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Abstract001

Sequential or time-stamped activity logs pro-002
vide objective records of digital application us-003
age, yet their granularity and noise often ob-004
scure meaningful insights into people’s work.005
Such insights are essential for improving dig-006
ital products in ways grounded in real-world007
user interactions. Prior research has applied008
deep learning models to cluster user actions009
into high-level workflow activities, but these010
approaches are highly sensitive to noise and011
struggle to generalize across applications. To012
address this limitation, we introduce Work-013
flowView, a framework that leverages large lan-014
guage models (LLMs) to abstract low-level ac-015
tion sequences into high-level workflow activi-016
ties. We establish the effectiveness and gener-017
ality of our approach across three distinct, chal-018
lenging sequential tasks and diverse domains:019
(a) zero-shot task description reconstruction020
from browser logs (achieving high semantic021
similarity, µsim = 0.91), (b) few-shot stu-022
dent dropout prediction using MOOC activity023
logs (reaching weighted F1 = 0.90 with only024
five few-shot examples), and (c) anonymized,025
privacy-preserving analysis of AI tool integra-026
tion within document workflows on a propri-027
etary platform. Our work demonstrates that028
LLM-based abstraction is a robust and efficient029
path forward for transforming low-level behav-030
ioral data into high-level, interpretable, and ac-031
tionable insights. We also discuss practical032
considerations for deploying LLM-based infer-033
ences within logging infrastructures, including034
computational efficiency and user privacy.035

1 Introduction036

Terabytes of user interface (UI) activity logs are037

captured every hour as users interact with digi-038

tal applications. These logs enable unobtrusive039

analysis of usage patterns, facilitate bug identifi-040

cation, and support iterative deployment of prod-041

uct improvements that better align with users’042

needs. UI activity logs provide an objective ac-043

count of what actions users perform and when044

they perform them (e.g., (DD/MM/YY HH:MM:SS,045

ClickedLayoutRibbon)). However, such times-046

tamped action sequences are often too granular and047

Action sequence in a web browser
T= 00:00:00 | Shop Surface devices -> CLICK
T= 00:00:05 | Surface Pro 13-inch… -> CLICK
T= 00:00:10 | Browser back button -> CLICK
T= 00:00:12 | Surface Pro 12-inch… -> CLICK
T= 00:00:14 | Browser back button -> CLICK
T= 00:00:16 | Surface Pro 13-inch … -> CLICK
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Action sequence in MOOCs
T= 00:00:00 | click_info
T= 00:00:03 | click_courseware
T= 00:00:06 | load_video
T= 00:00:07 | play_video
T= 00:00:21 | pause_video
T= 00:01:27 | play_video
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Action sequence in Document application
T= 00:00:00 | OpenDocument
T= 00:00:02 | ApplyHeadingStyle
T= 00:00:09| ViewComment
T= 00:00:23 | ReplyComment
T= 00:01:11 | ThumbsUpComment
T= 00:01:13 | CloseComment
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Action sequences from different domains WorkflowView inferences 
with task-specific steerability
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Figure 1: We propose an LLM-based framework for hierar-
chical abstraction of user activity sequences into interpretable
high-level activities (WorkflowView). The left panel illustrates
raw action sequences from three domains. WorkflowView
enables downstream inferences with task-specific steerabil-
ity, such as reconstructing user intent in browsers, predicting
student dropout in MOOCs, and privacy-preserving catego-
rization of document-centric workflows.

noisy to yield a clear view of the high-level task a 048

user is performing within the application. A single 049

high-level task (e.g., formatting the content of a 050

document) may comprise hundreds of actions ex- 051

ecuted over a 10-15 minute interval, making the 052

activity sequence highly granular. Moreover, these 053

sequences may include actions that are not directly 054

related to the user’s underlying intent, introducing 055

noise. For example, when users briefly click on un- 056

related features to intentionally or unintentionally 057

explore the interface. 058

Earlier studies that model time-stamped activity 059

logs to understand user behavior have relied on 060

statistical techniques such as frequent itemset min- 061

ing and sequential pattern mining (Mannila et al., 062

1997; Cuke et al., 2009; Agrawal and Srikant, 1995; 063

Agrawal et al., 1993). These approaches have been 064

noted to struggle with incorporating domain con- 065

text and with explicitly modeling noise in user be- 066

havior (Dev and Liu, 2017). More recent work has 067

explored adapting language modeling techniques to 068

sequential log data; for example, using LSTMs to 069

preemptively identify when users might need assis- 070

tance within an application (Nambhi et al., 2019), 071

or training BERT- and LLM-based classifiers to 072

detect anomalies in logs (Guo et al., 2021; Zhou 073

et al., 2024). While these methods demonstrate 074

the promise of interpreting activity logs using lan- 075
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guage models, they typically operate in settings076

that require task-specific fine-tuning on thousands077

of annotated training samples.078

Motivated by the strong generalization capabili-079

ties of large language models (LLMs) across tasks080

and domains, this work investigates whether state-081

of-the-art LLMs can interpret real-world times-082

tamped action sequences that do not follow the083

usual syntax or semantics of natural language and084

infer the high-level activities that users perform as085

part of their workflows. LLMs are also known to086

integrate presented instances with broader encoded087

knowledge (Bai et al., 2024), which may further088

enrich observability of system and user states. To089

this end, we propose WorkflowView, a hierarchi-090

cal abstraction of granular action sequences using091

LLMs. In WorkflowView, the initial layer gen-092

erates natural language descriptions of observed093

activity, while subsequent layers infer higher-level094

activities and, optionally, categorize them into a set095

of discovered or predefined categories. To demon-096

strate the generality of the proposed approach, we097

evaluate WorkflowView across three domains that098

differ in action set cardinality and in the degree to099

which user behaviors are mutually exclusive. An100

overview of the method is shown in Figure 1.101

Our results show that WorkflowView provides a102

reliable abstraction over action sequences across di-103

verse tasks and domains. Specifically, we find that104

the method (a) generates activity descriptions that105

closely align with ground-truth tasks performed in106

a browser (e.g., prediction: the user is trying to107

“find a car while sorting by lowest price”; ground108

truth: the user wants to “find the cheapest car”),109

(b) predicts student dropout in MOOCs with a110

weighted F1 score of 0.90 while using only five111

in-context examples (a performance comparable to112

several state-of-the-art predictive models trained on113

thousands of labeled instances), and (c) contextual-114

izes the use of AI tools in a proprietary document115

creation, collaboration, and consumption applica-116

tion by interpreting action sequences, discovering117

task categories, and performing multi-class clas-118

sification. We further show that such anonymous,119

privacy-preserving, and aggregated insights can in-120

form user-centric product improvements.121

Because WorkflowView relies on LLM-based122

inference over action sequences, we discuss prac-123

tical considerations around deployment, including124

cost, latency, and user-privacy, as well as the limi-125

tations of our approach. We also outline a broader126

vision in which LLM capabilities are embedded127

deeper into the logging infrastructure. This vision 128

is especially relevant in the context of human–AI 129

collaboration, while maintaining strong guarantees 130

around user privacy and security. 131

2 Related work 132

Below, we categorize and discuss related work into 133

three themes: (a) modeling activity logs, (b) dis- 134

covering user intents from user utterances, and (c) 135

using LLMs to model non-language data. 136

Modeling activity logs: Prior work on interpret- 137

ing timestamped UI logs has largely framed the 138

problem as pattern mining or sequence model- 139

ing. Techniques such as frequent itemset mining 140

and sequential pattern mining have been widely 141

used to extract common action patterns from large 142

log corpora (e.g., identifying frequently occurring 143

operation groups) (Mannila et al., 1997; Cuke 144

et al., 2009; Agrawal and Srikant, 1995; Agrawal 145

et al., 1993). While effective at identifying re- 146

curring structures, these statistical approaches are 147

largely domain-agnostic: they treat UI actions as 148

abstract tokens without semantic grounding (Dev 149

and Liu, 2017) and are sensitive to noise and spu- 150

rious correlations in action sequences (Yang et al., 151

2002). Subsequent work addressed some of these 152

limitations through learning-based approaches, in- 153

cluding RNN/LSTM- and Transformer-based mod- 154

els (Hochreiter and Schmidhuber, 1997; Vaswani 155

et al., 2017), applied to domain- and task-specific 156

applications (Nambhi et al., 2019; Krishna et al., 157

2018; Zhu et al., 2021). However, these methods 158

rely on task-specific training data and hand-crafted 159

labels, making them costly to deploy across new 160

domains, tasks, or evolving user behaviors. In con- 161

trast, WorkflowView relies on LLM-based infer- 162

ence via prompting, enabling flexible adaptation 163

across tasks and domains without fine-tuning or 164

annotating data, while explicitly abstracting away 165

low-level noise through hierarchical reasoning. 166

Intent discovery over user utterances: A related 167

line of work focuses on inferring user intent from 168

textual interactions, such as search queries (Wang 169

et al., 2022) or conversational utterances in dia- 170

logue systems (Schuurmans and Frasincar, 2019). 171

Modern dialogue systems and virtual assistants 172

typically include an intent classification module 173

that maps user input to predefined task labels (e.g., 174

booking a flight or checking the weather), often 175

trained using supervised learning over large anno- 176

tated corpora (Serban et al., 2015). More recent 177
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work explores discovering new or evolving intents178

by clustering user queries that fall outside known179

categories (Shah et al., 2025; Wan et al., 2024). A180

key distinction between this body of work and ours181

lies in the nature of the input: textual utterances182

are already semantic and human-interpretable, and183

often explicitly encode user goals (e.g., “find the184

cheapest car” or “schedule a meeting”). In contrast,185

our work operates on telemetry data consisting of186

low-level UI events, where intent must be inferred187

indirectly from noisy, granular action sequences.188

This setting is both more challenging and more189

ubiquitous in modern applications, motivating the190

need for methods that can bridge raw interaction191

logs and high-level intent.192

LLMs for non-language sequential data: Be-193

yond text, recent work has examined the ability of194

LLMs to reason over non-language data. Existing195

approaches include learning projection layers to196

map image or numeric sensor data into represen-197

tations suitable for LLM-based inference (Verma198

et al., 2024; Moon et al., 2024), adapting LLM em-199

beddings for time-series classification (Kaur et al.,200

2025), and reprogramming time series into textual201

prototype representations that align more naturally202

with LLM pretraining (Jin et al., 2024). Liu et203

al. 2024a demonstrate that off-the-shelf LLMs such204

as GPT-4 (Achiam et al., 2023) can outperform pre-205

trained zero-shot baselines (and, in many cases, su-206

pervised models) on forecasting numeric sequences207

across domains including epidemiology, finance,208

and weather. These results suggest that LLMs can,209

to some extent, interpret structured sequences with210

limited linguistic content by leveraging patterns211

learned during large-scale pretraining. Building on212

this insight, WorkflowView extends zero-shot and213

few-shot LLM prompting to the domain of user214

activity logs.215

3 WorkflowView: Hierarchical216

abstraction of activity logs with LLMs217

WorkflowView is a simple yet effective framework218

that leverages large language models (LLMs) to rea-219

son over activity sequences. The method demon-220

strates that LLMs can be prompted to address a221

range of sequence modeling tasks across domains222

in zero-shot or few-shot settings, highlighting ease223

of customization without fine-tuning. To encour-224

age stage-wise abstraction from low-level actions225

to high-level intents, WorkflowView adopts a hi-226

erarchical design. Specifically, activity sequences227

are first converted into detailed natural language228

descriptions (Layer 1), after which the high-level 229

activity captured by these descriptions is inferred 230

(Layer 2). If required by the task, additional lay- 231

ers can be introduced to further categorize the in- 232

ferred high-level activity into known or discovered 233

classes—for example, predicting student dropout 234

in a MOOC or distinguishing between active docu- 235

ment editing and text formatting. Figure 1 provides 236

an overview of the approach along with example 237

outputs from the datasets used in this work. 238

The hierarchical LLM-based inference is moti- 239

vated by two principles: modularity and progres- 240

sive denoising. Modularity ensures that the outputs 241

of lower layers (i.e., action sequence → natural 242

language description → high-level task inference) 243

can be reused across multiple objectives (such as 244

frequent task discovery at the population level or 245

categorization of individual sequences) by adapting 246

only the higher layers. Progressive denoising is es- 247

sential for modeling action sequences with LLMs, 248

as it enables the transformation of raw timestamped 249

actions into coherent textual representations that 250

are better suited for higher-order reasoning. For in- 251

stance, lower layers may capture temporal patterns 252

in natural language, such as “the user responded 253

to a collaborator’s comment after no significant 254

activity for N minutes.” In this case, low-salience 255

actions are denoised at earlier layers, and depend- 256

ing on the value of N (e.g., 2 vs. 10 minutes), 257

subsequent layers can characterize the level of de- 258

liberation involved in responding to the comment. 259

See our discussion on the effectiveness of progres- 260

sive denoising in Appendix A.2. 261

We provide the prompts used in WorkflowView 262

in Appendix Tables 7, 8, 9, and 10 to support repro- 263

ducibility and future work. In the following section, 264

we evaluate WorkflowView on three tasks spanning 265

three domains: inferring browser tasks, predicting 266

student dropout in MOOCs, and contextualizing 267

the use of an AI tool in a proprietary document 268

application. Given the substantial variation in ac- 269

tion spaces and behavioral patterns across these 270

domains, our experiments are designed to evaluate 271

WorkflowView’s effectiveness and generalizability. 272

4 Applications & Evaluation of 273

WorkflowView 274

4.1 Inferring tasks from browser action logs 275

Task and dataset: We evaluate the ability of Work- 276

flowView to infer the tasks people do on browsers 277

using observed action logs alone. We use the 278

Mind2Web dataset (Deng et al., 2023), which con- 279
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Metric Global Website
MRR 0.90 (±0.08) 0.94 (±0.06)

Recall@1 0.86 (±0.13) 0.92 (±0.09)
Recall@3 0.94 (±0.07) 0.98 (±0.04)
Recall@5 0.96 (±0.05) 0.99 (±0.03)
Recall@10 0.98 (±0.01) 0.99 (±0.01)

Table 1: Embedding-based retrieval of ground-truth
task descriptions using task descriptions generated using
WorkflowView; the candidate set varies as ‘global’ or
‘website-specific’ across the two settings. µ(±σ)

.

tains an ordered sequence of web actions taken280

in a browser to complete 2,022 general-purpose281

web tasks described in natural language. The tasks282

span 137 websites and 5 different domains: service283

(e.g., gov.uk), shopping (e.g., instacart.com), enter-284

tainment (e.g., espn.com), travel (e.g., delta.com),285

and information (e.g., finance.yahoo.com). The286

action space for this dataset is characterized by287

HTML UI elements (for instance, [button] ‘Go288

Back‘, [textbox] ‘Enter your name’) that the user289

interacts with on a webpage and the operation they290

perform (like CLICK, TYPE, or SCROLL). Our291

goal is to perform LLM abstractions over the ac-292

tion sequences, as exemplified in Table 2 (action293

sequences), to predict the task the users are doing294

across different websites (task). Methodologically,295

for this task, we operationalize WorkflowView us-296

ing the prompts shown in the Appendix, where297

Layer 1 (shown in Table 7) provides a detailed298

description of the activity sequences in natural lan-299

guage and Layer 2 (shown in Table 8) infers the300

overall task the user is doing and generates its suc-301

cinct description. It is worth noting that this eval-302

uation is a zero-shot setting. All our key results303

are based on experimentation with GPT-4o (more304

specifically gpt-4o-2024-05-13), a leading pro-305

prietary state-of-the-art large language model re-306

leased by OpenAI (OpenAI, 2024). However, we307

also demonstrate that WorkflowView works effec-308

tively with smaller & open-weights models like309

Phi-4 (Abdin et al., 2024) and gpt-oss-20b (Ope-310

nAI, 2025) in App Table 6.311

Evaluation settings: As the first measure to312

compare the generated task descriptions from313

sequences of web interactions and their cor-314

responding ground-truth descriptions, we com-315

pute the cosine similarity between the em-316

beddings of the descriptions obtained from317

the text-embedding-ada-002 model (OpenAI,318

2022). Additionally, we compute retrieval metrics319

like Mean Reciprocal Rank (MRR) and Recall@K320

Action Sequence [svg] → CLICK, [link] Your lists → CLICK, [link] Cre-
ate a list → CLICK, [svg] → CLICK, [span] Walgreens
→ CLICK, [textbox] Add a title (Required) → TYPE:
Walgreens, [img] → CLICK, [button] Next → CLICK,
[link] Personal Care → CLICK, [svg] → CLICK, [img]
→ CLICK, [span] Add to list → CLICK, [checkbox]
Walgreens New → CLICK, [button] Done → CLICK,
[path] → CLICK, [path] → CLICK, [path] → CLICK,
[svg] → CLICK, [img] → CLICK, [span] Add to list →
CLICK, [checkbox] Walgreens New → CLICK, [button]
Done → CLICK, [path] → CLICK, [link] View More →
CLICK, [img] → CLICK, [span] Add to list → CLICK,
[checkbox] Walgreens New → CLICK, [button] Done
→ CLICK, [button] Back → CLICK, [path] → CLICK,
[link] Shower Essentials → CLICK, [img] → CLICK,
[span] Add to list → CLICK, [checkbox] Walgreens New
→ CLICK, [button] Done → CLICK, [button] Back →
CLICK, [link] Lists → CLICK

Generated Task
Description

Create a Walgreens shopping list and
add personal care and shower essen-
tials items.

Ground-truth
Task Description

Create a new list and add four items
from the personal care category at Wal-
greens.

Table 2: Qualitative example of task description gen-
erated using WorkflowView using the action sequence,
and the corresponding ground-truth task description.

(K ∈ {1, 3, 5, 10}) under two settings. In the first 321

setting (i.e., ‘global’), we retrieve the most sim- 322

ilar ground-truth task description across the en- 323

tire dataset for each of the generated task descrip- 324

tions; whereas, in the second setting (i.e., ‘website- 325

specific’), we retrieve the most similar ground-truth 326

description across a website for each of the gener- 327

ated descriptions belonging to the same website. 328

Results: The average similarity (and standard de- 329

viation) between the generated and ground-truth 330

tasks is 0.911 (± 0.042); N = 2, 022 tasks. 331

The notably high absolute similarity scores indi- 332

cate the accurate inferences made using Work- 333

flowView. Table 1 shows the average MRR and 334

Recall@K values (along with standard devia- 335

tions). The near-perfect MRR and Recall@K val- 336

ues also indicate that the true ground-truth de- 337

scriptions are ranked at the top for a large major- 338

ity of the corresponding generated task descrip- 339

tions. In Table 2, we qualitatively illustrate the 340

close alignment between a generated task descrip- 341

tion and the corresponding ground-truth descrip- 342

tion; an expanded set of qualitative examples is 343

present in Appendix Table 11. The key strength 344

of our work lies in demonstrating zero-shot, cross- 345

domain generality of WorkflowView; nonetheless, 346

we compare against domain-specific fine-tuned 347

seq2seq (Sutskever et al., 2014) baselines for this 348

task in Appendix A.1.1. 349

4.2 Predicting student dropouts based on 350

MOOC interaction logs 351

Task and dataset: To assess the method’s gener- 352

alizability across diverse tasks and domains, we 353
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Figure 2: Dropout prediction performance using Workflowview. The plots show the weighted F1 score, precision, and recall in
response to the variations in ‘start time’ (i.e., time when the action sequences are modeled) and ‘end time’ (i.e., time before the
last action until which the action sequences are modeled). For comparison, we include the scores corresponding to baselines
where only the ‘majority’ class would be predicted (i.e., all dropout) and predictions based on biased ‘random’ guesses as per
prior class probabilities. The best F1 score (F1 = 0.89; Precision = 0.81; Recall = 0.97) correspond to a start time of 6 days and
an end time of 24 hours. The number of few-shot examples provided to WorkflowView were 3 for this analysis; Figure 3 below
shows the sensitivity to the number of few-shot examples.
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Figure 3: Variation in predictive performance of Work-
flowView (weighted F1, precision, and recall) on the MOOC
dropout prediction task, in response to the number of few-shot
examples considered (N ∈ {0, 1, 3, 5, 10, 20}).

experiment with interaction logs of a MOOC soft-354

ware to predict student dropouts. The test set of355

the dataset curated by Feng et al. (2019) com-356

prises interaction logs from a total of 44,008 unique357

students enrolled in 247 unique courses, result-358

ing in 67,699 unique (student, course) pairs. Of359

the 67,699 unique enrollments, 51,316 (75.8%) re-360

sulted in a dropout. 22 unique actions were logged361

from all the student interactions, representing the362

action space. The goal of this task is to process363

the time-stamped sequence of actions at least N364

hours before the last action using WorkflowView365

to determine if the enrollment is going to result in366

a dropout, such that N ∈ {1, 6, 12, 18, 24} hours.367

The design for this predictive task takes into ac-368

count a potential intervention to take place when369

the student performs their currently last action that370

may discourage them from dropping out.371

Adapting WorkflowView: For this task, to fa-372

cilitate a binary classification, we adapt Work-373

flowView to have a third categorization layer on374

top of the first two layers (natural language descrip-375

tion and succinct summary). Effectively, if the final376

binary classification labels are accurate, it indicates377

that WorkflowView can interpret and extract mean- 378

ingful task-specific signals from the raw action se- 379

quences. This particular task and the low-barrier 380

adaptation of WorkflowView to address it empha- 381

sizes the modularity of the underlying hierarchi- 382

cal abstractions. We also explore WorkflowView’s 383

compatibility to few-shot settings, by modifying 384

the prompts at each layer to include illustrative 385

mappings. Specifically, for the natural language 386

description layer (Layer 1) this was done by pro- 387

viding the mapping between action sequences and 388

the final category; for the succinct summary layer 389

(Layer 2) this was done by additionally including 390

the natural language descriptions from the previ- 391

ous layer for the same examples, and similarly, 392

for Layer 3, we additionally included the succinct 393

summaries for the examples. The prompts used 394

to adapt WorkflowView for this task are shown in 395

the Appendix Tables 9 and 10. We explored few- 396

shot settings where the number of examples per 397

category varied in {1, 3, 5, 10}, where that many 398

examples were randomly sampled from the training 399

set per category (i.e., the total number of examples 400

were twice as many). 401

Evaluation setup: The evaluation is designed to 402

measure how effectively and reliably can Work- 403

flowView perform the binary classification task of 404

predicting student dropouts from MOOC action 405

sequences. Our evaluations are centered around 406

two axes that could precipitate predictive variabil- 407

ity: (a) time horizon for the action sequences under 408

consideration, and (b) the number of few-shot ex- 409

amples provided to the model. For the former, we 410

vary the start time as well as the end time and ob- 411

serve the weighted F1 score, precision, and recall 412

for each combination. For the latter, we explore 413

both zero-shot and few-shot settings, while varying 414

the number of examples considered in the few-shot 415

setting. In the few-shot setting, we randomly sam- 416
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15%  Active editing of content

9.8%  Refining document layout/presentation e.g., SmartArt)

9.1%  Formatting text and layout

8.9%  Creating a new document and immediate edits

8.5%  Version management and backups

7.3%  Add-ins usage, VBA projects, external application content

6.1%  Content transfer within or between documents

6.0%  No activity

4.5%  Creating drafts and templates with some edits

4.1%  Applying themes and styles to the document

3.8%  Document Management

2.4%  Real-time collaborative editing with multiple users

2.4%  Reviewing comments (broadly collaboration)

2.0%  Using AI features (e.g., word suggestions)

1.4%  Collaborative features in shared documents

1.2%  Background processes without any user engagement
1.2%  Final edits before closing/printing
1.2%  Content reconsideration
1.1%  Undoing recent changes
1.0%  Document navigation (e.g., via scrolling)

3.0%  Others

Active editing of content  15%

Refining document layout/presentation e.g., SmartArt)  11%

Formatting text and layout  11%

Version management and backups  9.3%

Add-ins usage, VBA projects, external application content  8.4%

Content transfer within or between documents  6.7%

No activity  6.3%

Applying themes and styles to the document  4.5%

Document Management  4.0%

Creating drafts and templates with some edits  4.0%

Reviewing comments (broadly collaboration)  3.3%

Real-time collaborative editing with multiple users  2.2%

Final edits before closing/printing  2.1%

Creating a new document and immediate edits  1.6%

Using AI features (e.g., word suggestions)  1.6%

Collaborative features in shared documents  1.5%

Background processes without any user engagement  1.3%

Content reconsideration  1.3%
Undoing recent changes  1.1%

Others  3.4%

User workflows before/after Copilot use in Word
Before Copilot After Copilot

Figure 4: Activities users do in the context of document edit-
ing, at most 30 minutes before (left, in blue) and after (right, in
red) prompting the integrated AI tool and accepting its output.
The action sequences are processed using WorkFlowView to
discover the high-level categories; corresponding definitions
are provided in the adjoining table.

• Active editing of content: Modifying the content of a document, such as copying,
pasting, deleting, and reorganizing text.
• Refining document layout/presentation: Refining and enhancing document layout and
presentation, including inserting graphics.
• Formatting text and layout: Changing the appearance of text and its layout, including
font adjustments, applying styles, and using tools like Format Painter.
• Add-ins usage, VBA projects, external application content: Interactions with external
applications or add-ins within the context of document editing.
• Version management and backups: Create different versions or backups of a document.
• Creating a new document and immediate edits: Starting a new document and imme-
diately engaging in editing or content insertion.
• Content transfer within or between documents: Copying and pasting content within
or between documents.
• Applying themes and styles to the document: Organizing and structuring document
content, including applying themes and styles.
• Creating drafts and templates with some edits: Creating drafts or templates, making
edits, and possibly using draft generation features.
• Reviewing comments (collaboration): Engaging with comments, indicating a review
or collaboration phase.
• Real-time collaborative editing with multiple users: Engaging in real-time collabora-
tion and editing with others.
• Final edits before closing/printing: Preparing the document for presentation or distri-
bution, including final edits, formatting, and printing.
• Collaborative features in shared documents: Shared document activities, including
co-authoring, managing comments, and using collaborative features.
• Using AI features (e.g., word suggestions): Using AI features to edit the document
content.
• Content reconsideration: Experimenting with content by adding and then removing it,
indicating reconsideration of content placement or inclusion.
• Document navigation: Navigating through the document, including moving the cursor
or scrolling.

Table 3: Discovered document editing categories and their
corresponding descriptions.

ple K examples per category from the train set417

of the data; we acknowledge that better sampling418

strategies are possible (Wang et al., 2020). To limit419

the amount of experimentation we first evaluate the420

performance of WorkflowView on a 2-dimensional421

hyper-parameter grid of start and end times while422

fixing the number of few-shot examples to 3, and423

then evaluate the sensitivity to the number of few-424

shot examples.425

Results: Figure 2 shows the predictive perfor-426

mance in response to variations in start and427

end time hyper-parameters. For reference, we428

also include comparisons with two random base-429

lines: ‘majority’, where only the majority class430

is predicted (i.e., all sequences are categorized as431

dropout) and ‘random’, where the categorizations432

are based on class probabilities based on the train-433

ing data distributions. The first key observation434

is that regardless of the start and end times hy-435

perparameters, WorkflowView categorizations are436

consistently and notably better than either of the437

baselines. In fact, the best performance across all438

the combinations comes out at an F1 score of 0.89439

(Precision = 0.81 and Recall = 0.97) correspond-440

ing to a start time of 6 days and an end time of441

24 hours before the last activity. It is worth not-442

ing that this performance is on par with several443

learning-based methods that utilize over hundreds444

of thousands of training examples. 1 Next, we fix445

1Fu et al. (2021) train a long short-term memory network
to build a predictive model that achieves and F1 score of
0.869 on the binary classification task of MOOC dropout
prediction. Similarly, Basnet et al. (2022) propose training-
based approaches that rely on large-scale annotated data and
result in an F1 score of 0.84; Feng et al. (2019) report an F1

the start time of the activity sequence used for pre- 446

dictive modeling to 6 days and the end time to 24 447

hours, and vary the number of few-shot examples 448

supplied to the model. Figure 3 shows that using 449

3 or 5 few-shot examples per category improves 450

the performance considerably over the zero-shot 451

setting (F1 improves from 0.84 to 0.89 and 0.90, 452

respectively). The minor drop in performance with 453

only a single few-shot example can be explained 454

by the two operating modes of in-context learn- 455

ing (Lin and Lee, 2024; Min et al., 2022): with 456

insufficient demonstrations, models tend to rely 457

on retrieving familiar tasks from pretraining (‘task 458

retrieval’) rather than adapting to the presented 459

task (‘task learning’). However, on further increas- 460

ing the number of in-context learning examples 461

from 5 → 10 → 20, the performance drops pos- 462

sibly because of increasing context length. More 463

broadly, applying WorkflowView to predict student 464

dropouts based on MOOC interaction logs not only 465

indicates the effectiveness of the method regardless 466

of the hyperparameters related to sequence length 467

and duration but also provides insights into how the 468

method interacts with the broader literature around 469

in-context learning. 470

4.3 Analyzing before/after activities around 471

key actions: A case-study of how AI tools 472

help in document workflows 473

As AI assistance tools are transforming how users 474

engage with documents across different digital ap- 475

plications, we conduct a case-study on analyzing 476

the action sequences before and after users accept 477

the response provided by an AI tool (as captured by 478

score of 0.91. See App. A.1.2 for baseline comparisons.
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a specific action in the application telemetry). The479

AI tool considered in this study is embedded as a480

product feature within a proprietary document edit-481

ing application with hundreds of millions of active482

users. The application allows the users to prompt483

the AI tool at any stage of their workflow while484

working with a document and accept or discard485

its presented output. The case-study demonstrates486

how WorkflowView could provide interpretable487

and actionable user-centric insights that could im-488

prove interactions and product design.489

We used WorkflowView to analyze the anony-490

mous and privacy-preserving telemetry of users of491

the proprietary document application. We sampled492

50, 000 users who had interacted with the AI tool493

at least once in the month of June 2025 and were494

located in the United States with their application495

language set to us-en. Users consented to log col-496

lection as part of the user agreement. Note that497

the interaction logs are devoid of textual data and498

writer data, and the telemetry that captures users’499

interactions with the application UI is highly granu-500

lar and include approximately 2000 unique actions.501

We only present aggregated, percentage-based in-502

sights over the random sample of the users.503

Two key modifications exist beyond applying504

Layers 1 (i.e., natural language descriptions) and 2505

(succinct activity summary) of WorkflowView for506

this task. Since there is no list of prior activities507

that the action sequences need to be mapped to,508

these activities have to be ‘discovered’ from the509

data. Once these activities have been discovered,510

there is a need for a categorization layer that maps511

the succinct summaries to one of the discovered512

categories. For the category discovery step, we use513

an existing method (TnT-LLM (Wan et al., 2024))514

that does end-to-end label generation based on the515

raw succinct activity summaries (i.e., Layer 2’s out-516

put). The identified labels are then used in Layer517

3 of WorkflowView for multi-class classification,518

akin to the binary classification task for MOOC519

dropout prediction. We included the description520

of the high-level categories that were obtained us-521

ing TnT-LLM in the previous step to inform the522

multi-class classification. This case-study also il-523

lustrates another example of easy adaptation of524

WorkflowView to applications that may involve525

identifying categories of activities or model evolv-526

ing user behavior, where existing categories may527

become outdated over time.528

Dataset: We processed the sequences before and529

after (at most 30 minutes in duration) each of the 530

occurrences of the action that indicates keeping 531

AI tool’s output using WorkflowView. Finally, for 532

discovering the category of activities using TnT- 533

LLM, we used 20% of the occurrences and then 534

inferred the categories (using Layer 3) on the entire 535

action sequence set. 536

Analysis and Insights: Figure 4 shows that active 537

content editing (described as activities involving 538

modifying content of a document, such as copying, 539

pasting, deleting, and reorganizing text in Table 540

3) is the most frequent activity both before (15%) 541

as well as after (15%) AI assistance, indicating its 542

prominence in document-related workflows where 543

AI tools are used. Active editing of content tends to 544

continue as such after accepting AI tool’s outputs 545

or, in certain cases, the user tends to transition to 546

other activities like formatting text and its layout or 547

transferring content within or across documents. It 548

is worth noting that the share of activities pertaining 549

to formatting or refining layouts is greater after the 550

AI tool’s responses are accepted when compared to 551

their share before, which may indicate that users try 552

to incorporate the AI tool’s output in a manner that 553

is consistent with the original content’s formatting. 554

The insights obtained with WorkflowView enable 555

interpreting user engagement patterns from noisy 556

and granular action sequences. Additionally, these 557

insights also offer actionable guidance for product 558

improvements such as introducing more context- 559

aware formatting suggestions or adaptive layout 560

tools that align with post-AI interaction behaviors. 561

It is also worth noting that in an evolving land- 562

scape where AI tools are changing how users in- 563

teract with applications, it is a strength that the 564

activities (and the corresponding descriptions) are 565

synthesized with the activity summaries inferred 566

by WorkflowView from the action sequence data, 567

rather than being predefined labels. This ensures 568

that the taxonomy reflects actual user behavior as it 569

evolves over time. We discuss practical considera- 570

tions around efficiency in the context of real-world 571

deployment in the following section. 572

5 Discussion: Deployment and Extensions 573

WorkflowView is an LLM-powered approach to do 574

hierarchical abstractions over activity sequences 575

to understand users’ behavior within digital appli- 576

cations. We demonstrate that the method can be 577

easily adapted to work with a diverse set of tasks 578

involving action sequences (task description gener- 579

ation, binary classification, category discovery and 580
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multi-class classification) across different domains581

(browser, MOOC, and document editing applica-582

tion). Quantitative and qualitative analyses demon-583

strate that WorkflowView is on par with training-584

based models for these tasks in zero-shot or few-585

shot settings. The results indicate the promise of586

embedding LLM-powered inferences in the low-587

est level of data infrastructure to drive user-centric588

product improvements. Below, we discuss some589

of the future extensions and applications of Work-590

flowView.591

Deployment cost and latency: Relying on LLM-592

based inference requires careful consideration of593

deployment cost and latency, particularly for appli-594

cations with large user bases where activity logs595

may span terabytes of data. Two trends are worth596

noting. First, the cost and latency of LLM infer-597

ence have decreased rapidly in recent years (Agar-598

wal et al., 2023; Cottier et al., 2025). In paral-599

lel, there has been growing support for deploying600

smaller language models, which our evaluations601

suggest can perform on par with larger models for602

activity inference tasks. For example, Phi-4 (14B603

parameters; (Abdin et al., 2024)) achieves perfor-604

mance comparable to GPT-4o on the web browser605

inference task while requiring substantially fewer606

hardware resources (Appendix Table 6). Together,607

these trends make it increasingly feasible to ap-608

ply LLM-based methods such as WorkflowView to609

large-scale activity logs. In the near term, Work-610

flowView can be deployed in offline settings to help611

developers understand how users interact with their612

applications and to identify opportunities for prod-613

uct improvement. Periodic offline analyses can also614

surface shifts in user behavior over time, which is615

particularly relevant in dynamic human–AI collab-616

orative workflows. Such deployments can further617

control cost by operating on representative samples618

of users, while avoiding the latency constraints as-619

sociated with real-time inference.620

Multimodal extensions of WorkflowView: In621

this work, WorkflowView operates on activity se-622

quences captured in text. However, given the mul-623

timodal capabilities of modern LLMs, the frame-624

work can be naturally extended to incorporate UI625

screenshots captured at key transition points during626

user interaction. Visual context can provide com-627

plementary signals about user behavior, reduce re-628

liance on application-specific instrumentation, and629

ground textual descriptions in the actual interface630

state. Figure 5 qualitatively illustrates such a multi-631

Observed action sequence
T= 00:00:00 | [LINK] Shop Surface devices -> CLICK
T= 00:00:05 | [LINK] Surface Pro 13-inch… -> CLICK
T= 00:00:10 | Browser back button -> CLICK
T= 00:00:12 | [LINK] Surface Pro 12-inch… -> CLICK
T= 00:00:14 | Browser back button -> CLICK
T= 00:00:16 | [LINK] Surface Pro 13-inch … -> CLICK

1

2 3

4

5

1

2
3
2
4
2

WorkflowView Output

Inferred task: User is reviewing the appearance and pricing of keyboards

Description: The user accessed the list of available keyboards through the 
accessories screen and is briefly viewing individual keyboard landing pages 
one by one. The focus appears to be on key details visible at a glance, such 
as price and overall look-and-feel.

Figure 5: Illustrative multimodal extension of WorkflowView
for task inference using browser snapshots and UI click logs.
In this example, task inference is performed unobtrusively as
the user interacts with the application. The visual modality
complements the textual activity sequence by grounding de-
scriptions in on-screen context (e.g., visible content and time
spent), leading to more accurate and informative inferences
than action sequences alone.

modal setting, where both high-level task inference 632

and behavioral descriptions are captured accurately. 633

Multimodal extensions of WorkflowView open 634

the door to real-time, proactive AI assistance that 635

supports users in achieving their high-level goals. 636

For example, a user browsing an e-commerce 637

website could be offered structured recommen- 638

dations—such as items to compare, stratified by 639

viewed and unviewed—based on their inferred goal 640

(e.g., evaluating alternative keyboards) and current 641

progress toward that goal. More broadly, accurate 642

real-time modeling of user behavior, encompass- 643

ing both intent and task progress, is likely to be 644

foundational for human–AI collaboration, enabling 645

seamless hand-offs between users and AI systems. 646

6 Conclusion 647

Building on the generalization capabilities of 648

LLMs, including their demonstrated effectiveness 649

on non-language data, we introduce WorkflowView, 650

a framework for hierarchical abstraction over ac- 651

tion sequences to infer users’ high-level activities 652

within digital applications. We show that Work- 653

flowView can be applied reliably across three di- 654

verse domains and across multiple tasks. Through 655

a case study on real-world telemetry from a propri- 656

etary application, we illustrate how WorkflowView 657

enables anonymous, privacy-preserving, and ag- 658

gregated analysis of user behavior that can inform 659

user-centric product improvements. Finally, we 660

outline multimodal extensions of WorkflowView 661

that can support more effective human–AI collabo- 662

ration and discuss key deployment considerations. 663
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7 Limitations664

Privacy and security considerations: It is critical665

to consider the privacy and security implications666

associated with the design, deployment, and future667

extensions of WorkflowView. First, UI action se-668

quences should only be collected with informed669

user consent, and inferences should be limited to670

behavioral understanding that does not reveal PII671

or sensitive content—for example, inferring that672

a user is “actively applying formatting changes to673

text” rather than “actively formatting text in a legal674

contract.” For real-time assistance, particularly in675

multimodal settings where private data could ap-676

pear in UI screenshots, operationalization could677

involve strictly performing on-device inferences,678

while logging only privacy- and security-compliant679

textual abstractions server-side for offline analy-680

sis that informs product improvements. Concrete681

privacy budgets or differential privacy (DP)-style682

guarantees could be explored in future work. Trans-683

parent and informed user consent is essential to684

ensure trust in AI-powered technologies.685

Limitations: First, the action names that make686

up activity sequences must convey meaningful in-687

formation about user interactions (e.g., ‘ClickLay-688

outRibbon’ rather than ‘Action1’). This limitation689

also highlights the importance of developing an690

informative logging infrastructure to fully leverage691

LLM capabilities. Second, future work could ex-692

plore more token-efficient prompting mechanisms693

to represent raw activity sequences, as our cur-694

rent approach uses a direct textual representation695

of time-stamped actions. Simple strategies, such696

as chunking actions based on temporal proximity,697

could substantially reduce token counts. Finally,698

while this work evaluates off-the-shelf LLMs un-699

der zero-shot and few-shot settings with a focus on700

cross-task and cross-domain generalizability, future701

research could investigate large-scale pre-training702

on action sequences from diverse domains to fur-703

ther improve generalization across both in-sample704

and out-of-sample tasks.705

Data and code: Two of the datasets were curated706

by prior work are publicly available (Deng et al.,707

2023; Feng et al., 2019); we comply with their708

terms of use. Users of the proprietary document709

application consented to activity log collection as710

part of the user agreement. We will release the711

code associated with experiments on the publicly712

available datasets to facilitate reproducibility.713

References 714

Marah Abdin, Jyoti Aneja, Harkirat Behl, Sébastien 715
Bubeck, Ronen Eldan, Suriya Gunasekar, Michael 716
Harrison, Russell J Hewett, Mojan Javaheripi, Piero 717
Kauffmann, and 1 others. 2024. Phi-4 technical re- 718
port. arXiv preprint arXiv:2412.08905. 719

Josh Achiam, Steven Adler, Sandhini Agarwal, Lama 720
Ahmad, Ilge Akkaya, Florencia Leoni Aleman, 721
Diogo Almeida, Janko Altenschmidt, Sam Altman, 722
Shyamal Anadkat, and 1 others. 2023. Gpt-4 techni- 723
cal report. arXiv preprint arXiv:2303.08774. 724

Megha Agarwal, Asfandyar Qureshi, Nikhil Sardana, 725
Linden Li, Julian Quevedo, and Daya Khudia. 2023. 726
Llm inference performance engineering: Best prac- 727
tices. Accessed: 2026-01-05. 728

Rakesh Agrawal, Tomasz Imieliński, and Arun Swami. 729
1993. Mining association rules between sets of items 730
in large databases. In Proceedings of the 1993 ACM 731
SIGMOD international conference on Management 732
of data, pages 207–216. 733

Rakesh Agrawal and Ramakrishnan Srikant. 1995. Min- 734
ing sequential patterns. In Proceedings of the 735
eleventh international conference on data engineer- 736
ing, pages 3–14. IEEE. 737

Yuyang Bai, Shangbin Feng, Vidhisha Balachandran, 738
Zhaoxuan Tan, Shiqi Lou, Tianxing He, and Yulia 739
Tsvetkov. 2024. Kgquiz: Evaluating the generaliza- 740
tion of encoded knowledge in large language models. 741
In Proceedings of the ACM Web Conference 2024, 742
pages 2226–2237. 743

Ram B Basnet, Clayton Johnson, and Tenzin Doleck. 744
2022. Dropout prediction in moocs using deep learn- 745
ing and machine learning. Education and Informa- 746
tion Technologies, 27(8):11499–11513. 747

Denny Britz, Anna Goldie, Minh-Thang Luong, and 748
Quoc Le. 2017. Massive exploration of neural ma- 749
chine translation architectures. In Proceedings of the 750
2017 Conference on Empirical Methods in Natural 751
Language Processing. Association for Computational 752
Linguistics. 753

Stuart K Card. 2018. The psychology of human- 754
computer interaction. Crc Press. 755

Ben Cottier, Ben Snodin, David Owen, and Tom Adam- 756
czewski. 2025. Llm inference prices have fallen 757
rapidly but unequally across tasks. Accessed: 2026- 758
01-05. 759

Boris Cuke, Bart Goethals, and Céline Robardet. 2009. 760
A new constraint for mining sets in sequences. In 761
Proceedings of the 2009 SIAM international confer- 762
ence on data mining, pages 317–328. SIAM. 763

Xiang Deng, Yu Gu, Boyuan Zheng, Shijie Chen, Sam 764
Stevens, Boshi Wang, Huan Sun, and Yu Su. 2023. 765
Mind2web: Towards a generalist agent for the web. 766
Advances in Neural Information Processing Systems, 767
36:28091–28114. 768

9

https://www.databricks.com/blog/llm-inference-performance-engineering-best-practices
https://www.databricks.com/blog/llm-inference-performance-engineering-best-practices
https://www.databricks.com/blog/llm-inference-performance-engineering-best-practices
https://epoch.ai/data-insights/llm-inference-price-trends
https://epoch.ai/data-insights/llm-inference-price-trends
https://epoch.ai/data-insights/llm-inference-price-trends


Himel Dev and Zhicheng Liu. 2017. Identifying fre-769
quent user tasks from application logs. In Proceed-770
ings of the 22nd international conference on intelli-771
gent user interfaces, pages 263–273.772

Wenzheng Feng, Jie Tang, Tracy Xiao Liu, Shuhuai773
Zhang, and Jian Guan. 2019. Understanding774
dropouts in moocs. In Proceedings of the 33rd AAAI775
Conference on Artificial Intelligence.776

Shai Fine, Yoram Singer, and Naftali Tishby. 1998. The777
hierarchical hidden markov model: Analysis and ap-778
plications. Machine learning, 32(1):41–62.779

Qian Fu, Zhanghao Gao, Junyi Zhou, and Yafeng Zheng.780
2021. Clsa: A novel deep learning model for mooc781
dropout prediction. Computers & Electrical Engi-782
neering, 94:107315.783

Haixuan Guo, Shuhan Yuan, and Xintao Wu. 2021.784
Logbert: Log anomaly detection via bert. In 2021785
international joint conference on neural networks786
(IJCNN), pages 1–8. IEEE.787

Sepp Hochreiter and Jürgen Schmidhuber. 1997. Long788
short-term memory. Neural computation, 9(8):1735–789
1780.790

Yuhe Ji, Yilun Liu, Feiyu Yao, Minggui He, Shimin Tao,791
Xiaofeng Zhao, Chang Su, Xinhua Yang, Weibin792
Meng, Yuming Xie, and 1 others. 2025. Adapt-793
ing large language models to log analysis with in-794
terpretable domain knowledge. In Proceedings of the795
34th ACM International Conference on Information796
and Knowledge Management, pages 1135–1144.797

Ming Jin, Shiyu Wang, Lintao Ma, Zhixuan Chu,798
James Y Zhang, Xiaoming Shi, Pin-Yu Chen, Yuxuan799
Liang, Yuan-Fang Li, Shirui Pan, and Qingsong Wen.800
2024. Time-LLM: Time series forecasting by repro-801
gramming large language models. In International802
Conference on Learning Representations (ICLR).803

Rachneet Kaur, Zhen Zeng, Tucker Balch, and Manuela804
Veloso. 2025. Lets-c: Leveraging text embedding for805
time series classification. In Proceedings of the 63rd806
Annual Meeting of the Association for Computational807
Linguistics (Volume 1: Long Papers), pages 32365–808
32399.809

Kundan Krishna, Deepali Jain, Sanket V Mehta, and810
Sunav Choudhary. 2018. An lstm based system for811
prediction of human activities with durations. Pro-812
ceedings of the ACM on Interactive, Mobile, Wear-813
able and Ubiquitous Technologies, 1(4):1–31.814

Van-Hoang Le and Hongyu Zhang. 2023. Log pars-815
ing with prompt-based few-shot learning. In 2023816
IEEE/ACM 45th International Conference on Soft-817
ware Engineering (ICSE), pages 2438–2449. IEEE.818

Ziqian Lin and Kangwook Lee. 2024. Dual operating819
modes of in-context learning. In Forty-first Interna-820
tional Conference on Machine Learning.821

Haoxin Liu, Zhiyuan Zhao, Jindong Wang, Harshavard- 822
han Kamarthi, and B Aditya Prakash. 2024a. Lst- 823
prompt: Large language models as zero-shot time 824
series forecasters by long-short-term prompting. In 825
Findings of the Association for Computational Lin- 826
guistics ACL 2024, pages 7832–7840. 827

Nelson F Liu, Kevin Lin, John Hewitt, Ashwin Paran- 828
jape, Michele Bevilacqua, Fabio Petroni, and Percy 829
Liang. 2024b. Lost in the middle: How language 830
models use long contexts. Transactions of the Asso- 831
ciation for Computational Linguistics, 12:157–173. 832

Heikki Mannila, Hannu Toivonen, and 833
A Inkeri Verkamo. 1997. Discovery of fre- 834
quent episodes in event sequences. Data mining and 835
knowledge discovery, 1(3):259–289. 836

Tomas Mikolov, Kai Chen, Greg Corrado, and Jef- 837
frey Dean. 2013. Efficient estimation of word 838
representations in vector space. arXiv preprint 839
arXiv:1301.3781. 840

Sewon Min, Xinxi Lyu, Ari Holtzman, Mikel Artetxe, 841
Mike Lewis, Hannaneh Hajishirzi, and Luke Zettle- 842
moyer. 2022. Rethinking the role of demonstra- 843
tions: What makes in-context learning work? arXiv 844
preprint arXiv:2202.12837. 845

Seungwhan Moon, Andrea Madotto, Zhaojiang Lin, 846
Tushar Nagarajan, Matt Smith, Shashank Jain, Chun- 847
Fu Yeh, Prakash Murugesan, Peyman Heidari, Yue 848
Liu, and 1 others. 2024. Anymal: An efficient and 849
scalable any-modality augmented language model. 850
In Proceedings of the 2024 Conference on Empirical 851
Methods in Natural Language Processing: Industry 852
Track, pages 1314–1332. 853

Aadhavan M Nambhi, Bhanu Prakash Reddy, 854
Aarsh Prakash Agarwal, Gaurav Verma, Harvi- 855
neet Singh, and Iftikhar Ahamath Burhanuddin. 856
2019. Stuck? no worries! task-aware command 857
recommendation and proactive help for analysts. In 858
Proceedings of the 27th ACM Conference on User 859
Modeling, Adaptation and Personalization, pages 860
271–275. 861

OpenAI. 2022. New and improved embedding model. 862
Accessed: 2026-01-05. 863

OpenAI. 2024. Hello gpt-4o. Accessed: 2026-01-05. 864

OpenAI. 2025. gpt-oss-120b gpt-oss-20b model card. 865
Preprint, arXiv:2508.10925. 866

Sascha Rothe, Shashi Narayan, and Aliaksei Severyn. 867
2020. Leveraging pre-trained checkpoints for se- 868
quence generation tasks. Transactions of the Associ- 869
ation for Computational Linguistics, 8:264–280. 870

Jetze Schuurmans and Flavius Frasincar. 2019. Intent 871
classification for dialogue utterances. IEEE Intelli- 872
gent Systems, 35(1):82–88. 873

10

https://openai.com/index/new-and-improved-embedding-model/
https://openai.com/index/hello-gpt-4o/
https://arxiv.org/abs/2508.10925


Iulian Vlad Serban, Ryan Lowe, Peter Henderson, Lau-874
rent Charlin, and Joelle Pineau. 2015. A survey of875
available corpora for building data-driven dialogue876
systems. arXiv preprint arXiv:1512.05742.877

Chirag Shah, Ryen White, Reid Andersen, Georg878
Buscher, Scott Counts, Sarkar Das, Ali Montazer,879
Sathish Manivannan, Jennifer Neville, Nagu Rangan,880
and 1 others. 2025. Using large language models to881
generate, validate, and apply user intent taxonomies.882
ACM Transactions on the Web, 19(3):1–29.883

Ilya Sutskever, Oriol Vinyals, and Quoc V Le. 2014.884
Sequence to sequence learning with neural networks.885
Advances in neural information processing systems,886
27.887

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob888
Uszkoreit, Llion Jones, Aidan N Gomez, Łukasz889
Kaiser, and Illia Polosukhin. 2017. Attention is all890
you need. Advances in neural information processing891
systems, 30.892

Vellum. 2025. Open llm leaderboard. https://www.893
vellum.ai/open-llm-leaderboard. Accessed:894
2026-01-05.895

Gaurav Verma, Minje Choi, Kartik Sharma, Jamelle896
Watson-Daniels, Sejoon Oh, and Srijan Kumar. 2024.897
Cross-modal projection in multimodal llms doesn’t898
really project visual attributes to textual space. In899
Proceedings of the 62nd Annual Meeting of the As-900
sociation for Computational Linguistics (Volume 2:901
Short Papers), pages 657–664.902

Mengting Wan, Tara Safavi, Sujay Kumar Jauhar, Yujin903
Kim, Scott Counts, Jennifer Neville, Siddharth Suri,904
Chirag Shah, Ryen W White, Longqi Yang, and 1905
others. 2024. Tnt-llm: Text mining at scale with906
large language models. In Proceedings of the 30th907
ACM SIGKDD conference on knowledge discovery908
and data mining, pages 5836–5847.909

Yaqing Wang, Song Wang, Yanyan Li, and Dejing Dou.910
2022. Recognizing medical search query intent by911
few-shot learning. In Proceedings of the 45th Inter-912
national ACM SIGIR Conference on research and de-913
velopment in information Retrieval, pages 502–512.914

Yaqing Wang, Quanming Yao, James T Kwok, and Li-915
onel M Ni. 2020. Generalizing from a few examples:916
A survey on few-shot learning. ACM computing sur-917
veys (csur), 53(3):1–34.918

Jiong Yang, Wei Wang, Philip S Yu, and Jiawei Han.919
2002. Mining long sequential patterns in a noisy920
environment. In Proceedings of the 2002 ACM SIG-921
MOD international conference on Management of922
data, pages 406–417.923

Shu Yang, YinFeng Xiao, and Fei Meng. 2024.924
Deep learning-based method for predicting student925
dropouts in moocs. In 2024 7th International Con-926
ference on Machine Learning and Natural Language927
Processing (MLNLP), pages 1–6. IEEE.928

Denny Zhou, Nathanael Schärli, Le Hou, Jason Wei, 929
Nathan Scales, Xuezhi Wang, Dale Schuurmans, 930
Claire Cui, Olivier Bousquet, Quoc V Le, and 1 931
others. Least-to-most prompting enables complex 932
reasoning in large language models. In The Eleventh 933
International Conference on Learning Representa- 934
tions. 935

Yihan Zhou, Yan Chen, Xuanming Rao, Yukang Zhou, 936
Yuxin Li, and Chao Hu. 2024. Leveraging large lan- 937
guage models and bert for log parsing and anomaly 938
detection. Mathematics. 939

Yichen Zhu, Weibin Meng, Ying Liu, Shenglin Zhang, 940
Tao Han, Shimin Tao, and Dan Pei. 2021. Unilog: 941
Deploy one model and specialize it for all log analysis 942
tasks. arXiv preprint arXiv:2112.03159. 943

A Appendix 944

A.1 Comparison against fine-tuned baselines 945

While the core value proposition of WorkflowView 946

is its zero-shot, cross-domain applicability, for com- 947

pleteness, we benchmark the performance against 948

domain-specific fine-tuned baselines. For the 949

browser task inference dataset, we compare against 950

LSTM and BERT-based variants of sequence-to- 951

sequence models (Sutskever et al., 2014). For the 952

MOOC dropout prediction, we compare against 953

several approaches proposed in prior work that use 954

different feature sets to perform the binary classifi- 955

cation task, while keeping the evaluation settings 956

consistent. 957

A.1.1 Baselines for browser task inference 958

Since generating the task description using browser 959

action sequences is a sequence-to-sequence task 960

(akin to neural machine translation), we use 961

existing the seq2seq models and their implemen- 962

tations. Using the train set of the Mind2Web 963

dataset, the models learn the transformation of 964

action sequences to the task description (word by 965

word), such that actions are demarcated using the 966

[ACTION] token. We use word2vec (Mikolov et al., 967

2013) embeddings, while randomly initializing 968

the out-of-vocabulary words and keeping the 969

embeddings trainable (as some of the activity 970

log vocabulary is not aligned with conventional 971

language vocabulary). To avoid extensive hy- 972

perparameter tuning, we follow the training 973

recipe and best practices described by Britz 974

et al. (2017) for LSTM-seq2seq and Rothe et al. 975

(2020) for BERT-seq2seq closely; code avail- 976

able at https://github.com/google/seq2seq 977

and https://github.com/google-research/ 978

google-research/tree/master/bertseq2seq, 979
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Models Metrics

MRR Recall@1

LSTM seq2seq 0.54 (±0.19) 0.49 (±0.21)
BERT seq2seq 0.68 (±0.16) 0.65 (±0.18)
WorkflowView 0.90 (±0.08) 0.86 (±0.13)

Table 4: Comparing our training-free, zero-shot ap-
proach (WorkflowView) with domain-specific fine-
tuned baselines for task inference using browser action
sequences.

respectively. Our evaluations (shown in Table980

4) are centered around the same metrics for the981

‘Global’ setting that is described in Section 4.1.982

A.1.2 Baselines for MOOC dropout983

prediction984

We compare against the Context-aware Feature985

Interaction Network (CFIN) introduced by Feng986

et al. (2019). CFIN models each enrollment using987

two feature groups: (i) learning-activity features988

X(u, c) extracted from historical logs (primarily989

statistics over student actions), and (ii) context fea-990

tures Z(u, c) capturing user and course attributes991

(e.g., demographics and course category). CFIN992

combines context-aware smoothing and feature-993

interaction modeling, and uses a 3-layer deep neu-994

ral network (DNN) classifier as its prediction head.995

As their strongest variant, Feng et al. propose an996

ensemble strategy (“CFIN-en”) analogous to stack-997

ing: they take the representation from the penulti-998

mate DNN layer and train an XGBoost classifier999

jointly on this representation and the original fea-1000

tures (X,Z). We use the authors’ public implemen-1001

tation https://github.com/wzfhaha/dropout_1002

prediction and re-train CFIN and the XGBoost-1003

stacked ensemble using features constructed under1004

our 6-day input/24-hour evaluation window, while1005

otherwise following the paper/code defaults. We1006

additionally compare against recent deep learning1007

baselines that operate on week-level temporal fea-1008

ture vectors. Following Yang et al. (2024) (CNN-1009

LSTM) and its bi-attention variant (CNN-LSTM1010

Bi-Att). We keep the architecture and hyperparame-1011

ters consistent with the original work (e.g., dropout1012

and early stopping), and reconstruct the inputs to1013

match our 6-day input/24-hour evaluation window.1014

Table A.1.2 shows the comparison; WorkflowView1015

achieves its best performance with 5 in-context ex-1016

amples per class (10 total), reaching a weighted1017

F1 of 0.90. It is noteworthy that the performance1018

is competitive even at 0-shot and remains stable1019

across a range of fewshot budgets (see Fig. 2 & 3).1020

Models Weighted F1

DNN (3-layer MLP) (Feng et al., 2019) 0.83
CFIN-en (Feng et al., 2019) 0.90
CNN-LSTM (Yang et al., 2024) 0.86
CNN-LSTM Bi-Att (Yang et al., 2024) 0.87
WorkflowView (0-shot) 0.84
WorkflowView (5-shot) 0.90

Table 5: Comparing our few-shot adapted approach
to domain-specific supervised baselines for MOOC
dropout prediction. Reported values are µ(±σ).

A.1.3 Experiments with smaller LLMs 1021

Metric Phi-4 (14b) GPT-OSS-20b

MRR 0.89 (±0.09) 0.90 (±0.08)
Recall@1 0.85 (±0.12) 0.86 (±0.13)
Recall@3 0.93 (±0.05) 0.94 (±0.07)
Recall@5 0.95 (±0.06) 0.96 (±0.05)
Recall@10 0.97 (±0.02) 0.98 (±0.01)

Table 6: Embedding-based retrieval of ground-truth
task descriptions using task descriptions generated using
WorkflowView. Phi-4 and gpt-oss-20b were used to
generate the task descriptions.

We evaluate the performance of smaller LLMs 1022

on the browser activity inference task (‘Global’ set- 1023

ting; see Section 4.1) and consider two models — 1024

Phi-4 (14B parameters) (Abdin et al., 2024) and 1025

gpt-oss-20b (OpenAI, 2025). This is largely to 1026

assess whether the LLMs that are among the fastest 1027

(as measured by tokens per second) and cheapest 1028

(cost per token) (Vellum, 2025), can also interpret 1029

user activity sequences as well as more expensive 1030

counterparts like GPT-4o. We find that the task de- 1031

scriptions generated using Phi-4 and gpt-oss-20b 1032

demonstrated a mean similarity of 0.902± 0.036 1033

and 0.909 ± 0.039, respectively. Table 6 shows 1034

that the retrieval-based metrics are also on par with 1035

those obtained using the GPT-4o model in Table 1. 1036

A.2 Additional related work 1037

Hierarchical action modeling: Beyond the pattern 1038

mining techniques discussed in Section 2, our work 1039

shares conceptual roots with hierarchical represen- 1040

tation learning for sequential data. Traditional ap- 1041

proaches in robotics and plan recognition have long 1042

used Hierarchical Hidden Markov Models (HH- 1043

MMs) (Fine et al., 1998) to decompose complex 1044

behaviors. In the human-computer interaction com- 1045

munity, GOMS modeling (Card, 2018) provided 1046

early foundations for decomposing user goals into 1047

operators, which WorkflowView’s context involves 1048
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replacing manual task analysis with LLM-based1049

inference.1050

LLMs for system logs: While we discuss LLMs1051

for user activity sequence, there is a growing1052

body of work specifically targeting system logs for1053

anomaly detection and root cause analysis. Meth-1054

ods like LogPPT (Le and Zhang, 2023) and Log-1055

LLM (Ji et al., 2025) demonstrate the utility of1056

prompt-based learning for structured log parsing.1057

WorkflowView differs by focusing on semantic1058

user intent across diverse UI domains rather than1059

system-level health monitoring.1060

In-context learning for sequence tasks and hi-1061

erarchical prompting: The sensitivity analysis in1062

Section 4.2 regarding few-shot examples aligns1063

with recent findings on the “lost in the middle”1064

phenomenon and context window saturation (Liu1065

et al., 2024b). More recently, the “least-to-most”1066

prompting paradigm (Zhou et al.) demonstrated1067

that LLMs are significantly more effective when1068

complex problems are decomposed into a series1069

of simpler sub-problems, with the solution to each1070

step facilitating the next. WorkflowView translates1071

this principle to the domain of telemetry by treat-1072

ing raw event logs as the input “complex problem”1073

and using a layered architecture to progressively1074

abstract user intent. The current study does not1075

include a formal ablation on the hierarchical struc-1076

ture itself (e.g., comparing single-pass prompting1077

against the multi-layered approach). We maintain1078

that this hierarchical design is central to the “pro-1079

gressive denoising” required for noisy and granular1080

telemetry. As least-to-most prompting has already1081

been shown to significantly outperform single-pass1082

reasoning in tasks requiring complex decomposi-1083

tion and easy-to-hard generalization, we chose to1084

implement this proven hierarchical logic rather than1085

re-evaluating its effectiveness ablations.1086

A.3 Quality & stability of inferred activities1087

It is important to address the stability of our un-1088

supervised categorization, particularly within the1089

proprietary case study involving enterprise docu-1090

ment software. Because this domain lacks a labeled1091

ground-truth for inferred high-level categories, we1092

conducted a sensitivity analysis to evaluate the1093

consistency of the LLM’s discovered categories.1094

We re-ran the entire categorization pipeline across1095

three independent trials using different random1096

seeds. Qualitative analysis of the inferred cate-1097

gories indicates that the “top-N” discovered cat-1098

egories, accounting for over 90% of the total an- 1099

alyzed sequences, were inferred with remarkable 1100

consistency across all runs. For instance, core cat- 1101

egories such as “Reviewing comments (collabo- 1102

ration)” and “Content transfer within or between 1103

documents” appeared in every trial. The variance in 1104

these high-frequency categories was limited strictly 1105

to lexical changes in naming; for example, one 1106

trial labeled a cluster as “Active editing of con- 1107

tent” while another named it “Editing content ac- 1108

tively,” yet both mapped to the same underlying 1109

distribution of low-level user action patterns as 1110

verified by tf-idf scores of the action sequences 1111

associated with these categories. In contrast, the 1112

“long-tail” activities representing less than 10% of 1113

the dataset exhibited higher instability; for exam- 1114

ple, “Document navigation” was not consistently 1115

isolated as a standalone category across all runs, 1116

often being absorbed into broader clusters. While 1117

future work could involve extensive human evalua- 1118

tion to further validate these semantic boundaries, 1119

the qualitative results observed across our experi- 1120

ments—particularly the browser inference tasks in 1121

Table 2 and Table 11—are highly compelling. The 1122

precision with which the framework translates low- 1123

level user activity sequences into human-readable 1124

intent builds significant confidence in the stability 1125

and quality of these inferred categories for func- 1126

tional product telemetry, where the goal is to un- 1127

derstand the most common user journeys. 1128
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Prompt Type Content
System Prompt You are an expert at analyzing web interaction patterns and translating technical UI action logs into clear,

human-readable descriptions of user behavior and intent.

User Prompt You are analyzing web interaction telemetry data from user sessions. Your task is to provide a detailed
natural language description of what the user is doing on a website based on the sequence of UI actions
they performed.
Action sequence (in order): {action_text}
Each action follows the format: [element_type] element_description → ACTION_TYPE: optional_value
Instructions:

• Provide a detailed, step-by-step description of what the user is doing

• Focus on the user’s workflow and intent behind the actions

• Interpret technical UI elements into plain language

• Pay attention to the sequence and progression of actions

• Describe what the user is trying to accomplish through these interactions

• Include details about form filling, navigation, searches, selections, etc.

Provide a comprehensive description of the user’s web interaction workflow.

Table 7: WorkflowView Layer 1 prompt for browser task inference; obtaining natural language descriptions from
action sequences.

Prompt Type Content

System Prompt You are an expert at distilling detailed user workflow descriptions into concise, natural task descriptions
that capture the user’s primary intent.

User Prompt Based on the detailed workflow analysis below, generate a concise task description that captures what
the user is trying to accomplish. The task description should be similar to how a user would naturally
describe their goal when using a website.

Detailed workflow analysis: {detailed_description}

Instructions:

• Generate ONLY the task description, nothing else

• Make it concise and action-oriented

• Focus on the end goal, not the individual steps

• Use natural language that describes the user’s intent

• Do not mention the website name, domain, or technical details

• Format it as a simple sentence or phrase describing the task

• Include the necessary details that are required to successfully complete the task

Task description:

Table 8: WorkflowView Layer 2 Prompt for browser task inference; obtaining succinct summary of user intent.
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Prompt Type Content

System Prompt You are an expert at analyzing online learning behavior patterns and translating technical activity logs
into clear, human-readable descriptions of student engagement and learning patterns.

User Prompt You are analyzing MOOC (Massive Open Online Course) learning behavior data. Your task is to provide
a detailed natural language description of a student’s learning activities and engagement patterns based
on their chronological sequence of actions.
Time Window Analyzed: {hours_start_before_last} to {hours_end_before_last} hours before last action
TARGET STUDENT’S ACTIVITY SEQUENCE: {action_text}
Instructions:

• Provide a detailed, step-by-step description of what the student is doing

• Focus on the student’s workflow and intent behind the actions

• Interpret technical UI elements into plain language

• Consider the context of students interacting with MOOC

• Pay attention to the sequence and progression of actions, their frequency, and timestamps to note
regularity / sparsity / consistency / inconsistency

Provide a comprehensive and balanced description of the student’s MOOC learning behavior and
engagement patterns.

Table 9: WorkflowView Layer for MOOC student dropout prediction; obtaining natural language descriptions.

Prompt Type Content

System Prompt You are an expert at summarizing student learning behavior patterns into concise, actionable insights
about student engagement in online courses.

User Prompt Based on the detailed learning behavior analysis below, generate a concise summary that captures the
key patterns of student engagement and learning behavior in this MOOC course.
Time Window: {hours_start_before_last} to {hours_end_before_last} hours before last action
TARGET STUDENT’S DETAILED ANALYSIS: {detailed_description}
Instructions:

• Generate a concise summary (2–3 sentences) of the student’s engagement patterns

• Focus on key behavioral indicators and learning activity patterns

• Highlight temporal patterns and engagement levels

• Concisely surface insights that may help infer if the student will dropout of the course of continue
based on their engagement so far

Engagement Summary:

Table 10: WorkflowView Layer 2 for MOOC student dropout prediction; obtaining succinct activity summary.
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1. Action Sequence [svg] → CLICK, [link] Your lists → CLICK, [link] Create a list → CLICK, [svg] → CLICK, [span] Walgreens → CLICK,
[textbox] Add a title (Required) → TYPE: Walgreens, [img] → CLICK, [button] Next → CLICK, [link] Personal Care →
CLICK, [svg] → CLICK, [img] → CLICK, [span] Add to list → CLICK, [checkbox] Walgreens New → CLICK, [button]
Done → CLICK, [path] → CLICK, [path] → CLICK, [path] → CLICK, [svg] → CLICK, [img] → CLICK, [span] Add to
list → CLICK, [checkbox] Walgreens New → CLICK, [button] Done → CLICK, [path] → CLICK, [link] View More →
CLICK, [img] → CLICK, [span] Add to list → CLICK, [checkbox] Walgreens New → CLICK, [button] Done → CLICK,
[button] Back → CLICK, [path] → CLICK, [link] Shower Essentials → CLICK, [img] → CLICK, [span] Add to list →
CLICK, [checkbox] Walgreens New → CLICK, [button] Done → CLICK, [button] Back → CLICK, [link] Lists → CLICK

Generated Task Description Create a Walgreens shopping list and add personal care and shower essentials items.

Ground-truth Task Description Create a new list and add four items from the personal care category at Walgreens.

2. Action Sequence [link] SEARCH CARS → CLICK, [button] Distance & Shipping → CLICK, [button] Change Location → CLICK, [textbox]
Enter ZIP or State → CLICK, [textbox] Enter ZIP or State → TYPE: 07470, [button] set store → CLICK, [button] Distance
& Shipping → CLICK, [button] Nationwide → CLICK, [menuitem] 100 miles → CLICK, [input] → CLICK, [button]
Back to all categories → CLICK, [button] Make → CLICK, [listitem] Honda → CLICK, [button] Back to all categories →
CLICK, [button] Model → CLICK, [listitem] Civic → CLICK, [button] Back to all categories → CLICK, [button] Year →
CLICK, [button] 2010 → CLICK, [menuitem] 2017 → CLICK, [button] 2023 → CLICK, [menuitem] 2017 → CLICK,
[button] Back to all categories → CLICK, [button] Features → CLICK, [listitem] Sunroof(s) → CLICK, [button] Back to
all categories → CLICK, [button] Exterior Color → CLICK, [listitem] Black → CLICK, [button] Back to all categories →
CLICK, [button] Sort by → CLICK, [label] Lowest price → CLICK

Generated Task Description Find a black 2017 Honda Civic with a sunroof within 100 miles of Wayne, NJ,
sorted by lowest price.

Ground-truth Task Description Find the cheapest 2017 Honda Civic within 100 miles of 07470 which has a sun
roof and black exterior color while excluding out of market vehicles

3. Action Sequence [textbox] DESTINATION → TYPE: NIAGRA FALLS, [option] Niagara Falls, ON, Canada → CLICK, [button] Date
selection → CLICK, [span] 17 → CLICK, [span] 20 → CLICK, [button] Done → CLICK, [button] 1 Room, 1 Guest →
CLICK, [button] Add Rooms → CLICK, [button] Add Adults → CLICK, [button] Add Adults → CLICK, [button] Add
Children → CLICK, [button] Add Age → CLICK, [button] Add Less than 1 → CLICK, [button] Add 1 → CLICK, [button]
Add 2 → CLICK, [button] Find Hotels → CLICK, [checkbox] Show rates with taxes and all fees → CLICK, [checkbox]
Show available hotels only → CLICK, [link] Free breakfast → CLICK, [link] Pool → CLICK, [generic] Price → CLICK,
[label] 100 - 200 USD → CLICK, [button] APPLY → CLICK, [combobox] Sort by → CLICK, [option] Price → CLICK,
[link] VIEW RATES → CLICK, [button] Member Rate Prepay Non-refundable → CLICK, [label] Accept cancellation →
CLICK, [button] CONTINUE → CLICK

Generated Task Description Book a hotel in Niagara Falls, ON, for three adults and three children from April 17
to April 20 with free breakfast and a pool, within a $100-$200 budget after including
taxes and fees.

Ground-truth Task Description Find two rooms in a cheapest hotel in Niagra Falls for three adults and one three
year old kid from May 17 to May 20, view only available hotels within 100 to
200 dollar range with taxes and fees, and choose the cheapest hotel that offers free
breakfast and a pool.

4. Action Sequence [link] Shop → CLICK, [img] Sports car icon → CLICK, [button] Sort by → CLICK, [label] Lowest price → CLICK,
[button] Back to all categories → CLICK, [button] Fuel Type → CLICK, [listitem] Gas → CLICK, [button] Back to all
categories → CLICK, [button] Year → CLICK, [button] 2010 → CLICK, [menuitem] 2018 → CLICK, [button] 2023
→ CLICK, [menuitem] 2022 → CLICK, [button] Back to all categories → CLICK, [button] Exterior Color → CLICK,
[listitem] Gray → CLICK, [button] Back to all categories → CLICK, [button] Transmission → CLICK, [span] Automatic
→ CLICK, [button] Back to all categories → CLICK, [heading] Distance & Shipping → CLICK, [button] $99 Or Less →
CLICK, [menuitem] Free to home or store → CLICK, [button] Back to all categories → CLICK, [switch] COMPARE →
CLICK, [path] → CLICK, [button] Add to Compare → CLICK, [button] Go to Compare → CLICK, [button] COMPARE
PHOTOS → CLICK

Generated Task Description Find and compare affordable gray automatic sports cars that run on gas from recent
years (2018-2022) with no shipping costs.

Ground-truth Task Description Search for an automatic grey sports car with the lowest price, gas fuel and free
shipping manufactured between 2018 to 2022, compare the top two results and
compare photos.

5. Action Sequence [button] hotels → CLICK, [div] Destination or property → TYPE: jakarta, [hp-input-button] Destination or property →
TYPE: jakarta, [div] Jakarta → CLICK, [div] Choose date → CLICK, [div] Jun → CLICK, [generic] 1 → CLICK,
[generic] 4 → CLICK, [button] Search → CLICK, [button] Yes, I agree → CLICK, [span] Lowest price → CLICK,
[button] Choose room → CLICK, [button] Book now → CLICK, [textbox] First name → TYPE: Joe, [textbox] Surname
→ TYPE: Bloggs, [textbox] Email address → TYPE: buckeye.foobar@gmail.com, [textbox] Confirm email address →
TYPE: buckeye.foobar@gmail.com, [input] → TYPE: 1111111111111111, [textbox] Address 1 → TYPE: the home of joe
bloggs, [textbox] City → TYPE: new york, [textbox] Postcode/ZIP code → TYPE: 10001, [combobox] State → TYPE:
new york, [textbox] Card number → TYPE: 1234, [combobox] Card type → SELECT: MasterCard, [combobox] Month →
SELECT: 01, [combobox] Year → SELECT: 2023, [textbox] CVV → TYPE: 123, [textbox] Cardholder’s name → TYPE:
joe bloggs, [svg] → CLICK

Generated Task Description Book a hotel in Jakarta from June 1 to June 4 at the lowest price, for Joe Bloggs with
email buckeye.foobar@gmail.com and phone number 11111111111. The billing
address is specified to be in New York, 10001.

Ground-truth Task Description Book the cheapest available hotel for a three night stay from 1st June in Jakarta. The
guest is named Joe Bloggs with the email address of buckeye.foobar@gmail.com
and phone number of 11111111111. Billing address is in New York, zip code
10001.

Table 11: Qualitative examples of task descriptions generated using WorkflowView from the action sequences, and the
corresponding ground-truth task descriptions.
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