Figure 13: A prompt used in LLM judge which evaluate text, image, layout, color.

18




System Instruction Performance metric Efficiency metric

Instruction Exec. Avg. Avg. Avg. Cost

SR (%) Following Text  Image Layout Color Time (s) Input tokens Output tokens  x0.001$

TextEditing 76.72 0.00 0.00 1.04 1.04 1.04 18.55 1.03 k 0.41k 1.0

Direct VisualFormatting 78.05 0.53 0.73 1.06 1.02 0.86 18.08 1.16 k 0.45 k 1.1
code generation LayoutAdjustment  69.47 0.07 1.45 1.09 1.40 1.40 17.06 1.04 k 0.53 k 1.2
SlideStructure 84.44 0.17 1.78  1.11 1.91 1.64 19.57 091k 0.65 k 1.4

Overall 76.25 0.53 0.81 1.07 1.23 1.15 18.19 1.06 k 0.48 k 12

TextEditing 65.48 0.48 0.67 1.58 1.48 1.56 110.84 101.48 k 2.10k 159

VisualFormatting 88.09 2.44 1.89  1.67 1.79 1.48 134.57 94.12 k 2.44 k 14.9

UI Agent LayoutAdjustment  62.64 1.48 276  2.20 223 2.45 127.13 121.04 k 247k 18.8
SlideStructure 82.30 1.55 227 130 2.08 1.99 95.07 7545k 1.77k 11.9

Overall 73.84 1.68 194 155 2.16 2.04 121.08 98.22 k 230k 154

TextEditing 98.28 2.6 3.01  3.09 3.54 3.6 58.17 335k 1.66 k 33

VisualFormatting 95.93 2.00 202 171 2.25 1.88 89.99 424k 2.15k 4.5

Ours LayoutAdjustment  97.89 1.40 2.37 1.81 2.26 248 89.86 3.99k 2.10k 43
SlideStructure 91.11 1.40 244 259 2.78 29 74.39 224k 1.28 k 2.1

Overall 96.57 2.13 246  2.26 2.71 2.68 78.37 3.60 k 1.89k 3.8

Table 7: System-wise scores by instruction category. ‘SR’ denotes execution success rate. All three systems use
the GPT-4.1-mini model. For UI Agent, we follows (Zhang et al., 2024a), imposing a cut-off for tasks that did not
finish within 180 seconds and considering realistic feasibility constraints. Cost is in USD ($).
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Correlation

Instruction Text Image Layout Color

Coefficient
Pearson 0.93 094  0.89 0.78 0.88
Spearman 0.91 092 0.85 0.74 0.86

Table 8: Correlation coefficients between LLM
judge—based metrics and human evaluation in the main
experiment using GPT-4.1-mini. All p-values are below
1073,

Correlation .

Coefficient Instruction Text Image Layout Color
Pearson 0.92 095 095 0.87 0.94

Spearman 0.91 093 095 0.84 0.88

Table 9: Correlation coefficients between LLM
judge—based metrics and human evaluation in the main
experiment using Gemini-2.5-flash. All p-values are
below 1073,

Multi-agent systems can be improved by
prompt engineering

Figure 14: The original slide from which the example
parsed data was extracted.
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