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InvisibleMentor

How can I get help to 
improve my workflow?

suggestions from observed actions

I observed that you completed this task with the following steps:
• It looks like you used Find and Replace multiple times to replace W 

with Woman in the Gender column.
• It looks like you used Find and Replace multiple times to replace 

Womenomen with Woman in the Gender column.

However, multiple Find and Replace steps are repetitive and may 
miss cases or introduce errors.

Here’s a faster way: Use =IF(ISNUMBER(SEARCH(“w”,LOWER(A2))), 
“Woman”, A2) in B2 and fill down.

Find & Replace

Find what: W

Replace with: Women

Replace Previous NextReplace All

screen recording

Figure 1: InvisibleMentor transforms screen recordings into expert-like mentorship. It detects inefficiencies, such as repetitive
Find & Replace tasks, and synthesizes concrete alternatives. By observing visual behavior rather than requiring logs or prompts,
InvisibleMentor proactively shows users better ways to work.

Abstract
Users of feature-rich tools like Excel often miss more efficient work-
flows, repeating tedious steps and making avoidable errors. Cur-
rent approaches to helping them require either manual prompting,
which is effortful for users, or automated logging, which is limiting
for developers. We present InvisibleMentor, a system inspired by
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over-the-shoulder learning: it observes what users do, then shows
them how to do it better. To do this, InvisibleMentor analyzes
screen recordings with a vision-language model to reconstruct ac-
tions and context, then uses a large language model to generate
vision-grounded task reflection, structured suggestions grounded
in observed behavior. In a user study, participants found Invisible-
Mentor’s suggestions more clear, more relevant, and more useful
than those from a prompt-based assistant, demonstrating that AI
can do more than automate away work—it can help users master it.
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1 Introduction
Applications like Microsoft Excel offer powerful features that sup-
port efficient work, yet most users rely on only a few basic features.
For example, Figure 1 (top) shows a study participant using the Find
and Replace feature to normalize a column of gender data—a tedious
and error-prone method. Formulas or Flash Fill would simplify this
task, if only the user knew when and how to use them.

Users often improve their workflows through over-the-shoulder
learning [50] or peer observation [41]: an expert watches them
work, spots inefficiencies, and offers advice. But such coaching
is rare, limited by chance, proximity, and the availability of ex-
perts [54]. How can we make this expert guidance more frequent
and accessible? We examine this question in the context of spread-
sheets, where inefficient workflows are common [55].

To do so, we propose vision-grounded task reflection, a tech-
nique where generative AI acts as the observing peer. Our system,
InvisibleMentor, implements this concept in two phases. First, a
vision-language model (VLM) analyzes screen recordings to re-
construct the user’s task, including actions like inserting rows or
editing formulas. Unlike prior systems, InvisibleMentor needs no
system logs, internal APIs, or explicit user input. Second, a lan-
guage model generates step-by-step recommendations tailored to
the user’s workbook. This design produces personalized advice
without requiring the user to describe their work, or even recog-
nize their inefficiency in the first place. We built this tool to test the
value of vision-grounded task reflection and to inform the design
of future assistants.

This approach is attractive for three reasons. First, by recovering
both action sequences and spreadsheet context, the system can
generate precise, context-specific recommendations. Second, by
observing entire workflows, it can uncover missed opportunities,
such as overlooked features or reordering steps. Third, by shifting
the burden of articulation from user to system, InvisibleMentor
makes help accessible without requiring prompt crafting or intent.

We evaluated InvisibleMentor with a benchmark and a lab study.
In the benchmark, our model recovered 14 common spreadsheet ac-
tions with over 90% accuracy. In a study with 20 participants, users
significantly preferred InvisibleMentor over a prompt-based assis-
tant. They found its suggestions more useful, easier to understand,
and easier to apply. InvisibleMentor helped them spot inefficiencies,
fix mistakes, and confidently try new workflows.

This paper contributes:
• Vision-grounded task reflection, an interaction mode that sug-
gests improvements based on observed behavior, without
requiring prompting or logging.

• InvisibleMentor, a system that recovers workflows from
screen recordings and generates high-fidelity suggestions
for efficient alternatives.

• Evidence that InvisibleMentor accurately detects inefficient
workflows and helps users find better alternatives.

2 Background and Related Work
2.1 Feature Discoverability and Action-Based

Suggestions
Users of feature-rich applications routinely use only a small subset
of available functionality due to deep menus, terminology mis-
matches, and lack of guidance [18, 35, 43]. In spreadsheets, even
experienced professionals tend to rely on basic arithmetic opera-
tions and manual cell references, underutilizing advanced features
such as macros or pivot tables [8, 49]. Murphy-Hill et al. show
that users discover new tools infrequently and largely through
non-systematic channels, underscoring a persistent discoverability
gap [41]. Similarly, Kohlhase et al. find that spreadsheet readers
often “miss the context” intended by authors, making it hard to
recognize relevant features [31].

Spreadsheets especially highlight this gap: users often rely on
repetitive manual steps or overly complex formulas when simpler
built-in functions would suffice [11, 49]. Even when tools exist, false
affordances and ambiguous icons can mislead users as they scan
for something that “looks right” [33]. Recent work further shows
that discoverability barriers are not only technical but also social:
Xia et al. identify how social norms and conflicted evaluations of
spreadsheet expertise can limit knowledge sharing, underscoring
the need for sociotechnical approaches to feature adoption [54].

To improve discoverability, prior work has proposed a range of
approaches. Command search reduces hunting costs but fails when
user terminology diverges from product vocabulary [19]. In-situ
help provides guidance at the point of use. For example, LemonAid
presents crowd-sourced Q&A linked to UI elements, allowing users
to access relevant solutions without leaving the application [14],
and ToolClips embeds micro-videos into tooltips for just-in-time
instruction [21]. While these methods lower navigation costs, they
often require users to initiate search and are not grounded in their
current context or goals.

In contrast, systems that use user actions generate context-aware
suggestions without explicit prompting. Early adaptive interfaces,
such as Eager [15], inferred repetitive behaviors and proactively
offered automation. Similarly, adaptive menus in Excel dynamically
reordered commands based on usage patterns [18], showing that
incorporating behavioral signals can improve efficiency while re-
ducing cognitive load. Usage-based recommendation systems, such
as CommunityCommands [39], Patina [38], and IDE fluency assis-
tants [40], analyze historical usage patterns to uncover underused
commands and identify expert practices. Complementing these,
tools like DiscoverySpace [20] and Ambient Help [37] instead pro-
vide real-time, context-aware suggestions based on the user’s cur-
rent task state or recent actions. In contrast, AdaptableGIMP [32]
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allows users to manually browse and apply crowd-contributed
workflows rather than proactively recommending actions.

More recent work advances these ideas using data-driven pre-
diction. Wang et al. [51] analyzed millions of interaction logs and
tutorial videos to recommend workflow steps matching current
tasks. Nambhi et al. [42] inferred user intent from analytics tool
event sequences, enabling timely suggestions when users strug-
gle. In software engineering, Bulmer et al. [9] applied machine
learning to large-scale logs of developer interactions in the IDE
to predict next actions, supporting intelligent code-editing assis-
tance. However, most of these approaches rely on structured logs
or application instrumentation—limiting for developers who must
build and maintain app-specific integrations [4, Chapter 3]. Our
system instead infers task context and structure solely from visual
evidence, enabling broader applicability without requiring internal
access to software.

2.2 Recovering Task Representations from
Screens

Recent work advances screen and UI understanding by recognizing
elements and recovering layout structure. Vision-based models like
ScreenAI [5], MobileVLM [53], and ILuvUI [27] support element
targeting, instruction following, and inter-screen understanding.
Other methods reconstruct user actions and workflows from screen-
casts [36, 58], recovering fine-grained interaction sequences, and
action-aware models map visual changes to operations [57]. Alah-
madi et al. [2] extract representative UI screens from tutorial videos
to segment long sessions into meaningful, task-relevant states. Sim-
ilarly, analyses of “watch me code or work” videos have shown
that detailed logs of user activity can be mined to understand task
progress and hurdles [17].

Some systems capture detailed records of application usage
through instrumentation, such as undo logs [1] or sequences of
IDE commands [40]. Others infer intent in a less intrusive way
by observing aggregate behavior patterns. For example, repeated
scrolling or clicking activity can reveal which parts of an interface
attract attention [16], and resumption cues can indicate how users
re-engage with tasks after an interruption [44]. These approaches
help recover implicit structure, task progress, and user struggles,
offering new lenses into user workflows without manual labeling.

Domain-specific analyses show how task representations can
be reconstructed in particular contexts. In spreadsheets, reasoning
over cell contents, ranges, headers, and selection history is key
to understanding user intent [31, 49]. Other work demonstrates
how UI interactions can be extracted from videos and even trans-
lated across applications, as in ShowMeHow [45], which shows
the promise of video-driven instruction recovery. These represen-
tations offer a promising foundation for AI assistants aiming to
generate recommendations grounded in real user activity.

Recent work has begun applying vision-language models (VLMs)
to infer user behavior directly from screen recordings. Sharingan [13]
uses a VLM to label GUI actions in desktop video recordings, show-
ing that structured action sequences can be extracted without ap-
plication instrumentation. Similarly, ScreenLLM [28] transforms
screen recordings into a compact stateful schema describing UI
changes and uses a textual LLM to interpret or predict user actions.

Inmobile domains, V2S+ [6] extracts replayable gesture scripts from
Android screen videos using computer vision techniques. While
promising, these systems primarily focus on action reconstruction
or replay, rather than providing user-facing feedback or personal-
ized guidance.

2.3 AI Assistants for Task-Focused
Recommendations

Chat-based assistants like Excel Copilot allow users to issue com-
mands via natural language. However, studies show that non-experts
struggle to articulate goals, recall terminology, and provide ade-
quate prompts [29, 56]. Even when functional, such assistants often
lack grounding in the user’s active artifact or recent steps, leading
to vague or irrelevant responses [30]. These limitations suggest the
need for alternatives that observe what users do, rather than rely
solely on what they say.

As an alternative, research explores recommendation methods
that infer intent from user actions, anchoring suggestions in ongo-
ing work rather than explicit prompts. Example-driven program-
ming systems infer operations from user edits [22, 47, 48], while
crowd-powered systems recommend fixes for compiler errors based
on prior user behavior [23]. Mixed-initiative tools [12] propose ac-
tion sequences but let users approve or modify them, balancing
automation with control. Recent systems extend these directions:
TableTalk uses a language agent to scaffold spreadsheet construc-
tion incrementally, yielding higher-quality outcomes with lower
effort [34], and large-scale macro mining demonstrates how an-
alyzing records of user actions can provide reusable workflows
and automation opportunities [26]. Together, these approaches sug-
gest that assistants based on users’ ongoing activity can deliver
more relevant and timely guidance, avoiding the need for elaborate
prompting and tying recommendations directly to what users are
actually doing.

3 System Design
We designed InvisibleMentor to minimize user effort and maximize
contextual relevance. Below, we articulate four goals, followed by
an overview of its architecture and implementation.

3.1 Goals
G1. Translate visual representations into semantically rich represen-

tations without specialized instrumentation. Many support systems
rely on internal logs or APIs to detect context and offer help (Sec-
tion 2.2). While effective, these methods constrain where guidance
can be offered, requiring access that is often unavailable in commer-
cial or cross-application settings. In contrast, our goal is to extract
rich, contextual representations directly from screen recordings,
enabling guidance across tools with limited or no internal access.

G2. Provide structured, high-fidelity suggestions grounded in user
behavior. The suggestions should not only be helpful but also intel-
ligible and trustworthy. To achieve this, these suggestions should
explicitly show what users actually did, not abstract templates, and
should explain why a workflow might be inefficient, explaining
missed opportunities. They should also be concrete and specific,
with sufficient detail to be immediately actionable.
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LLMVLM

Type 'Food' into cell A6
Type ‘$400' into cell B6 (Food, Jan)
Update formula in cell B7 (Total, 
Jan) to include Food: =B4+B5+B7

### Sheet changes detected:
|   |A             |B     |
|---|--------------|------|
| 1 |Monthly Budget|      |
| 2 |              |      |
| 3 |Category      |Jan   |
| 4 |Rent          |$1,275|
| 5 |Car           |$500  |
| 6 |Food          |$400  |
| 7 |Total         |$2,175|

recognized 
actions

recognized 
sheet content

extracted actions and sheet content2screen recording1 suggestions3

I noticed you completed this task with the 
following steps:
It looks like you updated the formula =B4+B5+B6 
in B7…

Here are my suggestions to improve your 
workflow:
Consider using the SUM function so the total 
updates automatically when new rows are added.

Step-by-step:
1. Replace the formula with 
=SUM(B4:INDEX(B:B, ROW()-1)) in cell B7
(Total, Jan)…

Figure 2: InvisibleMentor’s pipeline for generating suggestions from a screen recording. The system operates in two phases. (➊) A
vision-language model (VLM) processes screen recordings sampled every 5 seconds to extract structured task representations, including
user actions and spreadsheet context (➋). These representations are grouped into workflows and passed to a language model (LLM), which
analyzes them to identify inefficiencies and generate actionable suggestions. Each suggestion includes a sequence of inefficient actions, a
rationale, a step-by-step suggestion (➌).

Together, G1 and G2 distinguish our work from prior approaches:
we offer contextualized guidance without internal instrumentation
by interpreting screen activity alone. These goals are complemented
by additional design considerations commonly found effective:

G3. Discover unspoken help opportunities by modeling user behav-
ior directly from observation. Most systems wait for users to ask for
help (Section 2.3), but users often fail to recognize inefficiencies. As
a result, help opportunities go unnoticed and underutilized. Instead,
the system should proactively infer opportunities for improvement
from observed behavior, like a knowledgeable peer who notices
when a task could be done more easily.

G4. Deliver guidance after task completion to help users notice
more efficient alternatives. We focus on post-task timing because it
allows for reflection without interrupting ongoing work. Prior work
shows that mid-task interventions can disrupt focus and increase
cognitive load [10]. Offering guidance after the task therefore pro-
vides a lightweight moment for helping users become aware of
better workflows they might adopt next time.

3.2 Implementation
We implemented InvisibleMentor as a two-phase pipeline that com-
bines visual interpretation of user activity with textual reasoning for
recommendations (Figure 2). The first phase uses a vision-language
model (VLM) to capture a structured representation of the user’s
task from screen recordings (Figure 2, ➊), while the second phase
employs a large language model (LLM) to generate grounded and
actionable suggestions. We describe each phase in detail below.

3.2.1 Phase 1: Capturing Task Context with a VLM. The first phase
constructs a representation of the user’s task based on visual ob-
servation (G1). As the user works in Excel, the system samples one
screen frame every five seconds to capture a lightweight sequence
of their on-screen actions. This cadence balances temporal cover-
age with efficiency: it is frequent enough to capture meaningful
actions, such as formula edits, filter changes, or table creation, while
avoiding redundant frames that increase cost and latency.

Task representation. Each frame encodes the spreadsheet state
and interface context, including selected cells, visible formulas,
column headers, named tables, and open panes. To analyze these

frames, we use GPT-4.11, which supports both text and image in-
put and provided state-of-the-art image understanding during the
period of development. The model produces a structured represen-
tation of user activity with two elements: (a) Action sequence, a list
of low-level user actions (e.g., editing a formula, applying a filter,
switching sheets); and (b) Contextual state, the spreadsheet content
and layout at each moment, such as selected ranges, cell values,
and interface elements (Figure 2, ➋).

Because the model’s context window can accommodate only
about 20 frames, roughly 100 seconds of video at our chosen in-
terval, a long recording cannot be processed in a single pass2. To
address this limitation, we divide each recording into up to three
temporal segments, each capturing a portion of the task. These seg-
ments are processed in parallel to reduce post-task latency. Within
each segment, we further divide the frames into batches of 20
frames, each covering approximately 100 seconds of video. These
batches are fed sequentially into separate VLM calls. This hierar-
chical strategy enables the system to recover a complete task trace
from longer recordings, while respecting the model’s input limits
and preserving continuity within and across segments.

Pilot testing and parameter choices. To select appropriate pa-
rameters, we conducted a pilot test using the Europe Bike Store
Sales dataset, in which the authors performed three representative
spreadsheet tasks. The entire session was recorded, producing a
one-hour video for VLM testing. We compared different sampling
intervals and segmentation strategies. At a 1-second interval, the
VLM repeatedly detected near-duplicate actions because a single
user action typically spanned several seconds; this redundancy in-
flated processing time and yielded little additional information. In
contrast, a 10-second interval often skipped important, transient
behaviors, such as brief pop-up messages or rapid double-clicks
to apply formulas. Balancing coverage with efficiency, we chose a
5-second interval, which avoided both excessive duplication and
missed actions.

1All experiments used the Azure OpenAI Service deployment of GPT-4.1 (April 2025
release).
2While GPT-4.1 supports up to 1M tokens in Azure, practical limits depend on deploy-
ment type and prompt overhead. In our configuration (128k managed deployment,
structured prompts, and metadata per frame), the effective budget allowed for about
20 1080p frames per call.
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Show me suggestions to improve my workflow

However, this workflow might not be optimal because: You manually built a summary table using UNIQUE and SUMIF which 
requires multiple formulas, manual fill-down, and is less flexible and maintainable than using a PivotTable.

3 workflow limitations

observed user actions
I observed that you completed this task with the following steps:
• It looks like you typed =UNIQUE(Sheet1!O:O) in cell A1 of Sheet1 to extract unique city values
• It looks like you typed Sum of Amount in cell B1 of Sheet1
• It looks like you typed =SUMIF(Sheet1!O:O, Sheet1!A2, Sheet1!N:N) in cell B2 of Sheet1 and filled down to sum Amount for 

each unique city

2

Here are my suggestions to improve your workflow:

Use a PivotTable to automatically summarize the total Amount for each unique city.

Step-by-step:
1. Select any cell in your data range in the Sheet1 sheet.
2. Go to the Ribbon: Insert > PivotTable.
3. In the dialog, ensure the table/range covers your data (e.g., Sheet1!A1:Q1000), and choose to place the PivotTable on a new 
worksheet or on Sheet1.
4. In the PivotTable Fields pane:
• Drag City to the Rows area.
• Drag Amount to the Values area (it will default to Sum of Amount).
5. The PivotTable instantly lists each unique city and the sum of Amount, with no formulas to maintain.

Example: Suppose your data is in columns O (City) and N (Amount). The PivotTable will automatically group and sum as needed.

Benefit: The PivotTable updates automatically with new data, requires no manual formula management, and reduces errors. You 
can also easily filter, sort, or add more fields for deeper analysis.

4 actionable suggestions

Copilot AI-generated content may be incorrect

5 Give me another suggestion

Here are some ideas to get you started.
Hello Mia!

Suggest a formula column

Summarize using PivotTable or charts 

Highlight cells with [incomplete in red]

Create a table for my recent emails about [sales targets]

Show me suggestions to improve my workflow
1

Figure 3: User interface of a spreadsheet assistant that provides structured workflow guidance. The assistant appears in a task
pane alongside the spreadsheet, following the familiar layout of Excel Copilot to minimize design variance that could influence user study
outcomes. The interface consists of five key components. (➊) Prompt ideas offer users high-level suggestions to initiate help-seeking.
Selecting an idea appends a message to the conversation and triggers a structured assistant response. To make accessing suggestions more
direct, we replaced the original fifth idea with a dedicated entry point for requesting recommendations. The remaining components are
rendered dynamically based on model output: (➋) observed user actions, summarizing recent spreadsheet activity; (➌) workflow limitations,
explaining potential inefficiencies; (➍) actionable suggestions, presenting step-by-step improvements; and (➎) a “give me another suggestion”
button, allowing users to request alternatives.

We also compared processing times with and without segmen-
tation. Without segmentation, processing a one-hour video at a
5-second interval required 6 minutes, and nearly 41 minutes at a 1-
second interval—approaching the duration of the video itself. With
parallel processing, where the video is split into three chunks that
are processed simultaneously, processing time dropped to around
2 minutes at the 5-second interval3. We discuss the limitations of
this sampling strategy in Section 7.1.

3.2.2 Phase 2: Generating and Delivering Recommendations with
an LLM. The second phase generates structured and high-fidelity
suggestions from the extracted task representation (G2 and G3).
Whereas Phase 1 relied on GPT-4.1’s vision capabilities, Phase 2
uses the same model in textual mode, taking actions and contextual
states as input under a zero-shot prompt (see Appendix A).

Recommendation generation. The prompt instructs the model to
group related actions into workflows, mark those that are subopti-
mal, and return at most three prioritized recommendations. Each
recommendation contains the relevant actions and a rationale for

3This estimate reflects our pilot test on a fixed one-hour recording using parallel
processing. Actual latency varies with video duration, as reported in Appendix C.2,
which reports processing times without parallel processing.

why they are inefficient, together with a concrete alternative (in-
cluding explicit steps or formulas) and a brief “benefit” statement
comparing before and after (Figure 2, ➌).

Rather than streaming partial results, InvisibleMentor processes
the set of observed steps from Phase 1 before generating recommen-
dations. This design enables the LLM to detect not only local ineffi-
ciencies but higher-level repetitive patterns. For example, while a
sequence of copy-paste operations may be inefficient at the action
level, broader repetition often occurs at the workflow level, such as
repeatedly cycling through data cleaning, processing, and analysis.
Within each cycle, individual actions may appear reasonable, but
when viewed together they reveal opportunities for more efficient
workflows. By reasoning over the full sequence of observed user
actions, the system can thus provide suggestions that address both
fine-grained operations and broader workflow structures.

3.2.3 Interface. The interface (Figure 3) appears after task comple-
tion (G4). It is displayed in a task pane alongside the spreadsheet,
following the familiar layout of Excel Copilot. This design mini-
mizes interface-related confounds, helping ensure that observed
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effects in the study reflect the system’s recommendations rather
than novel UI elements4.

Prompt ideas as entry points. To reduce visual differentiation
from the original Excel Copilot interface, we replaced the fifth idea
card with a dedicated entry point labeled “Show me suggestions to
improve my workflow” (Figure 3, ➊).

Observed user actions. The assistant summarizes the user’s re-
cent activity in natural language (Figure 3, ➋), noting workflows
identified as potentially inefficient (G2). Each description reflects a
real sequence of user actions, e.g., building a summary table using
UNIQUE and SUMIF, grouped into meaningful task units. These
summaries serve two purposes. First, they help users recall and
recognize inefficiencies that may have gone unnoticed during task
completion, supporting accurate memory alignment. Second, by
explicitly surfacing these patterns, the assistant builds credibility
for subsequent suggestions, allowing users to judge whether its
interpretation aligns with their memory and experience.

Workflow limitations. The system explains potential inefficien-
cies in the observed workflow (Figure 3,➌), such as usingmulti-step
formulas where built-in features would suffice. These explanations
help users understand not just what could change, but why.

Actionable suggestions. Recommendations are presented as con-
crete, step-by-step instructions (Figure 3, ➍), tailored to the user’s
workflows (G2). Each suggestion explicitly names the relevant fea-
tures (e.g., Get Data, Merge Queries) and provides exact Ribbon
paths or shortcuts for accessing them. When applicable, the system
also includes output examples to help users verify their results.
Suggestions are designed to be executable within the spreadsheet
environment, even for advanced features like Power Query or Piv-
otTables. Each ends with a concise benefit statement that compares
the original workflow to the recommended one, showing time sav-
ings, reduced errors, or improved maintainability (e.g., “Original:
4+ steps, Suggested: 2 steps”). This framing encourages adoption
by making the value of the recommendation clear and tangible.

Alternatives on demand. To reduce information overload, the
assistant initially presents only the most critical recommendation.
Users can request additional suggestions using the “Give me an-
other suggestion” button (Figure 3, ➎), which sequentially reveals
other suboptimal workflows identified during analysis. This interac-
tion model enables a lightweight, controlled exploration of the full
recommendation set, allowing users to focus on one improvement
at a time without becoming overwhelmed.

4 Technical Evaluation
A core requirement of our system is the ability to reliably recover
users’ spreadsheet actions from screen recordings. Because sugges-
tion quality depends directly on the fidelity of this reconstructed
action sequence, we first evaluate the reliability of InvisibleMen-
tor’s VLM-based action-recognition component. Before assessing
the quality of generated suggestions in Section 5, we address the
following research question in this technical evaluation:

4See our user scenario in Appendix B.

RQ1. How accurately can a VLM identify users’ spreadsheet
actions from screen recordings?

4.1 Methodology
Dataset. To evaluate RQ1, we used an internally collected bench-

mark dataset of spreadsheet interaction videos. The dataset con-
tains 25 screen-recorded sessions where participants, recruited via
Playbook UX, completed 14 short tasks involving basic yet prac-
tical Excel operations, such as inserting rows, editing formulas,
switching sheets, and renaming tabs. Each session used an Excel
workbook with two pre-filled sheets, each containing 6 to 12 rows
of synthetic data5. Each task is an isolated atomic interaction se-
quence typically consisting of one to three user actions, enabling a
fine-grained assessment of recognition performance in spreadsheet
environments. We were not involved in its original collection but
used it for evaluation.

Procedure. Before evaluation, we preprocessed all videos by crop-
ping out interface regions that displayed task instructions or unre-
lated UI elements, and sampling one frame every five seconds to
generate inputs for the VLM. This prevented instruction leakage
and ensured the model inferred actions from observed behavior
rather than visible text. The VLM then produced an ordered se-
quence of predicted user actions for each session, together with
contextual cues derived from the spreadsheet interface.

To establish ground truth, we manually reviewed every video
to determine whether each task was completed, attempted but
not finished, or skipped due to time or user choice. These binary
annotations (performed vs. not performed) served as the reference
labels for evaluating action recognition.

Evaluation. We evaluated the VLM’s predictions against the an-
notated ground truth using accuracy, precision, recall, and F1 scores.
Since each task in the dataset corresponds to an atomic spreadsheet
operation (e.g., inserting a row, switching sheets, editing a formula),
these metrics reflect the model’s ability to recognize individual user
actions rather than broader task success. To assess reliability of
the ground truth, we also calculated the percent agreement and
Gwet’s AC1 to measure agreement between human annotations
and an independent LLM (GPT-4.1) in labeling the VLM’s outputs.
Finally, to better understand the model’s limitations, we analyzed
error distributions across task types, identifying which spreadsheet
operations the VLM most frequently failed to detect.

4.2 Results
Recognition accuracy. We evaluated the VLM’s predictions by

comparing its inferred action sequence against the annotated ground
truth for all 350 task instances. The model achieved an average F1
score of 0.91 (human rater) and 0.90 (LLM rater). Most sessions
(21 out of 25) achieved F1 scores above 0.85, indicating consistent
performance across users. We observed no false positives (FP = 0)
in the dataset, showing that the VLM did not hallucinate actions.
Therefore, all recognition errors came from actions the model failed
to detect.

5See Appendix C.1 for a detailed list of tasks and spreadsheet content used in the
technical evaluation.
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Inter-rater agreement. To assess consistency between the two
raters, we computed percent agreement and Gwet’s AC1. The raters
agreed on 96.4% of action-level decisions (± 5.4%), with a Gwet’s
AC1 of 0.927 (± 0.107), indicating strong agreement beyond chance.

Error analysis. Because all recognition errors involved actions
the model failed to detect, we examined where these failures oc-
curred. Most missed actions involved operations that took place
between sampled frames or subtle interface changes that were dif-
ficult to capture. To better understand these patterns, we grouped
task types into (1) functional workflow actions that advance task
progress and (2) formatting operations that primarily alter visual ap-
pearance. Functional workflow actions, such as entering values, edit-
ing formulas, switching sheets, opening files, creating new sheets,
copying and pasting, applying fill color, and sharing the workbook,
were detected consistently and showed no missed instances in our
dataset. A few task types showed moderate error rates, such as
adding a row (12.5%), creating a new workbook (17.4%), and renam-
ing sheets (5.0%). Missed actions were concentrated in formatting
operations, including bold text (58.3% missed), font-color changes
(35.7%), and column resizing (18.8%). These operations often intro-
duce only subtle visual changes, such as slight differences in text
weight, color, or cell boundaries, which makes them less salient in
the sampled frames and explains their higher omission rates.

Overall, the VLM recognized functional workflow actions with
high consistency, while missed actions were concentrated in sub-
tle formatting changes. These omissions may prevent Invisible-
Mentor from making certain appearance-related suggestions, but
they do not compromise the higher-level workflow reasoning that
our recommendations rely on. We therefore consider the action-
recognition performance sufficient for supporting the types of rec-
ommendations evaluated in Section 5, while noting opportunities
for improving fine-grained formatting detection.

5 User Study
To evaluate the effectiveness and user experience of InvisibleMen-
tor’s recommendations, we conducted a within-subjects user study.
Participants completed spreadsheet tasks using both InvisibleMen-
tor and a strong baseline: Excel Copilot, a prompt-based assistant
purpose-built for spreadsheet support. Unlike general chat inter-
faces, Excel Copilot has direct access to spreadsheet content and is
designed to generate context-specific recommendations based on
user queries, making it a high-performing point of comparison.

Our study sought to evaluate whether InvisibleMentor’s ap-
proach, observing user behavior through screen recordings and
offering high-fidelity suggestions based on interpreted action traces,
can help users discover and reflect on opportunities to improve their
workflows. We organized our investigation around the following
research questions:

RQ2. Can the system accurately identify inefficient or suboptimal
workflows by observing user behavior alone?

A core goal of our system is to detect inefficient workflows with-
out relying on internal instrumentation (e.g., logs or APIs) or user
prompts. We designed InvisibleMentor to analyze screen recordings
to provide targeted suggestions derived from semantic traces of
user actions after completing the task (G1, G3). This question asks

whether the system succeeds in identifying real inefficiencies in
users’ task execution based solely on visual observation.

RQ3. How do users interpret and respond to suggestions grounded
in their actual behavior?

We aim to generate suggestions that are not only accurate but
also comprehensible and actionable. Suggestions should reflect
what the user actually did, explain why the approach may be inef-
ficient, and provide concrete alternatives (G2, G4). This question
probes whether users find these behavior-grounded suggestions
clear, relevant, and actionable.

RQ4. How does visual-grounded task reflection compare to prompt-
based assistance in providing helpful guidance?

In contrast to traditional AI assistants that wait for user input, In-
visibleMentor proactively identifies help opportunities by interpret-
ing users’ actions. This question evaluates whether this behavior-
grounded approach reduces user effort compared to prompt-based
alternatives, and whether it helps users notice more efficient work-
flows they might not have discovered on their own.

5.1 Methodology
5.1.1 Participants. We recruited 20 participants through the Play-
book UX platform. Participants spanned a wide range of occupa-
tions, including analysts (7), administrative staff (6), managers (4),
an accountant (1), an engineer (1), and a student (1). Their ages
ranged from 23 to 56 years (𝜇 = 34.4, 𝜎 = 9.3). The sample included
12 participants who identified as male and 7 as female6.

Participants reported regular use of spreadsheet tools in their
work: 75% (15/20) used Excel or other spreadsheet software daily,
while the remaining 25% (5/20) used it weekly. In terms of expe-
rience, 50% had more than 10 years of experience, 25% had 6-10
years, and 25% had 3-5 years.

We also asked about AI usage in spreadsheet tasks. While 45%
(9/20) of participants reported never using AI for spreadsheets, 35%
(7/20) used AI tools weekly, and 10% (2/20) used them daily. The
most commonly mentioned tools were ChatGPT and Copilot. Other
tools included Gemini, Claude, and Excel’s built-in Ideas feature.

5.1.2 Procedure. Each participant completed a one-hour study ses-
sion. After providing informed consent, participants first filled out
a background questionnaire about their prior experience with Ex-
cel. To minimize potential bias, we referred to tools using neutral
names (“Tool A” for InvisibleMentor and “Tool B” for Excel Copilot)
and counterbalanced the order where participants used them. The
session proceeded through three phases: a data challenge task, a
tutorial for both tools, and an evaluation session in which partici-
pants reviewed and assessed recommendations from both tools. We
chose not to show suggestions during the tasks to avoid disrupting
participants’ focus or altering their natural workflows. Instead, sug-
gestions were shown only after task completion to help participants
recognize where their workflows could be improved, aligning with
our goal of providing just-after-it-mattered guidance (G4).

Data Challenge Task. Participants completed one of two real-
istic Excel-based data challenges designed to simulate multi-step
workflows in large, multi-sheet workbooks. The design of these

6One participant did not report gender.
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challenges was inspired by Kaggle-style analytics problems, where
participants work with realistic datasets to answer open-ended
analysis questions. Each challenge contained four questions involv-
ing tasks such as summarizing trends, analyzing category-based
performance, and identifying opportunities for improvement (see
Appendix D for task details). To maximize coverage of different
spreadsheet operations, each participant completed only one of the
two challenges, and task assignment was counterbalanced across
participants. Pilot testing with five participants showed that the two
challenges were matched in both completion time and perceived
complexity. Each question in the challenge could be completed
using either simple but repetitive operations (e.g., filtering, sort-
ing, and basic formulas) or more advanced features such as SUMIF
formulas and PivotTables, enabling us to evaluate system effective-
ness across diverse workflows and experience levels. During the
task, the experimenter recorded the entire window shared by the
participants for later analysis.

Tutorial. Before the suggestion evaluation, participants were
given five minutes to familiarize themselves with each tool through
a tutorial. In the baseline condition, participants typed their descrip-
tions of recent steps and context into a text input box. In contrast,
with InvisibleMentor, participants clicked the “Show me sugges-
tions to improve my workflow” button (Figure 3, ➊) to receive the
first suggestion, and could then use the “Give me another sugges-
tion” option (Figure 3, ➎) to request additional suggestions (three
suggestions in total). The features introduced during this tutorial
were identical to those available during the evaluation session.

Suggestion Evaluation Session. After completing the data chal-
lenge tasks, participants entered a recommendation evaluation ses-
sion where they used both tools to retrieve, review, and optionally
test three recommendations per tool. The order of tools was coun-
terbalanced. In the baseline condition, participants were instructed
to prompt the tool to generate suggestions. In the InvisibleMentor
condition, recommendations were generated automatically from
participants’ screen recordings and displayed by the experimenter
in the Excel interface. Screen recording was initiated by the ex-
perimenter at the start of the task to support VLM processing, but
participants were informed that in a fully integrated version of In-
visibleMentor, this would occur automatically. For each suggestion,
participants could decide whether to test it on the same spread-
sheet used in the earlier task. We logged whether they attempted
the suggestion, and whether the suggested steps, when followed,
produced the correct outcome.

Questionnaires. Participants completed three sets of question-
naires7. At the start, a brief background questionnaire collected
participants’ prior experience with Excel. During the recommen-
dation evaluation session, after reviewing each suggestion, partici-
pants rated it on eight 5-point Likert-scale items capturing multiple
aspects of the suggestion (e.g., usefulness, clarity, relevance; see
supplemental materials for full list). At the end of the session, a final
questionnaire captured participants’ overall impressions, including
perceived workload, effort required to obtain suggestions, privacy
concerns, and preferences between tools.

7Full questionnaires are provided in the supplemental materials.

5.1.3 Measurements and Analysis. After each suggestion, partic-
ipants provided 5-point Likert ratings on eight dimensions. We
analyzed these ratings using linear mixed-effects models, with fixed
effects for tool, task, tool order, whether the participant attempted
to apply the suggestion, whether the suggestion produced the cor-
rect result when tested, and the number of distinct tools referenced
in the suggestion. A random intercept was included for participant
ID. Significance was assessed using F-tests with Satterthwaite’s
approximation of degrees of freedom [46].

For the three summary-level questions on overall impressions,
perceived privacy confidence, effort required to obtain help, and sys-
tem preference, we used two-tailedWilcoxon signed-rank tests [52].
All 𝑝-values were adjusted using the Holm-Bonferroni method [24],
with a significance threshold of 𝛼 = 0.05.

We also conducted a thematic analysis [7, Chapter 5] of partici-
pants’ open-ended responses to identify recurring themes around
perceived strengths, limitations, and ideal usage scenarios.

5.2 Results
5.2.1 RQ2: InvisibleMentor identifies real inefficiencies.

InvisibleMentor detected inefficient or error-prone workflows from
screen activity. Most participants (𝑃1, 𝑃2, 𝑃7-8, 𝑃11-14, 𝑃20) de-
scribed InvisibleMentor’s suggestions as tightly linked to their own
actions, contrasting it with the baseline’s responses. They found
that InvisibleMentor knew “what I was trying to do” (𝑃8), “tracked
what I performed” (𝑃13), and “highlighted the things I did manually”
(𝑃2). 𝑃1 noted that InvisibleMentor “went based off of my attempts
and edited it as I was attempting it,” while 𝑃11 suggested enabling
mid-task delivery to make suggestions even more timely.

InvisibleMentor uncovered several commonly recurring ineffi-
ciencies across participants’ workflows, including: repeatedly using
Find and Replace to standardize inconsistent categorical values like
gender (𝑃2, 𝑃11, 𝑃19), manually writing separate SUM formulas
for each month instead of using SUMIF or PivotTables (𝑃1, 𝑃5, 𝑃11,
𝑃20), and frequently copying tables between spreadsheets to apply
formulas like VLOOKUP (𝑃12, 𝑃15, 𝑃18).

5.2.2 RQ3: Users find behavior-grounded suggestions comprehensi-
ble and actionable.

InvisibleMentor provided clear, easy to follow, and confidently ac-
tionable suggestions. Participants found InvisibleMentor’s sugges-
tions significantly easier to understand than those of the baseline
(𝐹 = 25.1, 𝑝 < 0.001)8, and reported greater confidence in knowing
how to carry out the recommended actions (𝐹 = 29.3, 𝑝 < 0.001).
This perceived clarity was reflected in participants’ comments: 𝑃11
described the suggestions as “short, concise, and straight to the
point,” while 𝑃5 noted they were “easier to follow.” In contrast, 𝑃10
found the baseline “too complex to execute,” and 𝑃20 remarked they
“didn’t know if [baseline suggestions] were true or not.”

InvisibleMentor’s suggestions reflected the user’s recent actions
and intent. Participants rated InvisibleMentor’s suggestions as sig-
nificantly more relevant to their just-completed tasks (𝐹 = 15.7,

8One participant did not provide a rating for the item “understand suggestion clearly”
on one of the suggestions.
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Figure 4: Participant ratings of InvisibleMentor’s suggestions. Stacked bar charts show agreement levels with eight evaluative statements
on a 5-point Likert scale (from “Strongly Disagree” to “Strongly Agree”). Across all statements, participants rated InvisibleMentor’s suggestions
as significantly more useful, understandable, and better aligned with their recent tasks than those from the baseline system.

𝑝 < 0.001)9, and reported receiving more contextual explanations
for why a suggestion was offered (𝐹 = 27.6, 𝑝 < 0.001). 𝑃1 said that
the tool “gave me corrections based on my past attempts,” while 𝑃8
noted that it was “actively guessing what I’m trying to do to make
a suggestion.”

5.2.3 RQ4: Proactive behavior-based suggestions reduce effort and
help users become aware of more efficient alternatives.

InvisibleMentor reduced users’ effort compared to prompt-based
alternatives. Participants rated InvisibleMentor as requiring signif-
icantly less effort to use than the baseline (𝑊 = 0.0, 𝑝 < 0.001),
and expressed an overall preference for it (𝑊 = 8.0, 𝑝 < 0.001).
Despite the system’s use of screen recordings to track user behavior,
participants did not report heightened privacy concerns (𝑊 = 27.0,
𝑝 = 0.58) compared with baseline.

InvisibleMentor’s suggestions helped users notice opportunities for
more efficient workflows. Participants rated InvisibleMentor’s sug-
gestions as significantly more useful for improving their workflows
than those from the baseline (𝐹 = 18.8, 𝑝 < 0.001). They reported
greater willingness to reuse InvisibleMentor in real-world settings
(𝐹 = 23.7, 𝑝 < 0.001), and expressed interest in receiving more
similar suggestions in future work (𝐹 = 18.6, 𝑝 < 0.001) than base-
line. Participants also reported that the suggestions showed them
how to perform Excel actions they were previously unfamiliar with
(𝐹 = 11.6, 𝑝 = 0.01), helping them notice opportunities to work
more efficiently.
9One participant did not provide a rating for the item “suggestion relevancy” on one
of the suggestions.

Several participants described the tool as acting like a tutor (𝑃5,
𝑃13, 𝑃15, 𝑃17, 𝑃19), offering context-sensitive feedback on their
workflows and helping them notice opportunities to work more
efficiently (𝑃1-2, 𝑃8, 𝑃11, 𝑃13, 𝑃15, 𝑃17, 𝑃19). 𝑃5 remarked that the
tool “taught me more and quicker,” and 𝑃19 said it helped them
“learn and apply these corrections.”

In contrast, some participants described the baseline as limited
in helping them identify where their workflows could be improved
(𝑃3, 𝑃5-6, 𝑃8-10, 𝑃17, 𝑃19). 𝑃10 remarked that while the baseline
“felt more advanced,” its suggestions were “too complex to execute,”
limiting their value. 𝑃6 observed that the baseline “would give you a
suggestion dependent on what you ask.” 𝑃17 noted that the baseline
was “better for getting work out there quickly,” but less useful
for noticing alternative ways of working. While most participants
saw InvisibleMentor as stronger for recognizing opportunities to
improve their workflows, some also acknowledged the benefits of
the baseline (𝑃4, 𝑃8, 𝑃14, 𝑃18). 𝑃4 shared that the baseline “allowed
me to personalize the feedback and support,” and appreciated that
both systems “highlighted things I wouldn’t have initially thought
about.” 𝑃18 similarly described the baseline as helpful for “a quick
answer and fix.”

Participants also viewed baseline suggestions as one-off fixes (𝑃9,
𝑃17-19). 𝑃9 noted that while baseline “would help me now,” it was
InvisibleMentor that “would help me for the future.” 𝑃19 similarly
reflected that baseline “had a tendency to try and do things for me,”
which “may be helpful in the moment but maybe I would be less
likely to apply the suggestions in the future.”
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Figure 5: Participants’ comparative preferences between In-
visibleMentor and the baseline. Participants were asked which
tool required less effort, which they would overall more prefer
to use in the future, and which they trusted more with regard to
privacy. Most participants significantly preferred InvisibleMentor
for effort and rated it as overall more preferable to use, with no
significant difference in perceived privacy confidence.

6 Discussion
6.1 Revisiting Our Study Questions
InvisibleMentor accurately recovered user actions from screen
recordings using a VLM, demonstrating strong agreement with
ground truth annotations (Section 4.2, RQ1). By analyzing users’
behavior, it discovered inefficient or repetitive workflows such as re-
peated Find & Replace operations or redundant manual summaries
(Section 5.2.1, RQ2). Participants described InvisibleMentor’s sug-
gestions as easier to understand and more grounded in their recent
actions than baseline assistance, and quantitative ratings confirmed
higher clarity, actionability, and perceived contextual relevance
(Section 5.2.2, RQ3). Compared to the prompt-based baseline, In-
visibleMentor required significantly less effort to use. Participants
rated its suggestions as more useful for improving workflows and
helping them notice unfamiliar Excel features. They also expressed
stronger overall preference for InvisibleMentor and greater interest
in using it again in real-world settings (Section 5.2.3, RQ4).

6.2 Evaluating recommendation usefulness and
executability

To assess the usefulness and reliability of InvisibleMentor’s gener-
ated recommendations, we conducted a detailed post-hoc evalua-
tion focusing on their executability, efficiency, and error correction.

Executable validity. The authors manually executed every sug-
gested workflow step on the original spreadsheet data used in the
study. Each suggestion was reproduced exactly as written, without
adding, omitting, or modifying any steps. Among the 60 evaluated
suggestions, 58 successfully completed the intended workflows,
achieving the same outcomes as participants’ original goals. Only
two suggestions produced incomplete workflows due to missing
details (e.g., “use the Find & Replace feature (Ctrl+H) to update
headers across the sheet if needed,” which did not specify the re-
placement content; and “after using PowerQuery, load the result
back to Excel as a new table,” which omitted import parameters).

Interaction efficiency. We next analyzed the interaction efficiency
of each suggestion in terms of steps saved compared with the orig-
inal workflows. Step counts were measured at the granularity of
atomic user interactions (each click, drag, or typing action). Across
all 58 successfully reproduced suggestions, the system reduced the
number of required interactions by an average of 32.4% (SD = 74.5%),
withmost improvements falling between 40-80%. The large variance
was mainly driven by two groups of cases: (1) eight suggestions
where participants stopped mid-task after realizing their workflow
was inefficient, leading to conservative improvement estimates;
and (2) two suggestions that intentionally introduced additional
steps to promote robustness and generalizability (e.g., using named
ranges or more stable formulas). After excluding these ten cases, the
remaining suggestions achieved an average step reduction of 46.4%
(SD = 30.7%), indicating that InvisibleMentor’s recommendations
achieved the same goals with substantially less interaction effort.

Error correction and robustness. Finally, InvisibleMentor identi-
fied and corrected 18 workflow errors across participants. The most
frequent issues involved invalid chart or PivotTable references,
where users manually typed or adjusted data sources, attempted to
select non-contiguous ranges, or referenced entire columns, trig-
gering “data source not valid” errors or blank sheets (P1-3). Several
participants also produced incorrect or incomplete formulas, such
as misusing the TEXT function for hour extraction (P4), provid-
ing invalid references in FORECAST or SUMIF formulas (P15, P20),
or leaving computed columns partially unfilled (P12). Others en-
gaged in manual and error-prone aggregation, repeatedly filtering
or summing subsets by hand (P4-5, P11), which failed to update
automatically when data changed. A few performed destructive
find-and-replace operations (e.g., replacing “W” with “Women” and
unintentionally producing “Womenomen,” P7, P19), or applied in-
correct formatting (e.g., date columns displaying “01” for all rows,
P18; unfilled helper columns, P5). Finally, some workflows reflected
static or unstable design choices, such as relying on fixed mul-
tipliers for forecasting (P9) or attempting unsupported sorts on
array formulas (P12). In every case, the system’s corresponding
suggestions resolved the underlying issues, producing correct and
complete results when executed in the spreadsheet environment.

6.3 Other factors influencing suggestion ratings.
To understand what else might shape participants’ ratings, we
analyzed several additional factors. We first examined whether
properties of the suggestions themselves influenced participants’
evaluations. Specifically, we controlled for suggestion length (word
and character counts) and structural complexity (e.g., number of
paragraph breaks and bullet points). Across all eight evaluation
questions, none of these properties had a significant effect on ratings
after Holm correction (all 𝑝 > .2), and including them in the models
did not alter the significance or direction of the system effect.

We then analyzed several task and participant-related factors,
including the task being performed, tool usage order, the number of
distinct Excel features referenced in a suggestion, whether partici-
pants chose to test the suggestions during the study, and whether
the suggestions, when tested, successfully produced the intended
outcome. Among these factors, we found no significant effect of
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task or tool usage order on suggestion ratings across any of the
evaluation questions (𝑝 > .1 and 𝑝 > .3, respectively).

However, the number of distinct Excel features referenced in a
suggestion showed significant effects on several measures, includ-
ing how clearly participants understood the suggestion (𝐹 = 11.0,
𝑝 = 0.006, 𝛽 = 0.14), whether the suggestions made them aware of
more efficient approaches in Excel (𝐹 = 8.7, 𝑝 = 0.019, 𝛽 = 0.14),
and whether the suggestion included enough context (𝐹 = 9.9,
𝑝 = 0.011, 𝛽 = 0.14). These results show that suggestions refer-
encing a wider range of built-in Excel features were perceived as
clearer, more educational, and better contextualized. Participants
who tested suggestions, or for whom the suggestions successfully
produced the correct outcome, also gave significantly higher ratings
of relevance (𝐹 = 6.5, 𝑝 = 0.049 and 𝐹 = 8.3, 𝑝 = 0.024, respectively)
and were more willing to receive similar suggestions in the future
(𝐹 = 6.8, 𝑝 = 0.042 and 𝐹 = 9.0, 𝑝 = 0.017).

6.4 Revisiting Our Goals
6.4.1 G1. Translate visual representations into semantically rich
representations without specialized instrumentation. Rather than re-
lying on instrumentation or logs, InvisibleMentor interprets work-
flows directly from visual evidence. This grounding in actual behav-
ior led participants to describe the system’s suggestions as specific,
trustworthy, and aligned with their needs. 𝑃3 said it “felt like the
system had been watching me and knew exactly where I messed up.”
𝑃6 appreciated how it “pointed out my error and mistypes,” and 𝑃13
valued that it identified “where there may be data breakage and how
to solve for them.” Participants found that the suggestions reflected
not just generic advice, but a structured understanding of what
they had done, contributing to higher relevance and usefulness.

While Excel provides built-in mechanisms such as VBA macros
to log user actions, these methods require users to enable macros
and are limited to capturing interactions within a single spread-
sheet. Our goal was not to replace such mechanisms, but to explore
an alternative that is more lightweight, setup-free, and broadly ap-
plicable. By relying solely on screen recordings, our system avoids
instrumentation barriers and can reconstruct workflows that span
multiple files and applications. This makes InvisibleMentor partic-
ularly useful for generating suggestions or feedback after a task is
completed, even when no prior logging or setup was in place.

6.4.2 G2. Provide structured, high-fidelity suggestions grounded in
user behavior.

InvisibleMentor’s suggestions included step-by-step explanations
and examples. Beyond clarity, participants valued that Invisible-
Mentor provided concrete, example-driven guidance. Several partic-
ipants (𝑃3-4, 𝑃10, 𝑃12, 𝑃14, 𝑃17, 𝑃20) mentioned that the tool didn’t
merely point out issues, but offered detailed next steps. 𝑃12 high-
lighted the system’s “step by step examples to walk you through,”
and 𝑃20 similarly appreciated the “step-by-step method and expla-
nation of the formulas.” 𝑃4 emphasized the importance of “list[ing]
out in detail what I need to do,” while 𝑃17 praised the “clear steps
and context.”

InvisibleMentor’s suggestions aligned with participants’ skill levels
and data contexts. Participants (𝑃3, 𝑃5-6, 𝑃10-11, 𝑃15, 𝑃17) reported

that the suggestions met them at the right level of detail and com-
plexity. 𝑃5 explained that the guidance was “shorter and more
concise,” helping them move faster under time pressure. 𝑃6 noted
that they could “build upon [the suggestion],” and 𝑃17 appreciated
that the system adapted to larger datasets and included justification
for why one method was superior.

6.4.3 G3. Discover unspoken help opportunities by modeling user
behavior directly from observation. Most participants (𝑃1-3, 𝑃5-9,
𝑃11, 𝑃13, 𝑃15, 𝑃19) attributed InvisibleMentor’s low-effort inter-
action to its ability to infer intent from user actions, which elimi-
nated the need to craft explicit prompts. 𝑃3 noted that the tool “felt
quicker to prompt based on what I was already doing without hav-
ing to directly posit a question,” emphasizing the reduced need for
explicit formulation. 𝑃1 appreciated that InvisibleMentor “edited
[suggestions] as I was attempting it,” highlighting its ability to of-
fer in-the-moment guidance without user intervention. 𝑃7 further
remarked that InvisibleMentor “interpreted your actions so it knew
where to prompt you... and highlighted observing actions, which is
something I have not seen in other AIs,” while contrasting this with
the baseline, which “was just asking raw questions based on what
you thought.” Furthermore, 𝑃8 described the baseline as “more like
a how-to-do guide” that required users “to be more specific to use
[it] effectively.”

Behavior-based analysis revealed overlooked opportunities. Par-
ticipants also noted that InvisibleMentor identified workflow im-
provements they might not have noticed on their own. For example,
𝑃2 remarked that the tool highlighted things “that I did manually
which can break or mess up the data.” 𝑃19 described how Invisi-
bleMentor “offered better solutions for the future,” and 𝑃13 shared
that the system “highlighted other ways to accomplish the task...
that I did not think of.”

6.4.4 G4. Deliver guidance after task completion to help users notice
more efficient alternatives.

Participants appreciated post-task suggestions for helping them rec-
ognize where their workflows could be improved. Many participants
(𝑃3, 𝑃5, 𝑃9-𝑃10, 𝑃13, 𝑃15, 𝑃17-𝑃19) appreciated that InvisibleMentor
delivered suggestions after they had completed the task, enabling
them to identify where their workflows could be improved and to
notice more efficient alternatives. 𝑃15 noted that the system helped
them “understand how to do things better,” and 𝑃17 likened it to a
study guide that “scales with larger datasets,” emphasizing its use-
fulness for recurring tasks. By receiving feedback after completing
the task, participants could take time to understand missteps and
consider alternative approaches without interrupting their work-
flow. 𝑃2 shared that they would reuse the tool “to pinpoint errors
and work from there,” indicating a preference for addressing issues
after task completion over immediate correction.

A few participants (𝑃2, 𝑃11-12, 𝑃20) desired real-time sugges-
tions. 𝑃11 explicitly asked whether InvisibleMentor could provide
help “in the middle of the task,” and 𝑃12 said “I do find the value of
[InvisibleMentor] if I can get more in-real time suggestions.”
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6.5 Potential to Generalize Beyond Spreadsheets
Many existing assistants depend on application-specific APIs or
instrumentation. In contrast, InvisibleMentor operates purely from
visual evidence. As a first step in assessing the approach’s poten-
tial to apply across applications, we applied the pipeline—without
architectural modification—to screen recordings from two distinct
domains: computer-aided design (AutoCAD) and weather app de-
velopment. We made only minor prompt adjustments to generalize
terminology (e.g., replacing “cells” with “interface elements”)10.

We selected both videos using a simple YouTube keyword search
(e.g., “AutoCAD practice drawing”, “programming with me”), choos-
ing the top-ranked screen recordings longer than 15 minutes to
avoid cherry-picking particular workflows11. Although the record-
ings are not formal tutorials, their creators are experienced users
who typically demonstrate practiced workflows. As a result, the
videos contain relatively few inefficient actions, giving the sys-
tem limited opportunities to identify potential improvements. This
makes them conservative test cases for examining how the pipeline
behaves in unfamiliar domains.

AutoCAD. In the AutoCAD video, InvisibleMentor identified
several opportunities to improve repetitive geometric-editing ac-
tions. For example, the user created a rectangular plate, rounded
its corners with the Fillet tool, and then manually repositioned the
shape. InvisibleMentor recommended drawing the rounded rectan-
gle directly using AutoCAD’s built-in Rectangle-with-Fillet option,
reducing a three-step sequence to a single operation12. The system
also observed the user repeatedly adding diameter and radius anno-
tations and manually editing each label to include quantity prefixes
(e.g., “2×Ø5.6”, “4×R1.0”). It recommended using Dimension Style
Manager or Field attributes to apply such prefixes automatically.

A third recommendation flagged repeated layer changes and sug-
gested using Quick Select to batch-select matching objects before
applying color and transparency changes. Two of the three recom-
mendations were directly actionable, while one was less relevant to
the designer’s immediate goals. We did not observe false-positive
recommendations in this example. Together, these outputs show
that the pipeline can detect repetition and inefficient multi-step
operations even in complex, canvas-based graphical interfaces.

Weather App Development. In the weather app development
video, the developer repeatedly checked weather results in two
separate interfaces: their custom app and the OpenWeatherMap
website. InvisibleMentor identified this redundancy and suggested
relying solely on the app’s built-in API integration once configured.

The system also observed the user copying API credentials
through Notepad++ before pasting them into VS Code. It recom-
mended storing the key in a local configuration file and opening it
in a split view next to the source code, reducing context switching
and keeping relevant information in one place.

Finally, when the developer updated UI elements across multiple
parts of the code bymanually setting animation classes and visibility
of several divs, InvisibleMentor recommended encapsulating these
repeated edits into a single function (e.g., updateWeatherUI(state)).
10Updated prompts for both examples are included in the supplemental materials.
11URLs to the videos and updated prompts are provided in the supplemental materials
to support reproducibility.
12See supplemental material for full recommendations.

All three recommendations were judged reasonable, with one par-
ticularly strong workflow improvement.

Summary. Across both examples, InvisibleMentor produced three
recommendations that were largely relevant and actionable within
their respective workflows. These cases demonstrate how the same
pipeline can operate outside spreadsheets with only minor prompt
adjustments. Because the examples are drawn from publicly avail-
able creator-produced videos, they do not reflect the breadth of
naturalistic workflows. Our observations should therefore be in-
terpreted as early evidence of feasibility rather than broad cross-
domain generality. A fuller assessment of applicability will require
future studies in more varied domains and work settings.

7 Limitations and Future Work
7.1 Limitations
Our findings should be interpreted in light of several limitations.
First, our evaluation focused on a set of spreadsheet tasks that were
intentionally chosen to be common and well-scoped (e.g., sorting,
filtering, and simple formula edits). While these tasks represent
realistic use cases, they may not reflect the full diversity of spread-
sheet workflows. For example, tasks involving complex macros,
cross-sheet dependencies, or domain-specific logic (e.g., financial
modeling) may pose challenges for the current system’s suggestion
quality and reliability.

Second, InvisibleMentor relies on accurate recognition of user
actions from screen recordings. Although our evaluation showed
high accuracy for the chosen task types, some actions are harder to
detect or interpret. For example, bolding one cell in a large selection
or brief font-color changes can be visually subtle. As shown in
Section 4.2, short and transient formatting operations are especially
prone to being skipped by the VLM’s frame selection mechanism.

In our study tasks, these missed formatting actions did not mate-
rially affect the recommendations because the system’s suggestion
module operates mainly over functional actions, which were con-
sistently detected. However, formatting plays a more central role
in presentation-oriented workflows such as slide authoring, where
missed formatting changes may limit the system’s ability to propose
improvements. Future work should evaluate the system on tasks
where formatting is integral to users’ goals and explore methods
for more robust detection of fine-grained visual changes.

Third, our study participantswere amix of novice and spreadsheet-
proficient users. While most had prior experience with Excel and
AI tools, their behaviors may differ from those of domain experts
(e.g., accountants, analysts) or novices. Additionally, the study was
conducted in a controlled lab setting. In real-world workflows, time
pressure, multitasking, or incomplete task context may affect how
users perceive or act on system suggestions.

Fourth, our evaluation does not include a within-paradigm base-
line that provides post-task recommendationswithout visual ground-
ing. Such a comparison could help isolate the specific contribution
of the VLM component. We leave this to future work.

Finally, while participants generally reacted positively to the
idea of AI-generated suggestions, their actual reliance on them was
often opportunistic and selective. Some participants ignored sugges-
tions they found too obvious or irrelevant, while others expressed
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hesitation to fully trust AI recommendations. These nuanced be-
haviors point to the importance of ongoing refinement in timing,
relevance, and trust calibration for such systems.

7.2 Future Work
Enhancing system reliability and user-directed assistance. Abroader

direction for future work is to increase the reliability of the system’s
inferences while giving users more control over how assistance is
provided. Currently, InvisibleMentor offers no mechanism for revis-
ing or verifying misinterpreted actions, which can potentially prop-
agate errors into the generated suggestions. Future iterations could
incorporate self-correction strategies that detect low-confidence
predictions, re-query recent frames, or allow users to backtrack and
adjust a misunderstanding. In this context, lightweight replay of
the system’s inferred action sequence could help users verify what
the system believed they did and correct any inaccuracies before
suggestions are generated. Such feedback loops should be designed
carefully to avoid overwhelming users, aligning with longstand-
ing mixed-initiative principles that emphasize calibrating system
initiative with user control [3, 25].

A complementary direction is to pair reflective suggestions with
light-weight execution support. While our system focuses on in-
terpreting user behavior and generating structured multi-step rec-
ommendations, future systems could help users act on these sug-
gestions more directly, like our baseline, Excel Copilot. But, be-
yond simple click-to-apply operations, an assistant could consider
providing step-by-step demonstrations or short replays of the rec-
ommended procedure, enabling users to follow along until they
feel confident executing the workflow independently. Achieving
such capabilities would require access to stable application-side
action primitives. Future systems could incorporate an additional
action layer, such as those provided by the Model Context Protocol
(MCP), to bridge recommendations with controllable application
operations while preserving user oversight.

8 Conclusion
InvisibleMentor turns passive screen recordings into active men-
torship. By analyzing visual evidence rather than system logs, it
identifies inefficient workflows and suggests better alternatives
without requiring user prompts. Our evaluation confirms that users
find these suggestions clear, accurate, and easy to apply. Invisi-
bleMentor demonstrates that AI can do more than just answer
questions or automate away tedious tasks; it can teach us to master
the tools we thought we knew.
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A Prompt Templates
This appendix provides the prompt templates used in each phase
of InvisibleMentor’s architecture. The prompts were constructed
to guide the vision-language and language models in extracting
meaningful task representations and generating grounded, action-
able recommendations. These prompts were issued via the OpenAI
API during system execution.

A.1 VLM Prompt for Task Representation
Extraction

We use the GPT-4.1 vision-language model to extract structured
user actions and spreadsheet content from screen recordings. The
prompt is shown below:

You are an assistant for workflow analysis. Given a sequence
of frames from a task video and a list of prior identified
actions, analyze the frames and identify any new user
actions that are not already described in the prior actions.
If you find new actions, add them to the new_actions. If no
new actions are identified, return empty new_actions.

You will be provided with a batch of frames and a list of
prior actions. For each action, you need to identify all of
the details, such as the formatting, "cell content", "
formula", and the specific action. Notice that some actions
may have different outcomes based on the content of the
sheet. For example, if the user switches to a different
sheet, it may create a new sheet in addition to switching to
it.

For some actions not shown on the frames, you need to
predict them by comparing the difference between the frames.
For example, whether the styles, formatting, or content of
the cells have changed. If the user has changed the content
of a cell, you need to speculate the possible actions that
may lead to the changes and add the actions to the
new_actions.
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If the content of the sheet has changed (not cell formats),
you need to record the entire sheet in Markdown format.
Remember to include the workbook name and sheet name.

Your response should be a JSON object with the following
structure:
{

"new_action_detected": true/false,
"new_actions": [

"action1",
"action2",
...

],
"sheet_changes": true/false,
"sheet_details": "use Markdown format to record the
entire sheet"

}

A.2 LLM Prompt for Recommendation
Generation

To generate recommendations, we use a textual LLM (OpenAI o3
model) prompted with a structured representation of the user’s
observed actions and spreadsheet state. The prompt instructs the
model to identify suboptimal workflows, explain their inefficiencies,
and suggest improved methods using built-in Excel features. The
model is asked to provide step-by-step instructions grounded in
the user’s context, and to rank recommendations by impact.

You are a workflow efficiency expert. Analyze user actions
from Excel task videos and identify suboptimal workflows.

Instructions:
1. Group related actions into workflows (steps accomplishing
a specific task)
2. For each workflow, set "Optimal" to true/false based on
efficiency
3. For suboptimal workflows ("Optimal": false):

- "ActionList": List actions starting with "It looks like
you..."
- "Reason": Main inefficiency (be specific) starting with
"You ..."
- "Suggestion": Provide ONE actionable solution using
Excel features:
- Give step-by-step instructions with exact Ribbon
paths/shortcuts
- Include detailed examples with realistic sheet/column
names
- Prioritize automation over manual repetition
- Provide complete formulas with explanations when
applicable
- End with "Benefit:" explaining concrete improvements
(time saved, fewer steps, error reduction)
- Compare before/after: "Original: X steps, Suggested:
Y steps"

4. Focus on efficiency and maintainability, not just task
completion
5. Only include 3 most impactful suboptimal workflows and
rank them by importance

6. Use proper formatting: backticks (`) around Excel
functions, formulas, keyboard shortcuts, and feature names,
and triple backticks (```) for multi-line formulas or step-
by-step code examples
7. Create plausible placeholders for unclear data references

Output JSON format:
{

"Workflows": [
{

"ActionList": ["Action 1", "Action 2"],
"Optimal": true/false,
"Reason": "Brief explanation",
"Suggestion": "Step-by-step actionable solution"

}
]

}

B User Scenario
Mia, an analyst working with sales data, wants to calculate the
total revenue for each city. Her goal seems straightforward, but she
isn’t sure of the best approach. She tries several methods: filtering
rows manually, using combinations of SUM() and IF() formulas,
hovering over columns to check auto-totals, and eventually con-
structing a UNIQUE column with corresponding SUMIF() formulas.
These attempts span different sheets, ranges, and parameter values,
many of which she adjusts or discards along the way.

Later, she wonders if there’s a more efficient solution, and con-
siders asking a chatbot. But expressing her workflow turns out to
be harder than expected. She vaguely recalls that SUMIF “didn’t
work” at first, but doesn’t remember why. It may have been due to
a mismatched range, but she can’t verify it. In describing her steps,
she omits earlier failed attempts and small but relevant actions
like adjusting cell formats or deleting helper columns. Even when
she tries to be thorough, she struggles to name certain tools (“that
dropdown with formula functions”) or describe all the cell styles
she modified. Faced with the burden of reconstructing everything
in words, she gives up on asking for help.

Instead, she turns to InvisibleMentor, which generates recom-
mendations based on her observed interactions, without requiring
her to describe them (G1). In the sidebar, one of the existing five
prompt ideas has been repurposed to serve as an entry point for In-
visibleMentor, and Mia selects it (Figure 3, ➊). This selection issues
a pre-populated request on her behalf, triggering the assistant to
display a recommendation grounded in her actual workflow.

Next, InvisibleMentor summarizes Mia’s recent activity, such as
building a summary table with UNIQUE and SUMIF() formulas, and
identifies limitations of this approach (Figure 3, ➋, ➌). By tying its
suggestions to specific steps in her process, the system keeps its
feedback directly relevant.

To help her improve, InvisibleMentor offers a clear, step-by-
step guide for using PivotTables to achieve the same goal more
efficiently (Figure 3, ➍) (G2). This recommendation appears imme-
diately after she finishes building her summary table, while the task
is still salient and her cognitive load has eased (G4). She can also
request alternative suggestions using a dedicated “give me another
suggestion” option (Figure 3, ➎).
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With minimal effort, Mia produces a more maintainable sum-
mary and learns a new feature that improves her workflow. The
assistant bridges the gap between what she did and what she could
have done better, without requiring her to reconstruct her process
or translate it into a prompt (G3).

C Additional Details for Evaluation 1
C.1 Task Overview and Spreadsheet Contents
In Evaluation 1, we used a set of benchmark tasks that span a range
of common spreadsheet activities. These tasks were performed in
the browser using a standardized Excel file containing two sheets:

• Budget sheet: Includes 7 rows (Title, empty row, and 5
categories—Category, Rent, Car, Food, Total) and 5 columns
(Category, Jan, Feb, Mar, Apr). Cells were pre-filled with
monthly budget data (e.g., Rent = $1,275).

• Address History sheet: Contains 3 rows of addresses with
columns for Street Line 1, Line 2, City, State, Zip Code, and
Move Date (From / To). Example: ‘33 Cherry Drive, N/A, San
Diego, CA, 92104, June 2021, Present‘.

Participants completed the following 14 tasks using the Excel
web app:

(1) Open file: Access a spreadsheet via a link in a Gmail mes-
sage.

(2) Add row: Insert a new row (e.g., a new category) in the
Budget sheet.

(3) Add values: Input numerical values (e.g., monthly expenses)
into the spreadsheet.

(4) Edit formula: Modify or insert a SUM formula to update a
monthly total.

(5) Bold: Apply bold formatting to cell text.
(6) Cell fill color: Use fill color to highlight a cell (e.g., coloring

column header).
(7) Switch sheet: Navigate between the ‘Budget‘ and ‘Address

History‘ sheets.
(8) Resize column: Adjust the width of a column (e.g., Street

Name column).
(9) Copy/paste: Duplicate content within the spreadsheet.
(10) Change font color: Modify the font color of selected cells.
(11) New sheet: Create a new, blank worksheet in the workbook.
(12) Rename sheet: Rename an existing worksheet (e.g., rename

‘Sheet1‘ to ‘Accounts‘).
(13) Share link: Generate and share a link to the workbook via

email.
(14) New workbook: Start a new workbook from the Excel start

screen.
These tasks were selected to cover a range of editing, formatting,

navigation, and collaboration operations commonly encountered
in everyday spreadsheet use.

C.2 VLM Processing Time and Efficiency
In addition to measuring action extraction accuracy, we recorded
how long the Vision-Language Model (VLM) took to process each
benchmark screen recording during Evaluation 1 (Figure C.2). Be-
cause participants took varying amounts of time to complete each
task, the video durations ranged from 9.8 minutes to 49.5 minutes.
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Figure 6: Relationship between video duration and VLM pro-
cessing time. Each dot represents one screen recording session
from Evaluation 1. The x-axis represents the duration of the cropped
input video, and the y-axis shows the time taken by the VLM to pro-
cess that session. A fitted linear regression line indicates a strong
positive correlation (𝑅2 = 0.883).

Wemeasured thewall-clock time required for the VLM to process
each video, recorded during our technical evaluation under the same
experimental setup (see Section 4.1). For clarity, the processing
times reported here were measured without parallel processing.
Frames were sampled at fixed 5-second intervals and passed to the
model for inference. The average processing time was 2.99 minutes
(𝑆𝐷 = 1.18). The shortest video (9.8 minutes) took 1.41 minutes,
while the longest (49.5 minutes) took 6.20 minutes. Figure 6 shows
a dot plot of video duration versus processing time, with a fitted
regression line indicating a strong linear relationship.

D Task Instructions
This appendix provides the full task descriptions shown to partic-
ipants during Study 2. Tasks were designed to simulate realistic
spreadsheet analysis scenarios involving multi-step operations over
large, multi-sheet workbooks.

D.1 Task A: Vrinda Store Sales Analysis
Vrinda is an exclusive clothing store offering a wide range of men’s
and women’s wear tailored to various age groups. The goal of this
task is to analyze Vrinda’s sales data for the year 2022 to gain in-
sight into the customer base and identify opportunities for revenue
growth.

Task Description. Using Microsoft Excel and the provided dataset,
please complete the following analysis tasks:

(1) Create a single chart that compares total sales (Amount) and
the number of orders (Qty) by month for 2022.

(2) Identify which month had the highest total sales and the
most orders.

(3) Analyze whether women or men made more purchases in
2022.

(4) Use the 2022 sales trend to forecast monthly sales for 2023.

Please spend about 8 minutes on each question and do your best
within that time. Perfection is not expected. You will be notified
when one minute remains, and when it is time to move on to the
next task. There are no right or wrong answers—we are simply
interested in seeing your natural approach.
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D.2 Task B: Pizza Sales Analysis
In this task, you take on the role of a BI consultant hired by Plato’s
Pizza, a Greek-inspired restaurant in New Jersey. Your objective is
to analyze the restaurant’s performance using historical order data
and identify operational insights.

Task Description. Using Microsoft Excel and the provided dataset,
please complete the following analysis tasks:

(1) Determine which days of the week and which times of day
tend to be the busiest.

(2) Estimate how many pizzas are made during peak periods.
(3) Identify the best-selling and worst-selling pizzas.

(4) Calculate the average order value.
As before, spend approximately 8 minutes on each question.

You will be notified near the end of each segment. The goal is not
perfection—we are simply interested in understanding how you
approach realistic Excel tasks.

Instructions for Both Tasks. When you are ready to begin, please
inform the experimenter. You may use any standard Excel fea-
tures during the task. The interface will also include a side panel
that displays system-generated recommendations (depending on
condition). You are encouraged to explore and apply these recom-
mendations during the task.
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