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Abstract

Editing presentation slides is a frequent yet te-
dious task, ranging from creative layout de-
sign to repetitive text maintenance. While re-
cent GUI-based agents powered by Multi-
modal LLMs (MLLMs) excel at tasks requir-
ing visual perception, such as spatial layout
adjustments, they often incur high computa-
tional costs and latency when handling struc-
tured, text-centric, or batch processing tasks.
In this paper, we propose TALK-TO-YOUR-
SLIDES, a high-efficiency slide editing agent
that operates via language-driven structured
data manipulation rather than relying on the
image modality. By leveraging the underly-
ing object model instead of screen pixels, our
approach ensures precise content modifica-
tion while preserving style fidelity, addressing
the limitations of OCR-based visual agents.
Our system features a hierarchical architec-
ture that effectively bridges high-level user
instructions with low-level execution codes.
Experiments demonstrate that for text-centric
and formatting tasks, our method enables 34%
faster processing, achieves 34% better instruc-
tion fidelity, and operates at an 87% lower
cost compared to GUI-based baselines. Fur-
thermore, we introduce TSBENCH, a human-
verified benchmark dataset comprising 379 in-
structions, including a HARD subset designed
to evaluate robustness against complex and vi-
sually dependent queries. Our code and bench-
mark are available at here.

1 Introduction

Recent advancements in large language models
(LLMs) have revolutionized software automation,
demonstrating remarkable success in code gen-
eration (Yang et al., 2024; Hou et al., 2024; Xu
et al., 2025), GUI navigation (Zhang et al., 2024a;
Hong et al., 2024), and slide generation (Sefid
et al., 2021; Zheng et al., 2025). However, slide
tasks are often bifurcated into creative design and
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Goal: Translate Korean text into English in 50-page lecture slides
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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
incurs high cost. (c) Our approach runs in a low cost
and in a relatively short time.

content maintenance. While automated genera-
tion has garnered attention, there is a growing
demand for the latter, efficiently editing existing
slides to reflect updated information or formatting.
Slides serve as a fundamental medium for com-
munication, yet modifying them often demands te-
dious, time-consuming manual effort, particularly
for text-centric batch processing.

For example, as shown in Figure 1, a pro-
fessor prepares an international lecture contain-
ing 50 slides and must translate them from Ko-
rean to English while strictly preserving techni-
cal terminology and formatting. Similarly, a mar-
keting team needs to update product pricing on
120 slides spanning several presentations before a
major launch. In these scenarios, manual effort is
prone to errors and inefficiency.

Several candidate approaches can address these
challenges. One straightforward approach is lever-
aging vision-based GUI agents that operate on
screen-captured images through mouse and key-
board interactions (Zhang et al., 2024a; Microsoft,
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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.

2024). While these agents excel at spatial tasks,
applying them to text-heavy or batch-editing tasks
reveals significant limitations due to the high com-
putational cost of processing image inputs and the
potential loss of fidelity in text recognition. This
leads to our first research question (RQ1): Can
a non-visual, structure-aware agent achieve su-
perior efficiency and fidelity for text-centric slide
editing compared to visual approaches? We ac-
knowledge that PowerPoint is an inherently visual
medium; a purely non-visual agent cannot fully
address layout stability (e.g., text overflow after
translation) or subjective aesthetic judgments. Our
scope is therefore deliberately focused on struc-
tured, text-centric, and batch processing tasks,
where language-driven manipulation offers clear
efficiency gains.

Another approach involves converting natural
language instructions into direct scripting code.
However, simple baselines struggle with complex
tasks requiring contextual interpretation. For in-
stance, instructions such as “Summarize the text
on all slides and highlight key points in red” de-
mand understanding both user intent and the se-
quential context of slide content. We therefore
pose our second research question (RQ2): What
system architecture enables the effective decom-
position of complex instructions into precise ex-
ecutable steps?

In this paper, we answer our two research
questions and propose TALK-TO-YOUR-SLIDES,
an LLM-powered agent designed for efficient,
high-fidelity slide editing. Unlike generalist vi-
sual agents, our method operates by leveraging the
underlying structured data (e.g., XML, VBA ob-
ject) of slide objects. This approach enables more
accurate and cost-effective editing by avoiding
the overhead of image processing. Experiments
demonstrate that our method is significantly more

cost-effective than UFO (Zhang et al., 2024a), the
current state-of-the-art open-source UI agent.

We design the agent architecture with distinct
high-level and low-level layers to facilitate inter-
action between user commands and slide objects.
This hierarchical design ensures that complex log-
ical instructions are accurately translated into ex-
ecutable code, drawing from insights on planning
and reasoning processes (Guo et al., 2024b; Chen
et al., 2024). By providing direct access to appli-
cation objects, we achieve faster processing and
better instruction fidelity compared to GUI-based
methods.

Moreover, to complement benchmarks focused
on visual aesthetics (Ge et al., 2025; Zheng et al.,
2025), we present TSBench, a human-verified
benchmark designed to evaluate slide editing ca-
pabilities. TSBench consists of 379 diverse editing
instructions, covering text editing, visual format-
ting, layout adjustment, and structure manipula-
tion. Crucially, to address task complexity, we in-
clude a robust subset, TSBench-Hard, which chal-
lenges the agent with visually dependent or am-
biguous tasks, enabling a systematic assessment of
the agent’s reasoning capabilities.

Our contributions are summarized as follows:

• We demonstrate that for text-centric and
batch editing tasks, a language-driven struc-
tural agent significantly outperforms GUI-
based agents in speed, cost-efficiency, and in-
struction fidelity.

• We introduce TALK-TO-YOUR-SLIDES, a
hierarchical framework specifically designed
to bridge natural language instructions with
low-level slide objects.

• We construct TSBench (including the chal-
lenging Hard subset), a benchmark that en-
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ables systematic evaluation of slide editing
agents beyond simple generation tasks.

2 Related Work

LLM agents are garnering significant interest in
the modern era for their potential to perform com-
plex tasks on behalf of humans. This section
specifically reviews related research in three ar-
eas: slide generation, GUI-based LLM agents, and
code generation.

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 com-
prising 7k slide-generation examples, to gener-
ate python code that invokes the SlidesLib API.
This approach remains prone to execution errors
and does not support fine-grained slide editing.
PPTAgent (Zheng et al., 2025) presents a simple
process that mimics how people author slides. It
first creates an outline and then edits slides us-
ing a fixed template. It also includes PPTEval, a
tool to check slide content, design, and structure.
PPTAgent works well for generating new slides.
Our research extends these approaches by intro-
ducing editing existing slides capabilities that sig-
nificantly reduce the manual effort required from
users.

2.2 LLM Agents for GUI Control

LLM-based agents that control graphical user in-
terfaces (GUIs) (Gao et al., 2024) and (Koh et al.,
2024) are also an active area of research. 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 consid-
erable attention with the emergence of LLMs.
While early work Zan et al. (2023) relied on
rule-based systems or domain-specific languages-
approaches that often lacked scalability and adapt-
ability, LLMs have enabled more flexible, gener-
alizable solutions (Jiang et al., 2024; Yin et al.,
2023).

Building on this progress, recent studies have
introduced intermediate reasoning steps to fur-
ther enhance code generation, such as guiding
code generation through explicit natural language
planning (Wang et al., 2025a), using intermediate
plans to decompose and solve complex (Sun et al.,
2024), multi-step coding tasks-thereby bridging
the gap between high-level user intent and low-
level executable code (Puerto et al., 2024; Yang
et al., 2025). We utilize this code generation idea
in our system to translate user instructions into
slide editing operations.

3 Method

For clarity, we first categorize the capabilities re-
quired to edit slides based on a user’s instruction
into four key components.

First, the system must accurately understand the
user’s instruction. Second, to implement this in-
struction, it needs to comprehend the current state
of the presentation slides. Third, based on the in-
struction and current state, it should generate slide
data that reflects the instruction. Finally, it must
implement these generated changes in the presen-
tation environment such as PowerPoint.

These sequential requirements naturally divide
slide editing tasks into two levels. High level op-
erations involve instruction interpretation and con-
tent editing. Low level operations require direct
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, using language modality as illustrated in
Figure 2. In the remainder of this section, we de-
scribe each components in detail.
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Instruction: Translate all visible text elements on ppt slide number 
1 into English.

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

VisualFormatting

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

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

Before After Before After

Before After Before After

Figure 3: Results of TALK-TO-YOUR-SLIDES across four instruction categories. Modifications are highlighted
with yellow boxes. TextEditing: Korean text has been translated into English according to the instruction. Visual-
Formatting: the original background and text colors were too similar, reducing readability; the revised version uses
white text for improved contrast and clarity. LayoutAdjustment: the widths of the three images have been unified
while preserving their aspect ratios, as instructed. SlideStructure: the page numbers have been added in response
to the instruction.

3.1 High-level: Instruction understanding

For an LLM agent to edit slides, the first and most
critical step is to understand the user’s instruc-
tions. To this end, we follow the planning method-
ology described in Ruan et al. (2023). Our instruc-
tion understanding module operates at a high level
within our system architecture, interpreting user
instructions into structured, actionable plans that
specify which slides to modify, elements to target,
and actions to perform, as shown in Figure 2(a).
The module outputs a structured list where each
entry explicitly details the target slide number, the
targeted element, and the corresponding action, al-
lowing for precise and versatile slide editing tasks
as shown in Figure 5.

To handle diverse instructions that may target
specific slides, subsets, or entire presentations, we
utilize an LLM with carefully crafted prompts to
support effective in-context learning as illustrated
in Dong et al. (2024) and Guo et al. (2024a). The
concrete prompts used for instruction understand-
ing is included in Appendix N.1. Also an exam-
ple of this module’s output and the corresponding
original slide can be found in Figure 5 and Fig-
ure 17, respectively.

3.2 Low-level: Document understanding

After understanding the user’s command, a com-
prehensive understanding of the slide document is

essential. Document understanding is a low-level
component that accesses slides in our system (see
Figure 2). It plays a crucial role in slide editing
tasks, as the quality of the parsed content essen-
tially defines the initial set of editable elements
and thereby determines an upper bound on the fi-
nal editing accuracy.

To enable fine-grained document understand-
ing, we developed 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 6, 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 6 is shown in Figure 17.

In slide editing programs, a single text place-
holder can contain text with diverse font format-
ting. Therefore, we found that we must parse the
text at the run-level rather than at the placeholder
level, where each run denotes a contiguous seg-
ment of text with consistent formatting. This level
of details allow the system to more faithfully re-
flect how humans perceive and manipulate slides,
thereby enabling precise, style-preserving edits.

We followed the finding that structured data for-
mats enable LLMs to produce better outputs (He
et al., 2024; Tan et al., 2025). Accordingly, parsed
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System Instruction Performance metric (↑) Efficiency metric (↓)

SR (%) Inst.
Foll. Text Image Layout Color Exec.

Time (s)
Avg.

In (k)
Avg.

Out (k)
Cost

(×10−3)

Model A: DeepSeek V3 (0324)

Direct
code gen.

TextEditing 77.05 0.00 0.00 1.01 1.02 1.02 16.30 1.00 0.39 0.4
VisFmt 79.02 0.54 0.75 1.04 1.03 0.87 15.92 1.12 0.43 0.5
LayoutAdj 70.10 0.08 1.47 1.08 1.41 1.41 15.20 1.02 0.51 0.5
SlideStruct 85.02 0.18 1.80 1.12 1.93 1.66 17.10 0.89 0.62 0.6
Overall 77.30 0.55 0.83 1.06 1.25 1.16 16.13 1.03 0.46 0.5

UI Agent

TextEditing 66.10 0.49 0.69 1.60 1.50 1.57 101.30 97.80 2.05 5.3
VisFmt 88.75 2.46 1.91 1.68 1.81 1.50 122.40 90.10 2.38 5.8
LayoutAdj 63.02 1.49 2.78 2.21 2.25 2.47 114.10 116.00 2.40 6.7
SlideStruct 82.74 1.56 2.28 1.32 2.10 2.01 88.30 73.10 1.72 4.2
Overall 75.65 1.70 1.97 1.55 2.18 2.04 114.03 94.80 2.14 5.5

Ours

TextEditing 98.55 2.62 3.03 3.11 3.57 3.62 52.70 3.30 1.63 1.2
VisFmt 96.10 2.02 2.05 1.73 2.27 1.90 82.30 4.18 2.11 1.6
LayoutAdj 98.02 1.41 2.39 1.83 2.28 2.49 82.10 3.92 2.06 1.5
SlideStruct 91.70 1.41 2.46 2.61 2.81 2.92 69.00 2.20 1.26 0.8
Overall 96.84 2.12 2.48 2.27 2.73 2.69 71.55 3.55 1.87 1.4

Model B: Gemini-2.5-flash

Direct
code gen.

TextEditing 62.07 0.00 0.10 1.70 1.70 1.70 23.08 1.21 0.93 0.7
VisFmt 53.66 0.44 0.84 1.04 1.04 0.89 37.72 1.38 2.75 1.9
LayoutAdj 58.95 0.66 1.55 0.79 1.42 1.40 23.25 1.26 0.94 0.8
SlideStruct 73.33 0.50 1.61 1.25 1.58 1.72 28.17 1.00 1.05 0.8
Overall 59.90 0.36 0.88 1.22 1.41 1.37 28.35 1.24 1.48 1.0

UI Agent

TextEditing 66.38 0.54 0.50 1.63 1.49 1.79 117.85 102.04 2.26 16.6
VisFmt 86.18 2.61 2.01 1.72 2.25 1.80 122.25 93.27 2.15 15.2
LayoutAdj 65.26 2.07 2.82 2.38 2.51 2.87 128.23 108.48 2.50 17.7
SlideStruct 82.22 1.67 2.31 1.55 2.38 2.17 99.18 72.46 1.82 12.0
Overall 74.41 1.64 1.81 1.83 2.11 2.10 119.66 97.29 2.23 15.9

Ours

TextEditing 99.14 2.95 3.01 2.65 3.11 3.07 55.98 3.81 1.96 1.6
VisFmt 94.30 1.98 2.22 1.86 2.38 2.16 94.78 5.09 3.58 2.8
LayoutAdj 100.0 1.80 2.39 2.15 2.37 2.56 86.14 4.46 2.29 2.0
SlideStruct 91.10 1.71 1.95 1.73 2.17 2.35 96.54 2.71 1.69 1.2
Overall 96.83 2.21 2.48 2.17 2.58 2.57 78.95 4.26 2.53 2.0

Table 1: Cross-model comparison results. ‘SR’ denotes execution success rate. Ours (highlighted in blue )
achieves the best balance of high performance and efficiency. While ‘Direct Code Gen’ shows lower latency (un-
derlined), its significantly lower SR makes it impractical. Cost is in USD (×10−3).

outputs are converted into a structured JSON for-
mat. This representation facilitates downstream
reasoning and editing, while ensuring compatibil-
ity with large language models. Our parsing logic
is fully reproducible to support future research
in structured document understanding. Additional
details on document understanding are provided in
Appendix A.

3.3 High-level: Document editing

With an understanding of both the user’s instruc-
tion and the document’s content, it is time to edit
the slide document. The role of the document edit-
ing module is to modify the parsed content using
an LLM, in accordance with the editing plan gen-
erated by the two preceding modules. For exam-
ple, if the requirement specifies changing only the

important content in a text box to red, the docu-
ment editing module identifies such content from
the parsed data and generates output in the same
format as that produced by the document under-
standing module. The prompt used for this module
is provided in Appendix N.3.

3.4 Low-level: Code generator

The primary function of code generator is to gen-
erate python code that applies the necessary mod-
ifications to the slide editing program instance.
It receives the raw parsed data before edited, the
data after edited from document editing module,
and the plan as illustrated in Figure 2. Once this
module generates the code, it is then applied to
the program. For the Windows version of Pow-
erPoint, we adopt the COM protocol (Microsoft,
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2021) with details provided in Appendix H.1. For
macOS, AppleScript (Apple Inc.) can be used, as
described in Appendix H.2. Additionally, an MCP
server (Anthropic, 2025) is another alternative,
which we discuss in Appendix H.3.

In addition, we follow the self-reflection mech-
anism described in (Shinn et al., 2023), to handle
execution failures. We show the real world exam-
ple on Appendix B. If an error occurs during ex-
ecution, the error message and the generated code
are appended to the original input, and inference is
repeated until the modification succeeds or a pre-
defined maximum number of iterations is reached.
The prompt used for the code generator is de-
scribed in Appendix N.3.

4 TSBench: Benchmark Dataset

Alongside proposing a novel system for edit-
ing presentation slides, we identify a notable
scarcity of evaluation benchmarks for realistic,
user-centric slide editing commands (Guo et al.,
2023; Zhang et al., 2024b; Zheng et al., 2025).
To address this gap and facilitate modular testing
across a wide range of practical commands, we
introduce TSBench, a new benchmark dataset de-
signed to evaluate the slide editing capabilities of
models or frameworks. In this section, we describe
the construction process of our benchmark dataset
in detail and present its key statistics.

4.1 Building the Benchmark

Users often perform edits on large presentations,
with a single command sometimes impacting over
50 slides. However, rather than preparing such
large-scale documents for evaluation, our bench-
mark is designed to deconstruct these complex
scenarios into fundamental, modular tasks. This
approach allows for a granular assessment of an
agent’s core capabilities without the overhead of
managing massive slide decks.

To build this benchmark, we first created a
dataset of user instructions and then developed the
corresponding slide data to which these instruc-
tions could be applied. In this section, we describe
the construction methodology for each component
in detail.

Instructions data To collect feasible and prac-
tical instructions, we first manually create 56 seed
instructions that reflect plausible user commands.
For each seed, we used GPT-4o (OpenAI, 2024) to

System Instruction Human Evaluation

Text Image Layout Color

Direct
code
generation

TextEditing 1.55 2.20 2.25 2.10
VisualFormatting 1.88 1.95 1.90 1.82
LayoutAdjustment 2.11 1.76 2.05 2.01
SlideStructure 2.05 1.91 2.15 2.24
Overall 1.90 1.96 2.09 2.04

PCC 0.84 0.69 0.73 0.88

UI Agent

TextEditing 2.45 2.88 2.79 2.91
VisualFormatting 3.01 2.72 3.25 2.80
LayoutAdjustment 3.85 3.41 3.55 3.76
SlideStructure 3.31 2.55 3.38 3.17
Overall 3.16 2.89 3.24 3.16

PCC 0.87 0.69 0.71 0.8

Ours

TextEditing 4.15 3.95 4.22 4.18
VisualFormatting 3.22 2.86 3.38 3.16
LayoutAdjustment 3.39 3.15 3.37 3.56
SlideStructure 3.95 2.73 3.17 3.35
Overall 3.68 3.17 3.54 3.56

PCC 0.89 0.75 0.72 0.94

Table 2: Human evaluation of slide editing perfor-
mance using Gemini-2.5-flash with Pearson Correla-
tion Coefficient (PCC) against an LLM judge. All p-
values are below 10−3.

generate 10 variations or paraphrases. These vari-
ations include, for example, replacing the target
language in “Translate 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 manually filtered out instructions lacking
clear goals or evaluation criteria. Given that the
precise interpretation of instructions significantly
impacts evaluation outcomes, we implemented a
manual review process where human evaluators
examined all instructions to ensure clarity and va-
lidity. Only those with unambiguous objectives
were retained.

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 analysis. Examples of instruc-
tions for each category are illustrated in Figure 8.

Slide deck data Constructing slide data tailored
to a specific instruction is a non-trivial task. For in-
stance, the instruction “Fix all typos in the slide”
requires the slide to actually contain typographi-
cal 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
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379 instructions, we observed that each seed in-
struction and its GPT-4o-generated variants are as-
sociated with the same base PowerPoint file (Ope-
nAI, 2024). Based on this insight, we manually
created slide decks for each of the 56 seed in-
structions. To ensure visual quality and realism,
we adopted publicly available templates1 and we
listed 10 template which we used in benchmark
dataset in Table 10.

We release the full benchmark, including meta-
data that maps each instruction to its correspond-
ing PowerPoint file and instruction group. A sum-
mary of this mapping is presented in Table 8, and
detailed statistics are provided in Appendix E.1.

TSBench-Hard While the core TSBench fo-
cuses on explicit and modular editing tasks, real-
world user interaction is often underspecified or
requires contextual reasoning. Since PowerPoint
is an inherently visual medium, purely language-
driven agents may struggle with tasks requir-
ing spatial awareness or aesthetic inference. To
systematically evaluate these operational bound-
aries, we introduce a challenging subset named
TSBench-Hard. This subset comprises instruc-
tions in three high-difficulty categories: (1) Visual-
Dependent Tasks that require spatial reasoning im-
possible to resolve with text matching alone (e.g.,
“Align the text box to the left edge of the image”);
(2) Ambiguous Instructions where the agent must
infer the user’s aesthetic intent from vague direc-
tives (e.g., “Make the title slide look more profes-
sional”); and (3) Impossible or Cross-Modal Tasks
that require perception inaccessible to a non-visual
agent, evaluating its ability to correctly refuse ex-
ecution rather than hallucinate (e.g., “Identify the
speaker in the embedded video”). By incorporat-
ing these edge cases, TSBench-Hard serves as a
stress test to determine the operational boundaries
of slide editing agents. Illustrative examples are
provided in Appendix E.2.

5 Experiment

In this section, we evaluate our proposed sys-
tem, TALK-TO-YOUR-SLIDES, against two base-
line methods using the benchmark dataset we in-
troduced. Our evaluation measures both traditional
performance and efficiency metrics, such as total
cost. Each baseline is designed to address a spe-
cific research question.

1https://create.microsoft.com/en-
us/search?filters=powerpoint

Model SR (%) Instr.
Follow

Overall
Perf.

Exec.
Time (s)

Avg.
Cost ($)

Gemini-2.5-flash 96.83 2.21 2.48 78.95 0.0020
GPT-4.1-mini 96.57 2.13 2.46 78.37 0.0038
Claude 3.5 Haiku 95.89 2.08 2.41 75.33 0.0033
DeepSeek V3 (0324) 96.84 2.12 2.48 71.55 0.0014

Table 3: Cross-model comparison of Ours across
Gemini-2.5-flash, GPT-4.1-mini, Claude 3.5 Haiku,
and DeepSeek V3. Efficiency metrics are averaged
across tasks. Cost in USD.

For RQ1, we evaluate a GUI-based agent base-
line by including UFO2(Zhang et al., 2024a). This
agent is capable of operating a wide range of Win-
dows applications, including PowerPoint, and uti-
lizes the Gemini-2.5-flash model. Additional con-
figuration details are provided in Appendix G.

For RQ2, we establish a direct code genera-
tion baseline. This method leverages our docu-
ment understanding module (Section 3.2) to ex-
tract a structured representation of each slide. It
then prompts an LLM with this representation and
the user instruction to generate executable code.

Configurations Our proposed framework uti-
lizes two core large language models: the in-
struction understanding module is powered by
Gemini-1.5-flash, while the document editing and
code generation modules use Gemini-2.5-flash.
The code generator is configured with up to three
retry attempts. For comparison, we also con-
ducted experiments by replacing this default Gem-
ini setup with other models, specifically GPT-4.1-
mini (OpenAI et al., 2024), Claude-haiku (An-
thropic, 2024), and DeepSeek V3 (DeepSeek-AI
et al., 2025). While the main results presented in
this paper are based on our primary Gemini con-
figuration, a detailed analysis of the results from
these other LLMs is available in Appendix J. Full
model descriptions and hyperparameter settings
are provided in Appendix F.

Performance metrics To evaluate the perfor-
mance of the slide editing LLM agent, we intro-
duce three main metrics. First, we adopt the Exe-
cution Success Rate (SR) from prior work (Zhang
et al., 2024b). SR indicates whether the finally
generated code is successfully executed. Sec-
ond, we use LLM judge scores, also employed
in (Zheng et al., 2025; Wang et al., 2025b). These
scores encompass text, image, layout, and color
aspects. To ensure the reliability of the LLM judge
on these four aspects, we also conducted a human
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evaluation (Appendix I.1). In addition to these,
we added instruction following metric, which in-
dicates how well the edited presentation reflects
the user’s command. Our third metric is Execu-
tion Time, which refers to the latency in seconds
required to execute a single instruction. More spe-
cific configurations are provided in Appendix I.

Efficiency metrics To assess system efficiency,
particularly in the context of RQ1, we include
three metrics: Average Input Tokens, Average Out-
put Tokens, and Average Cost. All averages are
calculated for a single instruction. Token counts
are computed by aggregating all tokens passed
to the LLM within each module (including all
four modules), and the cost is then estimated ac-
cordingly. Detailed information, including the API
pricing for each LLM, is described in Appendix I.

6 Results

In this section, we will answer the research ques-
tions mentioned in the Section 1 based on the
experimental results above. Then based on these
findings, we discuss how agents should approach
tasks that assist humans beyond slide editing when
interacting with computing systems in general.

6.1 Main Results

This section answers two main research questions.
First (RQ1), we investigate whether it is necessary
to use an image modality from screen captures,
as in conventional methods, to control a program.
Second (RQ2), we explore if a level-wise architec-
ture allows an LLM agent to operate an application
more effectively. In response, we present the fol-
lowing research answers:

(RA1) Language can be used to control appli-
cations as an alternative to visual input. This
means that an LLM agent does not require GUI
screen captures as input; instead, it can operate
using the internal language that functions within
the program. As shown in Table 1, our system
demonstrates superior performance on average
when compared to the UI Agent system, both in
Deepseek and Gemini. Although the UI Agent
was more proficient on LayoutAdjustment instruc-
tions, which require significant visual confirma-
tion, our system reduced the execution time to
66% of the UI Agent’s. Moreover from an ef-
ficiency perspective, while our system generated
more output tokens, it achieved an overwhelming
advantage by using only 4% of the input tokens.

Consequently, the average cost was lowered to just
13% of the UI Agent’s.

(RA2) A level-wise architecture LLM agent can
successfully operate an application. Our ex-
periments show that an LLM agent that divides its
workflow into high-level and low-level processes
achieves a distinct performance improvement over
direct code generation as shown in Table 1. The
level-wise architecture, designed based on the na-
ture of user-computer interaction explained in Sec-
tion 3, scaled at test time. This led to a 160% in-
crease in the success rate and a marked improve-
ment in other performance metrics. This signi-
fies that we successfully achieved test-time scal-
ing (Muennighoff et al., 2025) by reconfiguring
the LLM agent’s architecture.

To justify the reliability of the LLM judge
scores, we conducted an experiment on 30 in-
stances, which yielded a Pearson correlation coef-
ficient above 0.8 and similarly high Spearman cor-
relation across all judge metrics as shown in Ta-
ble 2. Four illustrative examples of slides edited by
TALK-TO-YOUR-SLIDES are shown in Figure 3,
and additional results conducted with other LLMs
are in Appendix J.

6.2 Comparing the LLMs

We find that the choice of the underlying language
model involves distinct trade-offs. For example,
comparing Table 1 DeepSeek V3 (0324) and
Gemini-2.5-flash, we see that in the Direct code
generation baseline, Gemini-2.5-flash achieved
a success rate of 59.90%, which was lower
than DeepSeek’s 77.30%. However, when lever-
aged within our system, Gemini-2.5-flash’s per-
formance improved to 96.83%, effectively match-
ing GPT-4.1-mini’s 96.84%. Although the detailed
evaluations for Text, Image, Layout, and Color
were similar between the two, our system achieved
state-of-the-art results more frequently when using
DeepSeek V3 (0324). From an efficiency perspec-
tive, although DeepSeek generated fewer tokens
(1.87k) compared to Gemini-2.5-flash (2.53k), its
higher unit pricing meant that it was relatively
more expensive per token, despite the lower total
cost ($1.4 vs $2.0).

Furthermore, as summarized in Table 3 (which
shows results for our system exclusively), Gemini-
2.5-flash used more input and output tokens than
the other models. The higher input token count is
likely due to token amplification as data passes
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System
Visual-

Dependent
SR (%)

Ambiguous
SR (%)

Multi-step
SR (%)

Impossible
RA (%)

Overall
SR (%)

Direct code generation 4.1 11.6 8.9 22.4 9.2
UI Agent 12.8 18.2 10.4 35.0 14.8
Ours 12.5 29.5 24.1 64.7 31.3

Table 4: TSBench-Hard results. SR: execution suc-
cess rate. RA: refusal accuracy on infeasible requests
(higher is better). Best results are highlighted in bold.

through the four modules of our system. Notably,
this resulted in a significantly higher instruction
following score compared to the other models. Ad-
ditionally, to demonstrate the practical robustness
of our method in large-scale scenarios, we provide
a full batch inference example processing an 89-
page slide deck in Appendix L.

Meanwhile, could we create an even more ef-
ficient and capable LLM agent by supplementing
the language modality with a vision modality? We
discuss this topic in Appendix K.

6.3 TSBench-Hard Results

Table 4 reports execution success rates (SR) and
refusal accuracy (RA) on TSBench-Hard. Given
the high complexity of these tasks, existing base-
lines struggle significantly; the Direct code gener-
ation baseline achieves a near-zero success rate on
visually dependent tasks, highlighting its inability
to ground code in the visual state of slides.

Our system achieves the highest performance
across most categories, with an overall SR of
31.3%, outperforming the strongest baseline (UI
Agent) by +16.5 points. Notably, our system
demonstrates superior capability in detecting in-
feasible requests, achieving a Refusal Accuracy of
64.7%, suggesting stronger semantic understand-
ing of task boundaries.

However, the results also reveal the opera-
tional boundaries of our non-visual approach: on
Visual-Dependent tasks, the UI Agent achieves a
comparable SR (12.8% vs. our 12.5%), confirm-
ing that tasks requiring spatial reasoning remain
challenging without visual perception. In contrast,
our system substantially outperforms on Ambigu-
ous (29.5% vs. 18.2%) and Multi-step (24.1% vs.
10.4%) tasks, where structured data access and hi-
erarchical reasoning provide clear advantages. An
ablation on self-reflection and detailed retry statis-
tics are provided in Appendix B.

6.4 State Representation vs. Code Generation

A key distinction of our approach is that it op-
erates on the document’s state representation—
the underlying object model (DOM)—rather than
generating code from scratch to render visual out-
put. Unlike code-driven image generation meth-
ods (e.g., TikZ-based approaches (Belouadi et al.,
2023)), our system edits existing objects by
modifying their properties (position, text, color)
through API calls, ensuring that all elements re-
main fully editable native PowerPoint objects.

This design provides an advantage for batch
processing: by operating on structured data, un-
mentioned elements are guaranteed to remain un-
touched, achieving the structural fidelity required
for professional workflows. Re-generating slides
via code rendering often leads to unintended lay-
out shifts or hallucinated content. A more detailed
comparison is provided in Appendix C.

6.5 Discussion: Toward Hybrid Agents

Our results paint a clear picture of complementary
strengths. Language-driven structural agents excel
at text-centric, batch, and multi-step editing with
high efficiency and low cost. GUI-based agents,
while slower and more expensive, remain com-
petitive on spatially dependent tasks. We therefore
position our system not as a total replacement for
GUI agents, but as a high-efficiency module for
structured tasks that could sit within a hybrid ar-
chitecture. In such a system, structured manipu-
lation handles the majority of editing operations,
while visual perception is selectively invoked for
layout verification and aesthetic quality assurance.

7 Conclusion

We introduced TALK-TO-YOUR-SLIDES, an
LLM-powered agent for editing slides. By de-
composing editing tasks into level-wise object
manipulations, our system interacts with appli-
cation in language modality to execute complex
edits. We developed TSBench, a benchmark with
379 diverse editing instructions, including a Hard
subset that systematically probes the operational
boundaries of both visual and non-visual agents.
Experiments show our approach significantly
outperforms baselines on text-centric and batch
editing tasks, demonstrating the effectiveness of a
language-driven structural approach.
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Limitations

By prioritizing code-based manipulation over vi-
sual processing, our agent achieves significantly
higher speed, lower cost, and precise structural fi-
delity. However, this design choice introduces sev-
eral concrete trade-offs.

Layout stability. When text length changes
substantially—for instance, translating Chinese to
English often doubles character count—the result-
ing text may overflow its bounding box. Detect-
ing such overflow from structured data alone re-
quires computing precise glyph extents and com-
paring them against container geometry, which is
non-trivial without visual feedback (see the con-
crete example in Appendix M).

Visual aesthetics. Subjective instructions such
as “Make this slide look balanced” or “Shrink the
image to a proper size” require spatial percep-
tion that is inaccessible to a non-visual agent. As
shown in TSBench-Hard (Table 4), our system’s
success rate on Visual-Dependent tasks (12.5%)
is comparable to the UI Agent (12.8%), confirm-
ing that both paradigms struggle—but for different
reasons.

These limitations reinforce our positioning of
the system as a high-efficiency module for struc-
tured tasks rather than a complete replacement for
GUI agents. We believe the most promising direc-
tion is a Hybrid Agent architecture (Section 6.5),
where our efficient structural manipulation han-
dles the majority of batch tasks, while VLM ca-
pabilities are selectively invoked for layout verifi-
cation and visual quality assurance.

Ethics Statement

Our work introduces TALK-TO-YOUR-SLIDES,
a system designed to enhance productivity and
accessibility in slide editing, and TSBench, a
benchmark for evaluating such systems. We hope
our contributions will foster further research into
language-driven software agents that reduce te-
dious manual labor.

We acknowledge potential sources of bias in
our work. The TSBench dataset, while curated for
quality, is built upon 56 seed instructions that were
augmented using GPT-4o. Although the topics are
diverse, covering areas from marketing to linguis-
tics, the initial instructions and content may reflect
the perspectives of their creators and may not rep-
resent all possible user domains. To mitigate this,

all 379 instructions in the final benchmark under-
went a manual human review process to filter for
clarity, validity, and unambiguous objectives.

Furthermore, our agent relies on large language
models (LLMs) such as Gemini and GPT, which
may inherit societal biases from their training data.
This could potentially influence how the agent in-
terprets instructions or modifies content. In addi-
tion, our human evaluation was conducted with
21 participants noted as Appendix I.1. While this
provided valuable qualitative feedback, the lim-
ited sample size may not fully capture the diverse
range of user perspectives, and the findings should
be interpreted with this in mind. We recommend
that users, especially when working with sensitive
topics, review the agent’s output.

Since the system processes user slide data,
which could be confidential, users should be mind-
ful of the data privacy policies of the underlying
LLM APIs. We encourage the responsible use of
this technology as a tool to assist, not replace, hu-
man oversight.
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Appendix

We provide detailed supplementary materials or-
ganized as follows:

Appendix A and Appendix B detail the
system implementation, including document
parsing and self-reflection mechanisms.

Appendix C compares our approach with
code-driven image generation methods.

Appendix D provides example of output in un-
derstanding modules.

Appendix E provides comprehensive statistics
and details of the TSBench dataset, including
Hard subset examples and evaluation details.

Appendix F and Appendix G describe the ex-
perimental models and the UFO baseline.

Appendix H details our primary implementa-
tion on Windows via COM and discusses Ap-
pleScript as a macOS alternative.

Appendix I and Appendix J present evalua-
tion details (including human eval) and auxil-
iary experimental results.

Appendix K and Appendix L discuss the role
of GUI images and present qualitative results
on batch slide inference.

Appendix M discusses future directions,
specifically addressing the challenges of fine-
grained layout adjustment and the necessity of
visual feedback.

Appendix N lists the full prompts used for
planning, editing, coding, and evaluation.

A 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
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.

B Detailed Analysis of Self-Reflection
Mechanism

In this section, we provide a concrete example
to elaborate on the self-reflection mechanism de-
scribed in Section 3.4. The self-reflection module
is triggered when the execution layer encounters a
runtime error (e.g., com error in Windows or API
failures). Upon detecting an error, the agent ana-
lyzes the full error trace, reflects on the syntax or
logical flaws, and regenerates the code. This itera-
tive process continues until the code executes suc-
cessfully or reaches a pre-defined maximum num-
ber of attempts (max attempt num).

We present a real-world scenario in Figure 4
where the agent resolves a data type mismatch dur-
ing a PowerPoint automation task.

B.1 Impact of Self-Reflection

We further investigate the contribution of the self-
reflection mechanism in Table 6. The ablation
study reveals that self-reflection is critical for han-
dling complex instructions.

Performance Gain: Enabling self-reflection
yields a consistent improvement across all sub-
categories, boosting the overall SR from 23.5%
to 31.3% (+7.8%). The gain is particularly
pronounced in Multi-step tasks (+8.8%), where
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iterative refinement helps correct intermediate
logic errors.

Error Mitigation: More importantly, self-
reflection drastically reduces the Catastrophic
Failure (CF) rate from 24.8% to 8.7%. Without
reflection, the agent often generates code that
corrupts slide elements or throws unhandled
exceptions. The reflection loop acts as a safety
guard, catching these errors before they finalize.

Case Study: Self-Correction Loop

User Instruction: ”Change the title color to red.”

1. Attempt 1 (Generated Code):
# Agent incorrectly tries to assign a tuple
slide.Shapes(1)...Font.Color.RGB = (255, 0, 0)

Execution Error:
TypeError: Objects of type ’tuple’ can not be converted to
a COM VARIANT

2. Refinement Step (Self-Reflection):
”I attempted to assign a tuple (255, 0, 0) directly. However,
the PowerPoint COM interface expects a single integer... I
must convert it.”

3. Attempt 2 (Regenerated Code):
# Agent corrects the format to an integer
slide.Shapes(1)...Font.Color.RGB = 255

Result: Success (Color updated to red)

Figure 4: A real-world example of the self-reflection
mechanism handling a data type error during execution.

Variant
Visual-

Dependent
SR (%)

Ambiguous
SR (%)

Multi-step
SR (%)

Overall
SR (%)

CF (%)

Ours (w/o self-reflection) 20.4 21.1 15.3 23.5 24.8
Ours (w/ self-reflection) 26.8 29.5 24.1 31.3 8.7

Table 5: Ablation on self-reflection. CF: catastrophic
failure rate (e.g., unhandled exception, corrupted slide
state, or repeated invalid actions). Define CF consis-
tently with your pipeline logs.

System Avg.
#Attempts

P90
#Attempts

Refine
Triggered (%)

Latency
Overhead (%)

Ours (w/o self-reflection) 1.00 1 0.0 –
Ours (w/ self-reflection) 1.42 3 45.6 +38.2

Table 6: Self-reflection efficiency. Attempt counts and
overhead on TSBench-Hard. “Refine Triggered” is the
fraction of instances that entered the self-correction
loop at least once.

TSBench-Hard. Table 4 reports performance on
visually dependent, ambiguous, multi-step, and
impossible instructions. Our agent improves over-
all SR by +16.5 points over the strongest baseline,
while achieving the best refusal accuracy (RA)

on infeasible requests. As shown in Table 5, self-
reflection yields consistent gains (overall +7.8 SR)
and reduces catastrophic failures, at a modest run-
time overhead (Table 6).

C Comparison with Code-Driven Image
Generation

The Area Chair and reviewers noted similarities
between our code-generation approach and exist-
ing text-to-image generation works, such as TikZ-
based methods (e.g., Automatikz(Belouadi et al.,
2023)). While both paradigms utilize LLMs to
generate code for visual outputs, there are funda-
mental differences in their objectives, operational
mechanics, and practical applications.

Object Manipulation vs. Pixel Rendering.
The primary goal of TikZ-based approaches is
generation—rendering a static image or vector
graphic from scratch based on a description (Be-
louadi et al., 2023; Ellis, 2017). In contrast, our
work targets editing and manipulation of existing
documents. We do not render pixels; instead, we
modify the properties (e.g., position, text, color)
of pre-existing objects within the slide’s Docu-
ment Object Model (DOM). This distinction is
critical: generating a slide as a single image (or
TikZ compilation) results in a non-editable, dead
output where individual elements cannot be easily
modified by the user afterwards. Our API-based
approach ensures that all elements remain fully
“alive” and editable native PowerPoint objects.

Structural Fidelity in Batch Processing. As
emphasized in our positioning, our key contribu-
tion lies in efficient text-centric batch processing.
Image generation models (visual or code-based)
often struggle to maintain strict structural fidelity
across multiple slides (e.g., “Change the font of
all titles to Arial while keeping their exact po-
sitions”). Re-generating the entire slide via TikZ
or VLM often leads to unintended layout shifts
or hallucinations. By strictly operating on the un-
derlying structured data (XML/COM), our method
guarantees that unmentioned elements remain un-
touched, achieving the high fidelity and low la-
tency required for professional, large-scale work-
flows that image generation methods cannot sup-
port.

Operational Efficiency. Rendering images or
compiling complex TikZ code is computationally
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{ "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.)" } ] }

Figure 5: Example output generated by the instruction
understanding module.

expensive and slow. Our approach, which exe-
cutes lightweight API calls to modify attributes,
bypasses the rendering pipeline entirely. This effi-
ciency is what enables the massive cost and time
reductions (as shown in Table 1) compared to vi-
sual approaches, making it the only viable solution
for real-time, bulk editing tasks.

D Example of Understanding Output

In this section, we show the example output gen-
erated by instruction understanding module (Fig-
ure 5 and document understanding module (Fig-
ure 6.

E Detail of TSBench

In this section, we present detailed information
about TSBench. First, we have listed the topics of
slide content in Table 7.

Additionally, the mapping between instruc-
tion numbers, slide IDs, and the four categories
is listed in Table 8. 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 0.pptx, slide 3-1.pptx), with the suffix
matching the corresponding instruction key.

The list of slide templates is enumerated in Ta-
ble 10 along with their corresponding links.

Examples of TSBench slides and instructions
are presented in Figure 9.

E.1 Statistics
Table 9 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

{  "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}

} } ] } } ] } }

Figure 6: 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.

seed instructions was expanded to 560 through
GPT-4o-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 Table 8, and slide con-
tent topics are listed in Table 7.

E.2 Detail of TSBench-Hard

The three categories of TSBench-Hard (Visual-
Dependent, Ambiguous, and Impossible/Cross-
Modal) are described in the main text (Section 4).
Here we provide illustrative examples in Figure 7.

In addition, the original slide is presented in
Figure 17 from which the example parsed data
Figure 6 was extracted.

E.3 TSBench-Hard Evaluation Details

The main TSBench-Hard results are reported in
Section 6.3. For this evaluation, the image of the
edited slide was fed into gemini-3-flash. The
model rated the extent to which the result satis-
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Table 7: Content topics of slides in TSBench dataset.

Index Topic Index Topic Index Topic

0 Linguistics 19 Economics 38 AI 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 AI 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

fied the dataset’s ideal description on a scale
of 0 to 5, which was subsequently converted into a
percentage.

F 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-4o was used as a judge
when evaluating the system. The price of each
models is illustrated in Table 11.

Gemini-1.5-flash (gemini-1.5-flash) Gemini
1.5 Flash (Comanici et al., 2025) offers cost-
effective multimodal capabilities with tiered
pricing based on context length. Released in early
2024, this model represents Google’s focus on
balancing accuracy with efficiency. It supports a
context window of up to 1,048,576 tokens, max
output token is 8,192, allowing for processing of
extensive documents and conversations in a single
request. The model handles multiple modalities
including text, code, images, and limited audio
processing. While not as powerful as its larger
counterparts in complex reasoning tasks, it
demonstrates strong capability in straightforward
instruction following, summarization, and multi-
modal 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 (Comanici et al., 2025)
is a high-throughput thinking model designed to
strike an optimal balance between speed, cost, and
reasoning capability. As Google’s latest preview-
tier model, it extends the popular 2.0 Flash founda-
tion with major upgrades in reasoning capability,
while still prioritizing low latency and economical
usage for developers. It supports a wide range of
modalities—including text, code, images, audio,
and video—making it well suited for diverse AI
tasks where both multimodal understanding and
cost efficiency are critical. We used this model
for document editing and code generation with the
maximum supported token limit of 65536, a tem-
perature of 0.05, and top p of 1.0.

GPT-4.1-mini (gpt-4.1-mini-2025-04-14).
GPT-4.1-mini (OpenAI et al., 2024) 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 applica-
tions 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.
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Table 8: 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

Category
Text

Editing
Visual

Formatting
Layout

Adjustment
Slide

Structure
Total

Inst. # 16 19 15 6 56
Aug. # 160 190 150 60 560
Filtered 116 123 95 45 379

Table 9: 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.

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 10: Microsoft Create PowerPoint templates: di-
rect search links and downloaded file sizes.

GPT-4o (gpt-4o-2024-08-06). GPT-4o (“o” for
“omni”) (OpenAI et al., 2024) is OpenAI’s mul-
timodal flagship, released August 6, 2024. It can
ingest and generate text, images, and audio in
real time, enabling unified reasoning across these
modalities. Compared to its predecessor (GPT-4
Turbo), GPT-4o offers faster API throughput and
lower per-token cost, making it especially power-

ful for tasks that require seamless cross-modal un-
derstanding and generation. We used this model as
an LLM judge with a max token of 512, a temper-
ature of 0.2, top p 1.0.

Claude 3 Haiku (claude-3-haiku-20240307).
Claude 3 Haiku (Anthropic, 2024) is the fastest
and most economical model in Anthropic’s Claude
3 family. It is designed for near-instantaneous re-
sponsiveness, making it ideal for applications re-
quiring real-time interaction, such as customer
support chatbots and content moderation. Like the
other models in the Claude 3 series (Opus and
Sonnet), Haiku possesses robust vision capabili-
ties and supports a 200K token context window.
The model is positioned as a cost-effective so-
lution for enterprise workloads where speed and
accuracy are critical, offering strong performance
relative to other models in its class.

DeepSeek-V3-0324 DeepSeek-V3 (DeepSeek-
AI et al., 2025) is a powerful Mixture-of-Experts
(MoE) language model comprising 671 billion to-
tal parameters, with 37 billion activated for each
token. It leverages the Multi-head Latent Atten-
tion (MLA) and DeepSeekMoE architectures, pre-
viously validated in DeepSeek-V2, to ensure ef-
ficient inference and cost-effective training. In-
novatively, DeepSeek-V3 introduces an auxiliary-
loss-free strategy for load balancing and a multi-
token prediction training objective to enhance per-
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Type 1: Visual-Dependent Task

Instruction: “Move the title text box on slide 5 so that its
bottom edge touches the top of the bar chart.”

Why Hard: Requires computing relative coordinates
(bounding boxes) not explicitly given in text. The agent
must calculate ytitle bottom = ychart top.

Ideal Outcome: Zero vertical spacing between the title
and chart. The title retains its horizontal alignment (cen-
tered) but anchors perfectly to the chart’s top edge.

Type 2: Ambiguous & Complex Logic

Instruction: “For every slide with a flowchart, check if
the arrows are connected; if not, connect them.”

Why Hard: Requires identifying composite structures
(”flowcharts”) across multiple slides and conditionally
modifying shape connectors only where gaps exist.

Ideal Outcome: Arrows snap to connection points (green
dots) with zero gap. Simple lines are converted to dynamic
connectors that move with the shapes.

Type 3: Impossible / Cross-Modal Task

Instruction: “Identify who is speaking in the background
audio of the video on slide 4.”

Why Hard: Requires processing non-textual data (audio
streams inside a video container) which is inaccessible via
standard Slide APIs.

Ideal Behavior (Refusal): Instead of hallucinating a
speaker’s name or producing a runtime error, the agent
must correctly identify the cross-modal dependency and
refuse the instruction (e.g., “I cannot access audio con-
tent within video files.”).

Figure 7: Examples of challenging instructions in-
cluded in TSBench-Hard. These cases evaluate the
agent’s capability in spatial alignment (Type 1), multi-
step logical reasoning (Type 2), and handling cross-
modal requests that require external perception (Type
3).

formance. The model was pre-trained on a high-
quality dataset of 14.8 trillion tokens, followed by
Supervised Fine-Tuning (SFT) and Reinforcement
Learning (RL). Evaluations show that DeepSeek-
V3 surpasses other open-source models and rivals
the performance of leading closed-source models,
while requiring a notably efficient 2.788 million
H800 GPU hours for its complete and stable train-
ing process.

G 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-

TextEditing VisualFormatting

LayoutAdjustment SlideStructure

"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." 

"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}."

"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
t ratio."

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

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

Figure 8: Examples of instructions across four cate-
gories.

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
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).

H Alternative Platforms and
Implementation Details

In this section, we describe the technical details of
our implementation. We use the Component Ob-
ject Model (COM) for our Talk-to-your-slides sys-
tem. While COM has the limitation that it cannot
be applied to macOS, we also describe an alterna-
tive method that can be implemented on this plat-
form: AppleScript. Finally, we introduce a concur-
rent work for creating slides using the Model Con-
text Protocol (MCP).

H.1 Component Object Model (COM) for
Windows

The Component Object Model (COM) is a
platform-independent, distributed, object-oriented
system developed by Microsoft that allows soft-
ware components to interact (Gray et al., 1998). It
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Table 11: Pricing information for LLM models used in experiments (in USD per million tokens).

Model Input Cached Input Output Additional Features

Gemini-2.5-flash $0.15a $0.0375a $0.60 / $3.50b Google Searchc

Gemini-1.5-flash $0.075 / $0.15d $0.01875 / $0.0375d $0.30 / $0.60d Storage: $1.00/hr
GPT-4.1-mini $0.40 $0.10 $1.60 –
GPT-4o $2.50 $1.25 $10.00 –
Claude Haiku 3e $0.25 – $1.25 –
Deepseek-V3f $0.27 $0.07 $1.10 –
a $1.00 for audio input, $0.25 for cached audio input
b $0.60 without thinking mode, $3.50 with thinking mode
c Free up to 1,500 RPD, then $35 per 1,000 requests
d Lower price for contexts <128K tokens, higher price for contexts >128K tokens
e https://claude.com/pricing#api
f https://api-docs.deepseek.com/news/news1226#-api-pricing-update

enables objects to be implemented in a language-
agnostic way and facilitates communication be-
tween objects in different processes.

Essentially, it can be seen as a protocol en-
abling inter-program communication within the
Windows environment. For instance, the Power-
Point application can transfer a class object, which
encapsulates all the information of a shape place-
holder, to a Python script. The script can then ac-
cept this object, modify its properties, and subse-
quently return it to PowerPoint.

In the system described in this paper, COM
plays a crucial role in interacting with PowerPoint
in a Windows environment. The PowerPoint appli-
cation acts as a COM server, exposing its function-
alities and data as COM objects (e.g., presenta-
tions, slides, shapes, text boxes). The paper’s Code
generator module (Section 3.4) generates Python
code that acts as a COM client, typically using a
library like ‘win32com’. By directly accessing the
application’s internal object model instead of go-
ing through the GUI, this method enables fast, ac-
curate, and cost-effective edits.

H.2 AppleScript for macOS

AppleScript (Neuburg, 2006; Cook, 2007) is a
scripting language developed by Apple for ma-
cOS, designed to help users automate repetitive
tasks and create complex workflows by controlling
multiple applications. Scriptable Mac applications
expose an object model (e.g., ‘slide’, ‘shape’ in
Keynote) and a command dictionary that Apple-
Script can understand.

If the system from the paper were to be im-
plemented in a macOS environment, AppleScript
could replace the role of COM. The Code gen-
erator module (Section 3.4 would be modified

Model COM AppleScript

Gemini-2.5-flash 96.83 76.1
GPT-4.1-mini 96.57 69.3
Claude Haiku 3 95.89 78.2
DeepSeek V3 (0324) 96.84 78.1

Table 12: A comparison of the execution success
rates between the COM-based Python code and the
AppleScript-based code.

to produce AppleScript code instead of Python-
COM code. For instance, to execute the instruction
”Add page numbers to the bottom of every slide,”
the system would generate and execute an Apple-
Script that iterates through each slide and adds
a page number text box. This approach, similar
to the COM-based method on Windows, achieves
automation by directly manipulating program ob-
jects without GUI interaction.

Nevertheless, AppleScript had a lower success
ratio than COM, which varied depending on the
capabilities of the commercial LLMs as shown
in Table. As shown in Table 12, the optimized
and recommended configuration for our system is
COM for Windows. This is based on the assump-
tion that the models were likely trained on more
COM-related data than AppleScript data.

H.3 MCP (Office-PowerPoint-MCP-Server)

The Office-PowerPoint-MCP-Server 2 is a server
that provides an API to control PowerPoint. This
project operates by running a server on a local ma-
chine that listens for HTTP requests and executes
the corresponding commands within PowerPoint.
This provides a flexible, platform-agnostic method

2https://github.com/GongRzhe/Office-PowerPoint-MCP-
Server
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slide_6slide_2

slide_11

slide_15 page1 slide_15 page2 slide_15 page3

slide_29 page1 slide_29 page2 slide_29 page32

slide_36

slide_40 slide_52

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.

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

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

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

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

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}.

00

Figure 9: Example from the TSBench dataset. Some data points consist of a single slide, while others contain
multiple slides.

for controlling PowerPoint from any programming
environment that can make HTTP requests, with-
out being tied to specific technologies like COM
or AppleScript.

To apply Model Context Protocol (MCP) (An-
thropic, 2025) to the paper’s framework, the Code
generator module (Section 3.4 would generate
code that sends HTTP requests to specific API
endpoints. For example, modifying the text of a
particular slide could be implemented by sending
a ‘POST’ or ‘PUT’ request to an endpoint like ‘/s-
lide/slide number/shape/shape name’ on the MCP
server. The body of the request would contain the
text content and formatting information in a JSON
format. This approach offers an alternative for the
low-level control component, refactoring it into a
microservice architecture that enhances scalability
and language independence.

I Details of evaluation

Instruction following measures how effectively
the The remaining four metrics are established as
reference-free metrics following (Ge et al., 2025).
Scores range from 0 (worst) to 5 (best), with de-

tailed criteria ensuring consistent interpretation.
We employ the multimodal gpt-4o 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 18 and 19.

I.1 Human evaluation

We conducted a human evaluation with 21 volun-
teers (17 male, 4 female) from Chung-Ang Uni-
versity, all with extensive experience using Pow-
erPoint slides in both academic and external set-
tings. Participants evaluated a subset of 30 items
from our benchmark. Similar to the LLM judge,
the volunteers were asked to rate the results on a
scale from 0 (worst) to 5 (best) based on four crite-
ria: text, image, layout, and color. The correlation
coefficient presented in our analysis is calculated
based on these 30 data points. None of the partici-
pants were color-blind. The ethical considerations
for this study are detailed in Section 7.

Table 1 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,
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2025.3

J Auxiliary results

In this section, we report the results of our ex-
periments conducted using gpt-4.1-mini (OpenAI
et al., 2024), Claude-haiku (Anthropic, 2024). The
results are presented in Table 13 and Table 15, the
correlation coefficients for the metrics assessed by
the LLM judge are reported in Table 14.

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 2.

K 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 di-
rectly accessed text data without requiring VLM-
based OCR processing. These results demonstrate
that direct access to structured data is more re-
liable 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.

3As 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).

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.

L Examples of Batch Slide Inference
Results

This section presents examples of actual lec-
ture materials (originally in Korean) translated
into English using Talk-to-your-slides. We
have processed large-scale PowerPoint decks,
specifically 07 RNN LSTM Seq2Seq (89 pages)
and 08 Transformer (49 pages), and made the
results publicly available at the following link:
https://drive.google.com/drive/folders/
1-TmujhQkMg17QsdFx LOCVRr19QNFyOd?usp=
sharing.

Figure 10 illustrates the original PPT slides,
while Figure 11 shows the processed versions. The
translation into English was executed successfully.
Notably, as shown in the slide at row 2, column
1, terms with the same meaning were successfully
edited at the ‘run’ level while maintaining consis-
tent coloring.

However, some limitations remain for future
work. First, mathematical formulas are occasion-
ally altered by the LLM into illegible formats. Sec-
ond, in cases involving complex illustrations or di-
agrams, the transition from Korean to English can
lead to text box overflows due to differences in text
length and structure.

M Future Work

Research in slide editing, such as the methods dis-
cussed in Section 2.1 and our proposed TALK-
TO-YOUR-SLIDES, is still in its early stages. This
raises a critical question from a practical user per-
spective: what is the most significant area for
improvement? We propose that the primary chal-
lenge lies in handling fine-grained layout adjust-
ments.

As illustrated in Figure 12, while the title,
shape, sub-caption, and text are correctly inserted,
the layout of the text box is improper. A hu-
man user editing this slide would naturally resize
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수업 목표

이번 수업의 핵심:
• Self-attention의 개념
• Scaled dot-product attention 계산과 원리의 이해
• Multi-head attention의 필요성과 적용 방법

핵심 개념
• Self-attention
• Scaled dot-product attention
• Multi-head attention

Transformer 개요

Vaswani et al. “Attention Is All You Need”. NIPS. 2017. 3

Attention is all you need
• 더 이상 RNN, CNN 모듈을 사용하지 않음

ENCODER DECODER

ENCODER DECODER

ENCODER DECODER

ENCODER DECODER

ENCODER DECODER

ENCODER DECODER

I go to school입력

나는 학교에 간다출력

RNN을 통한 인코딩 방식

4

• !!에서 ℎ"로 가기 위해선
ℎ!($), ℎ&($) 를 거쳐야함

• !!와 ℎ"를 직접 연결 수는 없을까?

• Linear layer는 입력 길이가 고정
• 길이가 안정해진 Text엔 다소 부적합

à Attention을 활용!
!! !"!# !$!%

concat concat concatconcat concat

입력

출력

Forward
RNN

Backward
RNN

"" "% "$"! "#
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(')

Query, Key, Value in Hash Table

5

Key
(동물)

Value
(다리 개수)

강아지 4
닭 2

문어 8
오징어 10
고양이 4

동물과 해당 동물의 다리 개수가 매핑된 Hash Table !를 가정
• Query로 어떤 동물을 입력
• Query와 정확하게 일치하는 Key의 Value를 출력

! "강아지" = 4, ! "문어" = 8
• 만약 정확히 매칭되지 않는다면 문제가 발생

! “사자”	 = "*++,+: ./0 12 3,4 5,637"

Attention 은  Soft matching을 통한 Hash table
• Query와 정확히 일치하는 Key가 없어도 유사한 Key를 찾아 활용
• Query, Key, Value가 모두 벡터로 표현
• Query-Key간의 Soft한 유사도를 바탕으로 Value의 가중 평균을 계산

Hash Table !

Self-Attention

Vaswani et al. “Attention Is All You Need”. NIPS. 2017. 6

!! !& !"

Softmax

$! %! %# %" &! &# &"

ℎ! ℎ& ℎ"

!!
!" !#

나는 학교에 간다

3.8 -0.2 5.9 0.70.10.2

Dot-Product Attention

7

입력: Query 8 하나와 여러 Key-Value 9, : 쌍

• Query, Key, Value는 모두 벡터 형태

출력: Value 벡터의 가중 평균 (Weighted average) 
• 각 Value의 가중치는 대응되는 Key와 Query의 Inner product로 계산 
• Query와 Key는 같은 크기의 차원 7'를 가지고, Value는 7( 차원을 가짐

Attention 8, ., A =B
)

exp(8 F 9))
∑* exp(8 F 9*)

:)

Self-Attention의 선형 변환 예시

Vaswani et al. “Attention Is All You Need”. NIPS. 2017. 8
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Embedding

입력 학교에 간다
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Dot-Product Attention for Query Batch

9

Attention 8, ., A =B
)

exp(8 F 9))
∑* exp(8 F 9*)

:)

• 만약 Query가 여러 개 있다면 이를 행렬 I의 형태로 쌓을 수 있음
Attention I, ., A = softmax I., A

/&

,
/&

-

-

/'

=
/'

,
Row-wise
Softmax

I .- A N

Scaled Dot-Product Attention

Vaswani et al. “Attention Is All You Need”. NIPS. 2017. 10

문제점
• 7'가 커지면 Dot-product 8 ⋅ 9의 분산이 증가
à Softmax 내 특정 값이 유난히 커질 가능성이 증가
à Softmax 출력이 한 값에 편중되는 분포를 가짐
à Gradient가 매우 작아짐

해결 방법
• Query / Key 벡터의 길이만큼 출력 값의 분산값을 줄임

Attention I, ., A = softmax I.,
7'

A

Figure 10: Example of the original lecture slide before processing. This is a part of the batch editing process
(editing 89 slides). You can find the file in here .
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Learning Objectives

Core of this lesson:
Concept of Self-attention
Understanding the calculation and principle of Scaled dot-product attention
Necessity and application method of Multi-head attention

Key Concepts
Self-attention
Scaled dot-product attention
Multi-head attention

Transformer Overview

Vaswani et al. “Attention Is All You Need”. NIPS. 2017. 3

Attention is all you need
No longer uses RNN, CNN modules

ENCODER DECODER

ENCODER DECODER

ENCODER DECODER

ENCODER DECODER

ENCODER DECODER

ENCODER DECODER

I go to schoolInput

I go to schoolOutput

Encoding Method via RNN

4

• ! 1  to  ℎ 3 , you must pass through
• ℎ 1 (f) f ℎ 1 (f) , ℎ 2 (f) f ℎ 2 (f)  

• Can't we directly connect  ! 1  and  
ℎ 3 ?

• Linear layer has fixed input length
• Somewhat unsuitable for text with 

unfixed length
• Activate Attention
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Query, Key, Value in Hash Table

5

Key
(Animal)

Value
(Number 
of Legs)

Dog 4
Chicken 2
Octopus 8

Squid 10
Cat 4

Assume a Hash Table ! mapping animals and their number 
of legs
Input an animal as the Query
Output the Value of the Key that exactly matches the Query
! “Dog”	“Dog” =	4,		! “Octopus”	“Octopus”	=	8
A problem occurs if there is no exact match
! “Lion”		“Lion” “Lion”		="67787:	:;<	=>	?8@	A8B?C"

Attention is a Hash table through Soft matching
Even if there is no Key that exactly matches the Query, find 
and use similar Keys
Query, Key, and Value are all represented as vectors
Soft similarity between Query-Key

Hash Table !

Self-Attention

Vaswani et al. “Attention Is All You Need”. NIPS. 2017. 6

!	1	 !	2	 !	3	

Softmax

%	1	 (	1	 (	2	 (	3	 +	1	 +	2	 +	3	

ℎ 1 ℎ 2 ℎ 3

!	#	
!	$	 !	%	

I to school go

3.8 -0.2 5.9 0.70.10.2

Dot-Product Attention

7

Input: A Query D and multiple Key-Value E,	F	E,	F	E,	F	 pairs
Query, Key, Value are all vector forms

Output: Weighted average of Value vectors (Weighted average) 
Each Value's weight is calculated by the Inner product of the 
corresponding Key and Query
Query and Key have the same dimension size C	E	, and Value has 
dimension C	F	
Attention D,:,I	D,:,I	D,:,I	=	=			exp⁡(D∙	E	=	)		O		exp⁡(D∙	E	O	)			= =			exp⁡(D∙	E	=	)		
O		exp⁡(D∙	E	O	)			exp⁡(D∙	E	=	)	exp⁡(D∙	E	=	)		O		exp⁡(D∙	E	O	)		O O		exp⁡(D∙	E	O	)	
exp⁡(D

Example of Linear Transformation in Self-Attention

Vaswani et al. “Attention Is All You Need”. NIPS. 2017. 8
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Embedding

입력 학교에 간다
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Dot-Product Attention for Query Batch
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Attention (, ), *	(, ), *	(, ), *	
= If there are multiple Queries, they can be stacked in the form of matrix (Attention #, ), *	#, ), *	#, ), *	
= 	E	 exp(# G 	$	E	)	 I	 exp(# G 	$	I	)	 E	E	 exp(# G 	$	E	)	 I	 exp(# G 	$	I	)	 exp(# G 	$	E	)	exp(# G 	$	E	)	 I	 exp(#
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Row-wise
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P :- I Q

Scaled Dot-Product Attention

Vaswani et al. “Attention Is All You Need”. NIPS. 2017. 10

Problem
C E increases, the variance of Dot-product D⋅E increases.
The possibility of a specific value within Softmax becoming 
unusually large increases.
The Softmax output distribution becomes skewed towards one 
value.
Gradient becomes very small

Solution
Length of Query / Key vectorsreduces the variance of the output 
value
Attention P,:,I P,:,I =softmax P : ⊤ C E P : ⊤ : : ⊤ ⊤ P : ⊤ C E

Figure 11: Example of the original lecture slide after processing. This is a part of the batch editing process (editing
89 slides). You can find the file in here .
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System Instruction Performance metric (↑) Efficiency metric (↓)

SR (%) Inst.
Foll. Text Image Layout Color Exec.

Time (s)
Avg.

In (k)
Avg.

Out (k)
Cost

(×10−3)

Direct
code gen.

TextEditing 76.72 0.00 0.00 1.04 1.04 1.04 18.55 1.03 0.41 1.0
VisFmt 78.05 0.53 0.73 1.06 1.02 0.86 18.08 1.16 0.45 1.1
LayoutAdj 69.47 0.07 1.45 1.09 1.40 1.40 17.06 1.04 0.53 1.2
SlideStruct 84.44 0.17 1.78 1.11 1.91 1.64 19.57 0.91 0.65 1.4
Overall 76.25 0.53 0.81 1.07 1.23 1.15 18.19 1.06 0.48 1.2

UI Agent

TextEditing 65.48 0.48 0.67 1.58 1.48 1.56 110.84 101.48 2.10 15.9
VisFmt 88.09 2.44 1.89 1.67 1.79 1.48 134.57 94.12 2.44 14.9
LayoutAdj 62.64 1.48 2.76 2.20 2.23 2.45 127.13 121.04 2.47 18.8
SlideStruct 82.30 1.55 2.27 1.30 2.08 1.99 95.07 75.45 1.77 11.9
Overall 73.84 1.68 1.94 1.55 2.16 2.04 121.08 98.22 2.30 15.4

Ours

TextEditing 98.28 2.60 3.01 3.09 3.54 3.60 58.17 3.35 1.66 3.3
VisFmt 95.93 2.00 2.02 1.71 2.25 1.88 89.99 4.24 2.15 4.5
LayoutAdj 97.89 1.40 2.37 1.81 2.26 2.48 89.86 3.99 2.10 4.3
SlideStruct 91.11 1.40 2.44 2.59 2.78 2.90 74.39 2.24 1.28 2.1
Overall 96.57 2.13 2.46 2.26 2.71 2.68 78.37 3.60 1.89 3.8

Table 13: Experimental results using the GPT-4.1-mini model. Ours (highlighted in blue ) demonstrates superior
performance and efficiency compared to the UI Agent (highlighted in red ). While ‘Direct Code Gen’ shows lower
latency (underlined), its execution success rate is insufficient for practical use.

System Instruction Human Evaluation

Text Image Layout Color

Direct
code
generation

TextEditing 1.44 2.17 2.18 2.16
VisualFormatting 1.82 2.13 1.87 2.08
LayoutAdjustment 2.10 1.54 2.55 1.83
SlideStructure 1.98 1.92 2.33 2.23
Overall 1.83 1.94 2.23 2.08

PCC 0.82 0.68 0.69 0.87

UI Agent

TextEditing 2.43 2.77 2.84 2.90
VisualFormatting 3.04 2.69 3.17 2.72
LayoutAdjustment 3.56 3.37 3.62 3.44
SlideStructure 3.25 2.62 3.17 3.47
Overall 3.07 2.86 3.20 3.13

PCC 0.86 0.77 0.69 0.82

Ours

TextEditing 3.86 3.85 4.16 4.16
VisualFormatting 3.21 2.82 3.28 3.82
LayoutAdjustment 3.28 3.06 3.17 3.48
SlideStructure 3.88 2.66 3.01 3.45
Overall 3.56 3.10 3.41 3.73

PCC 0.78 0.75 0.69 0.88

Table 14: Human evaluation of slide editing perfor-
mance using GPT-4.1-mini with Pearson Correlation
Coefficient (PCC) against an LLM judge. All p-values
are below 10−3.

the text box to fit the text neatly within the par-
allelogram. However, determining this text over-
flow using only PowerPoint’s XML data is a non-
trivial task. It would require calculating the pre-
cise boundaries of the parallelogram and compar-
ing them with the coordinates of the text box to
judge whether an overflow has occurred. This pro-
cess is computationally complex.

For such spatial reasoning tasks, it would be far

Figure 12: An example of a layout error in the slide
editing results. (see Appendix H.3)

more effective for the agent to perceive the slide
visually, for instance, through a screenshot. As we
will further discuss in Appendix K, we believe the
ideal slide editing agent, the ultimate goal for our
research community, should be a language-based
model that leverages vision as an auxiliary input
to determine its actions.

N 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
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System Instruction Performance metric (↑) Efficiency metric (↓)

SR (%) Inst.
Foll. Text Image Layout Color Exec.

Time (s)
Avg.

In (k)
Avg.

Out (k)
Cost

(×10−3)

Direct
code gen.

TextEditing 75.91 0.00 0.00 1.02 1.00 1.03 17.92 1.02 0.40 0.9
VisFmt 77.12 0.51 0.71 1.05 1.01 0.84 17.48 1.15 0.44 1.0
LayoutAdj 68.80 0.06 1.41 1.07 1.37 1.36 16.58 1.03 0.52 1.1
SlideStruct 83.72 0.16 1.73 1.09 1.86 1.60 18.94 0.90 0.63 1.2
Overall 75.39 0.51 0.79 1.06 1.21 1.13 17.73 1.05 0.47 1.1

UI Agent

TextEditing 64.62 0.47 0.65 1.55 1.45 1.53 106.10 96.30 2.03 12.7
VisFmt 87.21 2.39 1.85 1.64 1.75 1.45 129.42 89.40 2.35 12.0
LayoutAdj 61.90 1.43 2.69 2.14 2.18 2.38 121.56 114.80 2.38 15.1
SlideStruct 81.55 1.50 2.20 1.27 2.03 1.93 92.01 71.90 1.70 9.9
Overall 73.07 1.64 1.90 1.52 2.10 1.99 117.27 93.10 2.12 12.4

Ours

TextEditing 97.71 2.55 2.95 3.04 3.49 3.54 56.10 3.28 1.62 2.9
VisFmt 95.21 1.95 1.98 1.68 2.21 1.85 86.40 4.16 2.09 3.9
LayoutAdj 97.23 1.36 2.32 1.78 2.21 2.42 86.70 3.90 2.04 3.8
SlideStruct 90.42 1.37 2.39 2.54 2.73 2.84 72.10 2.19 1.25 1.9
Overall 95.89 2.08 2.41 2.23 2.66 2.64 75.33 3.52 1.85 3.3

Table 15: System-wise scores using the Claude 3.5 Haiku model. Ours (highlighted in blue ) demonstrates
superior performance and efficiency compared to the UI Agent (highlighted in red ). Cost is in USD (×10−3).

in prompts, we disclose our prompts in full to en-
sure specificity and reproducibility.

N.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 13.

N.2 document editing prompt

In the document editing stage, the system gener-
ates the post-editing data in JSON format based
on the plan and the parsed data. This process is
illustrated in Figure 14.

N.3 Code generator prompt

In the code generation stage, the system takes as
input the original slide data, the document-edited
slide data, and the plan, and outputs Python code
that applies the corresponding changes in Power-
Point. The prompt used for this step is shown in
Figure 15.

N.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 16.

N.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 N.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 19.
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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 dependen-
cies
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 bot-
tom right’)”, ”action”: ”Specific action with all necessary
details”, ”contents”: {{ ”additional details required for the
action” }} }}, ... ], }}
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, ”description”: ”Translate the title text of slide 3”, ”tar-
get”: ”Title section of slide 3”, ”action”: ”Translate to
English”, ”contents”: {{ ”source language”: ”auto-detect”,
”preserve formatting”: true }} }}, {{ ”page number”: 5,
”description”: ”Translate the title text of slide 5”, ”tar-
get”: ”Title section of slide 5”, ”action”: ”Translate to
English”, ”contents”: {{ ”source language”: ”auto-detect”,
”preserve formatting”: true }} }} ], }}
Response in JSON format.

Response: JSON

Figure 13: A prompt used in instruction understanding.

Document editing prompt

Information about slide {page number}:
- Task description: {description}
- Action type: {action}
- Slide contents: {contents}
You are a specialized AI that analyzes PowerPoint slide con-
tent and performs specific tasks. You will receive the follow-
ing 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 ’ac-
tion’ within ’tasks’
3. Identify all text elements in ’Objects Detail’
The output must maintain the identical structure as the orig-
inal JSON, with only the necessary text modified according
to the task.
Give only the JSON.

Response: JSON

Figure 14: A prompt used in Document Editing.
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Code generator prompt

Generate Python code modify an active PowerPoint pre-
sentation based on the provided JSON task data. The code
should:
0. Find activate powerpoint app with ppt app
= win32com.client.GetActiveObject (”Power-
Point.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 ex-
ists 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 ele-
ment
- 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 “‘ Note that the
code will run in a 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,
Superscript as they caused issues.
The code must be direct, practical and fo-
cused solely on making the specific change re-
quested. Ensure all color references use the BGR
format for proper appearance in PowerPoint.

Response: Python code

Figure 15: A prompt used in Code Generator.

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 com-
mand:
{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 defini-
tions
# No explanations or text outside this code block
“‘

Response: Python code

Figure 16: A prompt used in baseline system.

Figure 17: The original slide from which the example
parsed data was extracted.
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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 IN-
STRUCTION 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 excel-
lent with no flaws.
4 = Mostly correct: Clearly reflects the instruction / visually
strong but with minor flaws.
3 = Partially correct: Instruction was followed to a notice-
able 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 18: 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 alignment.
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 19: A prompt used in LLM judge which evaluate text, image, layout, color.
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