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Abstract

We build a comprehensive online evaluation benchmark for
language-conditioned multi-step task execution on mobile
interfaces. Our benchmark strives to evaluate the multi-
step planning, reasoning, and visual grounding capabili-
ties of agents, using mobile user interfaces as a concrete
testbed. To build diverse, challenging tasks that reflect
real-world use cases, we propose an exhaustive taxonomy
that allows us to measure progress along multiple decision-
making abilities including multi-step planning, visual per-
ception, action grounding, and using memory or exter-
nal knowledge. We also highlight important factors such
as statefulness, safety, and evaluation complexity that are
key to design tasks that can be reliably evaluated. Us-
ing this taxonomy, we design 116 tasks across 36 unique
apps. Through an automatic framework, we stage and eval-
uate several natural baselines with different input repre-
sentations and planning strategies. We show that the best-
performing agent achieves 40% success on our benchmark.
We further measure agents’ abilities to plan, ground, and
utilize world knowledge highlighting areas of improvement.

1. Intro
Building autonomous agents has been a long-standing goal
in Artificial Intelligence (AI) [1–4]. With recent advances
in Large Language Models (LLMs), and Vision-Language
Models (VLMs), there has been a surge in the development
of interactive digital agents that can automate tasks on mo-
bile phones [5–13]. These agents are designed to automate
everyday activities such as shopping for groceries, planning
trips, and organizing calendars.

Several benchmarks have been introduced to evaluate
these agents’ ability to understand and navigate Web [14–

18], Android [19–25], and Desktop environments [26–28].
Benchmarks for mobile agents have typically been offline,
consisting of static sets of images or ground truth trajecto-
ries against which an agent is evaluated [20–22, 25]. While
offline benchmarks are performant, they do not reflect the
real-world stochasticity of mobile environments, and they
have limited ability to measure how agents recover from
mistakes or re-plan.

In contrast, online benchmarks require agents to inter-
act with realistic dynamic environments. However, build-
ing online benchmarks for mobile devices presents the
unique challenges of staging, managing state, and design-
ing evaluations that can account for dynamic content. Re-
cent efforts avoid these challenges by collecting tasks for
small sets of apps which have limited effects on external
databases [24, 25]. More importantly, many of these bench-
marks suffer from limited task coverage due to sourcing
tasks from LLMs (which risks sampling tasks the LLM al-
ready has knowledge of) or are open-ended, making robust
evaluation harder [25]. Other benchmarks [23] use tasks
from datasets known to have limited diversity [19, 20].

Toward building a more diverse and realistic benchmark,
we introduce UINavBench, a platform that can stage,
watch, and evaluate agents on mobile user interfaces. A
key contribution of our work is a task taxonomy that allows
us to express a variety of axes along which our system can
measure different aspects of agent performance (Fig. 1). We
involved domain experts in HCI, digital agents, robotics,
and AI safety to co-create this taxonomy and parameter-
ize it with 116 carefully designed tasks across 36 apps that
measure agents’ abilities to plan and reason, ground, and in-
tegrate memory and knowledge. Our taxonomy categorizes
tasks along several dimensions—such as perceptual com-
plexity, memory requirements, planning, fine-grained inter-
actions, action diversity (clicks, typing, gestures), the num-
ber of interactions, unique screens, and multi-app usage—to
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Figure 1. UINavBench: A framework for evaluating interactive digital agents on mobile devices. Our benchmark provides a diverse
set of tasks across different apps, with varying levels of complexity within planning and reasoning, visual grounding, and memory and
knowledge. The framework includes robust evaluation mechanisms, and handles staging and cleanup steps for tasks requiring setup.

ensure balanced difficulty and robust benchmarking.
Another key contribution of our work is implementing

carefully designed staging and post-completion steps for
tasks that require setup, e.g., user accounts and staged data.
These setup and teardown routines are written by experts
in iOS and used to reset the environment before interaction
and minimize the impact on the external state. To evalu-
ate task success, we design an expressive set of criteria to
programmatically check for success by inspecting the text
and UI elements present on the last screen or the interaction
history. We use this approach in conjunction with a VLM-
as-judge evaluation [29] which we verify to align strongly
with expected ground-truth answers. We report both mean
episode success as well as path efficiency.

A unique aspect of our benchmark is that it is the first
to evaluate agents on the iOS platform. While training
data exists for UI navigation on Android, Web and Desk-
top [19, 21, 30–32], public UI navigation data is scarce for
iOS. This enables the community to study whether today’s
agents generalize to new platforms.

Finally, we experiment with five baselines consisting of
both open-weights end-to-end UI navigation methods as
well as modular methods using a commercial multi-modal
language model, GPT-4o [33], as a planner. We experiment
with different representations of the input screen, different
grounding methods, as well as popular reasoning techniques
like ReACT [34], and Reflexion [35]. The best-performing
method achieves 40.5% episode success on our full bench-
mark. We further break down the performance along key
axes of decision-making—planning and reasoning, ground-
ing, and memory and knowledge—to highlight areas of
improvement in existing methods. We also plan to make
UINavBench accessible to the research community.

2. Related Works
Static Benchmarks for Digital Agents Static approaches
of benchmarking digital agents compare predictions against
pre-recorded, static demonstrations by human users, and
measure step-wise or episode-wise error rates. Prior works
have built benchmarks for mobile UI navigation tasks [19,
21, 30, 32, 36], web navigation tasks [15, 37, 38], and
cross-platform tasks covering web, desktop and mobile de-
vices [39–42]. While these approaches are easy to scale and
are relatively stable across multiple execution runs, they of-
ten do not reflect real-world challenges that agents might
face, such as having to replan their task completion ap-
proach after a non-deterministic UI pops up in the app. As
such, our work focuses on building a dynamic benchmark.
Interactive Digital Benchmarks In contrast, dynamic ap-
proaches measure digital agents’ task completion perfor-
mance in live environments. These simulate the real en-
vironments the agents are deployed in [17, 43–45], such as
in a controlled web [14, 46] or mobile [23] environments.
While these benchmarks are more realistic, their tasks were
designed in an ad-hoc fashion, or were sourced from the
internet and/or LLM. In contrast, our curated tasks based
on the taxonomy ensure balanced category representation
and enable deeper analysis beyond success rate. Further,
instead of relying on access to the device state, our auto-
matic evaluation uses screen observations to validate task
success allowing verification to be agnostic of app imple-
mentation. We are also the first benchmark designed on the
iOS platform enabling the community to test the general-
ization capability of agents.
Mobile Agents Prior work in digital mobile agents can be
further categorized into multi-agent systems and end-to-
end agent models. Multi-agent systems (or agentic work-

23354



Group Category Definitions Count Example Task(s)

Task Length

Simple (1-3 actions required) 18 Simple: Sort my [stocks] watchlist by price change

Medium (4-6 actions required) 35 Medium: Add the Physics [podcasts[ category to favorites

Complex (7+ actions required) 61 Complex: What is the moonrise time during next new moon day

Navigation Depth

Surface (Must navigate 1 unique view, or 2 if the second is reachable in one step) 26 Surface: Change the ringtone of the existing timer to Daybreak

Shallow (Must navigate 2-3 unique views) 52 Shallow: Add Apple Park Visitor Center to my pinned locations

Deep (Must navigate 4+ unique views) 38 Complex: Change the clock settings to only allow alerts on the lock screen and banners

Multiple Applications Requires interacting with multiple applications 29 Multi App: Search for the first hike in "Baby Friendly hikes" note in Apple Maps

Goal Specification
Direct (desired state is described in the task) 93 Direct: Draft a text to Alice saying if I have more events on the 12th or 13th between 2 and 5 pm

Under-constrained (multiple plausible goal states are feasible) 23 Underconstrained: In Youtube, play a video about how to cook Tamales

Determinism
Deterministic (taking an action will result in the same state change with the same initialization) 50 Deterministic: Schedule a time block this afternoon from 2 pm to 3 pm for dental visit

Non-Deterministic (same actions may lead to different results, or content is dynamic) 66 Non-Deterministic: I want to see the top books in Libby, sorted by popularity

Perceptual Difficulty

Text Only (only requires perceiving text) 30 Text: In google maps, find the driving time between madrid and paris.

Text+UI (requires text and common UI elements, e.g., tabs, toggles, common icons) 47 Text+UI: Add a cup of Lemonade for kids size to my starbucks order.

Text+Visual (requires text and uncommon UI or graphics, e.g., charts, images, diagrams) 39 Text+Visual: What is the moonrise time during next new moon day

Action Complexity

Tapping the screen 108 Enable Voiceover in Settings

Typing Text 74 Search for the note about curiosity

Swiping (to manipulate a UI element or scroll a view) 38 Go to the references at the end of this document

Drag-and-drop: Gesture to finely arrange elements on the screen 6 Gesture: Draw a palm tree on top of a rabbit in Freeform

Double Tap: Tapping the screen at a location twice in quick succession 5 Double Tap: Create a new slide that says “Orcas are the best” with a picture of an orca from wikipedia

Task Memory Requires recalling specific details from earlier in an interaction 30 Add all the ingredients from the quesadillas recipe I downloaded to my Whole Foods cart

Env. Knowledge Understand uncommon or app-specific navigation design patterns 40 Make the spoken directions volume in maps louder

World Knowledge Requires knowledge from outside the environment 15 Get directions from the Moscone Center to Half Moon Bay taking the scenic route
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Table 1. Task Taxonomy for UINavBench. We consider a diverse set of axes along which we want to measure agent performance. The
axes include task length, navigation depth, perceptual difficulty, multi-app tasks, action complexity, among others.

flows) [37, 47–49] commonly include several modules such
as a screen perception component (e.g. via UI detectors, ap-
plication trees), a planner agent (which typically leverages
LLMs [50–53]), an action agent, and an evaluator [37, 54–
57]. In contrast, end-to-end agent models are unified mod-
els that jointly perform mobile UI perception, task planning,
and action prediction. The models directly translate raw in-
put images into low-level actions [19, 58–61]. So far, agen-
tic workflows implemented using commercial models have
outperformed end-to-end models. We conduct experiments
using both approaches.

3. Benchmark
UINavBench provides a testbed for evaluation and devel-
opment of Digital Agents. A design goal of our system was
to evaluate agents on meaningful tasks along general chal-
lenges in agent design, to be useful beyond the concrete in-
stantiations in mobile interfaces.
1. Planning and Reasoning. Performing tasks specified in

language on mobile apps requires breaking down a high-
level description into concrete interactions, often with a
large number of steps. When deployed in online settings,
agents will need to adapt plans to changes in the environ-
ment and external state.

2. Visual Grounding. To execute plans, digital agents
must perceive the semantics and affordances of mobile
UIs and ground various actions into screen elements.
This can be challenging in a environment with anima-
tions, dynamic content, and frequent UI updates.

3. Memory and Knowledge. Solving tasks can require re-
membering past interactions, user preferences, searching
external databases, the web, and account history. Digi-
tal agents must also contend with tasks that are not fully
specified, and use reasoning abilities to infer intent or

draw upon world knowledge.
As a central contribution of this work, we introduce a

comprehensive taxonomy in the following sections that cat-
egorizes tasks along these fundamental axes of multi-step
decision-making (Sec. 3.1). We expand the taxonomy with
criteria important for reliable evaluations (Sec. 3.2), reflect-
ing several practical challenges that exist in staging data,
evaluating agents in dynamic environments, and ensuring
the safety of repeating tasks at scale without side effects.

3.1. Multi-Step Decision Making Challenges
In this section, we describe our taxonomy’s axes within the
challenges in multi-step decision-making described above.
A full description of these axes is listed in Tab. 1.

3.1.1. Multi Step Planning / Reasoning
Task Length. A simple yet incomplete measure of plan-
ning difficulty is counting the actions required to complete
the task. We divide this into 3 buckets: simple (1-3 interac-
tions); medium (4-6), and complex (7 or more).
Navigation Depth. Navigating many views requires a
memory of app structures or having a strong prior for com-
mon affordances across apps. This measure is not always
related to task length. For example, scrolling through search
results can involve many swipe actions within the same
view, but updating some settings within apps can require
traversing a new view with almost every action.
Multiple Applications. Many real-world scenarios require
multiple apps, testing planning and memory when transfer-
ring information between apps.
Goal Specification. Underconstrained tasks pose chal-
lenges when agents struggle to determine if the task is com-
plete. Tasks such as “play a video of how to cook tamales”
require agents to decide if a video satisfies the task.
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Productivity (43) ■ Weather (7) ■ Spotify (4) ■ Alltrails (5)
■ Notes (12) ■ Contacts (7) ■ Music (1) Shopping (7)
■ Calendar (10) ■ Clock (6) ■ News (1) ■ Amazon (4)
■ Mail (7) ■ Google (4) Social (15) ■ Starbucks (3)
■ Keynote (5) ■ Files (3) ■ Messages (4) Finance (4)
■ Reminders (5) ■ Settings (3) ■ TikTok (3) ■ Stocks (4)
■ Numbers (2) ■ Tips (1) ■ Youtube (3) Photos & Video (2)
■ Freeform (1) ■ Shortcuts (1) ■ Zoom (3) ■ Photos (2)
■ Pages (1) Entertainment (16) ■ LinkedIn (2) Health (2)
Utility (41) ■ Podcasts (6) Travel (15) ■ Health (2)
■ Safari (9) ■ Libby (4) ■ Maps (10)

Figure 2. Domains used in UINavBench. Left: count of total tasks (left bars) and apps (right bars) for each domain. Right: A detailed
breakdown of apps in each domain. Note that some tasks require interacting with multiple apps.

Task Intent. To understand how user intent can affect plan-
ning, we used open coding [62] to categorize our final set of
tasks into a set of common intents. We categorize tasks as
nav, traversing an app to a specific view; search, retrieving
information through text or faceted filters [63]; assistance,
manipulating content or controls; and data_entry, entering
text from the goal or memory.

3.1.2. Visual Grounding
Perceptual Difficulty. Mobile UIs have different design
characteristics than desktop applications and often require
a deeper semantic understanding of UI components to ef-
fectively take actions [64]. Tasks require understanding a
broad set of common UI components [65] and icons [66].
Other tasks require understanding more complex graphics,
such as maps, diagrams, and image content.
Action Complexity. Unlike robotics tasks which typically
have a fixed action space, most digital tasks require a com-
bination of click, swipe, and type actions. Difficult tasks
require gestures, e.g., to position or resize a graphic.

3.1.3. Memory and Knowledge
We measure three ways in which agent can recall rele-
vant information required to complete a task. Task mem-
ory requires recalling information from an earlier observa-
tion in the trajectory. Other tasks may require environment
knowledge to navigate apps with idiosyncratic design pat-
terns. Some tasks require world knowledge, or common-
sense knowledge from outside the environment.

3.2. Implementation Challenges

There are many practical challenges to maintaining consis-
tent state in online mobile environments. In this section, we
detail some challenges with staging and evaluation.

3.2.1. Repeatable staging of the environment.
Setup Criteria. Restoring the state of apps to be consistent
across multiple runs may involve setting up user accounts
to access app capabilities and staged data to make the task
feasible (“delete my note about concerts” requires the note
to exist). While creating tasks, we constructed repeatable

staging setups through OS automation APIs. Tasks that re-
quire payment, sensors such as a camera or accelerometer,
or physical hardware, like a smart vacuum are excluded.
Post Execution Cleanup. Executing realistic tasks often
requires making persistent changes to state. We categorize
all potential changes our tasks may result in. Tasks can have
no effect, i.e., when purely navigating or searching (impacts
to ads or recommendations are not considered), and require
no cleanup upon episode termination. Other tasks affect
local app state, such as setting alarms, which are handled
automatically when the device is reset across runs. In some
cases, state changes are persistent in a remote database that
cannot be easily reset. External private changes are not vis-
ible beyond the user and the app they are interacting with,
e.g., creating a note in a cloud account. External public
state changes are generally visible to, or affect, the outside
world, e.g., following a podcast channel. For these, we pro-
grammatically take actions on the UI post-execution using
OS automations to ensure all changes are undone.
Safety Considerations Importantly, the risks of leaving
lasting impacts on the real world are compounded in the
large-scale online benchmark setting. Running even simple
tasks can have unintended consequences at scale, e.g., play-
ing a song on a streaming service can artificially increase its
popularity. We carefully design tasks to have minimal side
effects. We also exclude tasks with reversibility or impact
concerns as defined by a recent work introducing a taxon-
omy of safety impacts for UI agents [67].

3.2.2. Reliable evaluation.

Different agents can complete tasks through different trajec-
tories. Validating these different trajectories against ground
truth without inspecting system state is complex. In the sim-
plest case, a task can be designed so that its success can be
determined entirely by the contents of the last screen only,
e.g., adding a product to a shopping cart. Other tasks require
inspecting multiple screens in the trajectory if the last screen
is not enough, e.g., adding a calendar event with many at-
tendees. Evaluations can consider text (e.g., matching the
product name), or visual information (e.g., the product’s
color). Supported evaluations are discussed in Sec. 4.4.
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3.3. Benchmark Details
Overall, we believe that the task taxonomy not only
helps measure key agentic abilities required for multi-step
decision-making but also gives the community a “data
card” to help design new tasks.

4. Environment
The mobile UINavBench environment is formalized as a
partially observable Markov decision process (POMDP). At
each time step, the agent receives an observation (Sec. 4.2)
that partially describes the current state of the environment.
The observation primarily consists of a screenshot of the
current screen on the device, and a textual description of
the goal. Given the current observation, the agent takes
an action (Sec. 4.3) in the environment, and receives the
next observation. Actions include common mobile interac-
tions such as tapping, swiping, and text input. The interac-
tion between the agent and the environment continues un-
til the agent terminates the episode, or a maximum number
of steps is reached. We run evaluation on task-completion
(Sec. 6.1) to measure the performance of the agent.

4.1. Simulation
For each episode, UINavBench provisions a remote phys-
ical device running iOS 18.1. The device performs all task
pre-staging steps like setting up user accounts, installing
necessary apps, and staging any required data. We support a
number of apps, including pre-installed apps such as Notes,
Clocks, and Weather, as well as apps available in the App
Store. The agent uses a VNC server on the device to ob-
serve the screen state and control the device. To ensure re-
peatability across evaluations, we silence several system no-
tifications and dialogs using operating system APIs. Using
the task taxonomy, we design 116 task tempaltes across 36
apps. These apps cover a range of app categories like util-
ity, productivity, entertainment, social and more. The apps
and corresponding task distributions are shown in Fig. 2.

4.2. Observation Space
The observation includes the current screenshot and the nat-
ural language goal description. Inspired by AXNav [54],
the environment also provides a list of UI elements obtained
from a detection model [65, 66]. Each element in the list
contains an integer id, detected label (e.g., Icon, Label, But-
ton, etc), contained text (if any), bounding box coordinates,
and predicted clickability. We further filter the detection
outputs by removing spurious detections of single character
keys on the virtual keyboard, preserving special keys like
“enter”, “go”, etc., since they are useful for navigation.

4.3. Action Space
Our environment supports all mobile input types required
to complete our tasks. Supported actions are summarized in

Table 1. Click based interactions like CLICK, LONG_PRESS,
and DOUBLE_CLICK take px, yq coordinates as input which
specify the location on the screen to interact with. We also
support SWIPE actions which take start (x1, y1) and end
(x2, y2) coordinates as input. The swipe action is imple-
mented by starting a touch down at the start coordinates,
moving to the end coordinate in small steps, and lifting up
at the end coordinate. For entering text, the agent can use
the TYPE action which takes a string as input. The envi-
ronment supports additional actions like WAIT which takes
a number of seconds as input, a special NAVIGATE_HOME
action, and sending special keys like ENTER, BACKSPACE,
and SHIFT using the SEND_KEYS action.

4.4. Task Validator
Manually verifying the success of a given task execution by
an agent can be tedious. Episodes can contain dozens of
steps, and there are often multiple correct ways of complet-
ing tasks. An accurate evaluation needs to be robust to vari-
ations in successful trajectories. We develop an automated
task validator (Fig. 3) which can account for such variations
in successful trajectories without requiring a human in the
loop. While this relates to the general problem of reward
modeling, in our setting the set of tasks is fixed and known
in advance. We do not require our validator to generalize to
unseen tasks, only requiring it to generalize across different
agent trajectories, for it to perform this task successfully.

We take the simple approach of evaluating episodes
based on a set of predefined criteria which must all be sat-
isfied for the trajectory to be labeled as successful. The
validation criteria utilized here are either based on hand-
crafted, programmatic rules, or based on inference outputs
from a vision-language model (VLM). For each task, crite-
ria are iterated until 100% alignment with human judgment
is observed on 5 successful and failed human-collected tra-
jectories.
Rule-based. Our rule-based criteria check for expected
markers encountered during an episode from the environ-
ment state. This is similar to rule-based evaluation frame-
works employed by some open-ended reasoning bench-
marks like MMMU [68].
• TextContains: The screen must contain certain key

strings, with an optional UI element type also matching
with the ground truth type. The UI element type options
include text, checkbox, tab, toggle, icon, and button.

• TextClose: In cases where it is necessary to check for
proximity between two text strings, we evaluate whether
one text string is the closest to another target text string, in
either the horizontal direction, vertical direction, or both.

• TimeRangeMatch. In tasks involving constraints on
an input time (e.g., a calendar event), this criterion imple-
ments a corresponding check.

Multi-screen evalation. For some tasks, success criteria
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Figure 3. (a) Multi-Image Criteria: We support testing criterias jointly across multiple frames when last-screen evaluation cannot com-
pletely verify success. (b) VLM Eval: We also employ vision-language models to check criteria that cannot be evaluated using text (e.g.,
the correct color of a product is added to cart). (c) Input representation of our model: We employ set-of-marks prompting along with a
compact text representation. At each step, the agent also uses action history to reason about the next action.

need to be specified jointly across multiple frames of an
episode (Fig. 3(a)). Our system also supports these scenar-
ios by composing rule-based criteria.
VLM-based. We also employ vision-language models
(VLM), such as GPT-4o, to evaluate device screens us-
ing task-specific prompts (Fig. 3(b)) This naturally comple-
ments the stricter criteria above with more flexible evalua-
tion that can account for underconstrained tasks.
Logical compositions. The above criteria may be arbitrar-
ily composed using AND or OR logic to form new valida-
tion criteria. AND logic is used in cases where multiple text
strings must be present to validate a screen, or multiple cri-
terias must be satisfied at different parts of the trajectory.
OR is used when the presence of two or more alternative
strings may equally satisfy a criterion.

We debated using database/file based evaluation. We
found combining rule-based and VLM-based criteria re-
moved the need for database queries and API calls specific
to apps, making it easier to generalize our validators to new
tasks, especially dynamic tasks that cannot be evaluated us-
ing databases or accessibility metadata (e.g. Maps). This
allowed us to scale to 36 apps (vs 12 in OSWorld and 20 in
AndroidWorld). For each task, we evaluated against mul-
tiple failed and successful trajectories to refine the criteria.
We share examples in the supplementary material.

5. Baselines
We experiment with five approaches to building interactive
agents. All baselines have a common base architecture, con-
sisting of an off-the-shelf VLM, GPT4o [33], as the plan-
ner. It takes the natural language goal, screenshot at the
current step, and action history as input. Since GPT4o can-
not output pixel-level actions directly, we use set-of-marks
(SoM) [47] prompting by drawing bounding boxes around
all detected UI elements on the screen and annotate each
with a unique ID. To ground actions into the screen, the
planner outputs the relevant action (e.g., click, type) and
SoM ID on which the action will be performed. The action
type and the SoM ID are heuristically converted into a pixel-
level action (using the center of the SoM bounding box)

to be executed on the mobile device. We also experiment
with UGround [69], a state-of-the-art grounding model on
the ScreenSpot UI grounding benchmark [70]. When us-
ing UGround, the GPT4o based planner outputs a language
description of the element on which the action will be per-
formed. A VLM based grounding model then converts this
description into a pixel-location on the screen. Finally, we
experiment with an end-to-end baseline. Overall we have:

1. ReACT: Given a goal, current screenshot and action his-
tory, we use the ReACT framework [34] to first reason
about the goal, UI state, and history to come up with the
next action that will lead to the goal. After the reason-
ing chain, the planner outputs a structured action, which
is converted into a pixel-level action by our grounding
heuristic. At the next time step, the previous action and
reasoning chain is appended to the action history.

2. ReACT + Text: This is the same as ReACT, but with
added simplified text representations of the detected UI
elements as context (Fig. 3(c)). Similar to findings in
Omniparser [49], we noticed that this helps the model
interpret SoM more easily. We follow AXNav [54] to
generate text representations consisting of a list of SoM
IDs for the detected UI elements, their labels (e.g., but-
ton, progress bar), and corresponding text if present.

3. Reflexion + Text: To improve the reasoning proces, we
experiment with reflexion [35]. In this setup, the agent
uses a VLM critic that looks at the screen before and
after taking an action, and critiques the action. It reasons
about whether the action changed the state of the UI, and
whether any progress was made towards the goal. This
feedback is appended to the action history, and used by
the planner to come up with an improved action. We use
GPT4o as the critic.

4. Reflexion + UGround: This is the same as Reflexion
+ Text, but we use the UGround UI grounding model
instead of heuristics to ground the actions into the screen.

5. UI-TARS: Finally, we experiment with a state-of-the-art
open-weights end-to-end model UI-TARS [71] specifi-
cally trained for UI interaction. We use the 72B version
of UI-TARS with the QwenVL2 [72] backbone.
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6. Experiments
We evaluate the performance of the five baselines discussed
in Sec. 5 in UINavBench.

6.1. Metrics
• Episode Success (ES): This is a binary indicator evaluat-

ing if the agent was able to successfully execute the task.
• Success Weighted by Path Length (SPL): Popular in

embodied navigation tasks [73], we use SPL to compute
path efficiency. SPL weighs Episodic Success by the ratio
of Agent Trajectory Length and GT Trajectory Length.
Intuitively, this ratio will be closer to one if the agent’s
trajectory is as short as the optimal expert trajectory.

Please note that episodic success for all baselines are man-
ually verified by multiple humans.

6.2. Results

# Model Episode Success (ES) SPL

1 ReACT 25.8% 0.230
2 ReACT + Text 31.8% 0.260
3 Reflexion + Text 40.5% 0.345
4 Reflexion + UGround 33.5% 0.235
5 UI-Tars 11% 0.085

Table 2. Performance of the three baselines on UINavBench

Augmenting Set-of-Marks with Text-Based Representa-
tions and Reflexion improves performance. In Tab. 2,
we report the performance of the three baselines on our
benchmark. There are two key observations. First, con-
sistent with Omniparser [49], we show that augmenting the
set-of-marks (#1) with a text-based representation (#2) im-
proves the performance on both episodic success (+6%) and
SPL (+0.03). Second, adding Reflexion (#3) further im-
proves the performance by episodic success (+9.7%) and
SPL (+0.085). This shows that models that self-critique
their actions and use this to replan can improve over a model
that simply uses per-action reasoning. Fig. 4(a) shows how
agent can succesfully replan using Reflexion.
End-to-end agents still perform poorly. We observed that
end-to-end methods still perform poorly on our benchmark.
UI-Tars [71] (#5) achieves 11% success compared to 40.5%
for Reflexion + Text (#3). On the other hand, on Android
World and OSWorld, UI-Tars achieves 46.6% and 24.6%
success respectively. This gap in task success can be at-
tributed to the lack of environment specific training data for
UI-Tars. Compared to other environments like Web, Desk-
top and Android, which have public datasets [19, 21, 30–
32], iOS lacks public UI navigation datasets. This result
underscores the importance of evaluating agents against di-
verse environments to test generalization.
Grounding models generalize better but still underper-
form. In Tab. 2, we show that grounding models (UGround)

generalize better than end-to-end models (UI-Tars). Since
UGround was largely trained on synthetic data, this result
is quite promising. However, grounding models still un-
derperform compared to set-of-marks based models (#3),
despite strong grounding performance on grounding bench-
marks like ScreetSpot Pro [74].

Length z Unique Views Surface Shallow Deep

Simple 11/14 (79%) 3/4 (75%) 0/0
Medium 6/9 (67%) 17/24 (71%) 2/2 (100%)
Complex 1/3 (33%) 3/22 (14%) 4/36 (11%)

Table 3. Success of the Reflexion + Text baseline grouped by task
depth and unique views

Agents do well on short-horizon tasks. In Tab. 3, we
show that agents do reasonably well on tasks that are short-
horizon achieving 79% success. As shown in Fig. 4(b), this
is especially true when interactions are with common UI el-
ements (search field, add icon)
Agents perform poorly on long-horizon tasks In Tab. 3,
we show both the number of actions required to complete a
task (rows) and the number of unique views to be navigated
(columns) have a bearing on task difficulty. It is difficult for
agents to integrate the memory and knowledge required of
deep tasks into planning long sequences (Fig. 4(f)), leading
to poor performance on complex, deep tasks.

# Model Pure Nav.
(14)

Search
(41)

Assistance
(60)

Data
Entry (47)

1 ReACT 42.8% 26.8% 25% 12.8%
2 ReACT + Text 50% 43.9% 28.3% 10.6%
3 Reflexion + Text 64.3% 63.4% 33.3% 8.5%
4 Reflexion + UGround 50% 51.2% 36.7% 10.6%
5 UI-Tars 21.4% 22% 8.3% 0%

Table 4. Success of baselines split by task intent. The number of
tasks for each intent is shown in the brackets.

Agents show poor performance on Assistance and Data
Entry tasks. In Tab. 4, we show that agents exhibit poor
performance on tasks requiring editing text or changing the
state of the app (e.g., setting a timer, adding a note). We hy-
pothesize this is due to many of these tasks requiring plan-
ning several steps and drawing on grounding ability to in-
teract with fine-grained UI controls.

# Model Text Only (30) Text+UI (47) Text+Visual
(39)

1 ReACT 50% 29.8% 2.6%
2 ReACT + Text 56.7% 34% 10.3%
3 Reflexion + Text 80% 42.6% 7.7%
4 Reflexion + UGround 50% 44.7% 12.8%
5 UI-Tars 23.3% 10.6% 2.6%

Table 5. Success of baselines split by perceptual difficulty

Agents struggle with visual perception and fine-grained
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Figure 4. Examples of successful (green) and failure (red) cases. We find that reflexion helps with planning (a), and agents are generally
successful on medium length tasks (b). Grounding (d, e), and exploration (f), and integrating world knowledge (d) remain challenging.

interaction with UI elements. In Tab. 5, we show that
all our baselines struggle with visual understanding and
grounding of UI Elements. Tasks that require text-only un-
derstanding achieve 80% completion (#3), but this drops to
7.7% when visual understanding is required. We hypoth-
esize this is due to fine-grained UI details being hard to
capture with set-of-marks and the deep knowledge required
to understand uncommon graphical UI elements [66]. We
show examples in Fig. 4(d), e.g., where an agent cannot dis-
tinguish between the “New Folder” and “New Note” icon.

# Model T (24) T+Y (46) T+S (10) T+Y+S
(28)

1 ReACT 41.7% 28.3% 40% 10.7%
2 ReACT + Text 45.8% 36.9% 30% 17.9%
3 Reflexion + Text 54.2% 56.5% 40% 14.3%
4 Reflexion + UGround 54.2% 41.3% 40% 14.3%
5 UI-Tars 20.8% 15.2% 0% 3.6%

Table 6. Performance by action complexity (Tap, TYpe, Swipe)

Agents fail to complete tasks even with simple actions
(TAP only). Performance drops sharply with more com-
plex actions. We find agents perform relatively poorly
(54.2%) even when tasks only require tap interactions
(Tab. 6). Performance drops drastically when the task re-
quires navigating views using swipe actions (Fig. 4(e)). We
noticed that swipe actions are especially tricky—agents of-
ten overshoot target elements and get stuck in a loop of
swiping up or down when the target is not in view.
Despite access to world knowledge, agents fail to utilize
it to help solve tasks. Despite our baselines using GPT-4o,
which has access to necessary world knowledge, the agents
perform poorly on tasks that require it. Our best performing
agent achieves 13.3% success on such tasks (Tab. 7, Col.
3). We believe that agents cannot generally emit actions
conditioned on world knowledge even when apparent in the
context of tasks and past observations (Fig. 4(c)).

# Model No (65) Env. (40) World (15)

1 ReACT 32.3% 20% 6.7%
2 ReACT + Text 41.5% 25% 0%
3 Reflexion + Text 47.7% 35% 13.3%
4 Reflexion + UGround 40% 32.5% 13.3%
5 UI-Tars 12.3% 10% 6.6%

Table 7. Success of baselines split by knowledge required

7. Discussion and Conclusion

In this work, we build an online benchmark to measure dig-
ital agents’ abilities to accomplish natural language goals
by executing multi-step tasks. We create a taxonomy iden-
tifying axes of decision-making including planning and rea-
soning, grounding, and memory and knowledge, and use it
to curate a set of diverse mobile UI tasks. Our benchmark
supports device staging and cleanup for consistent evalu-
ations across runs. We evaluate several baselines and re-
port their performance on task completion rate and plan-
ning efficiency. We observe that while agents are good at
short-horizon tasks, challenges remain in visual understand-
ing, low-level control, exploration, and integrating world
knowledge. Because our benchmark is the first of its kind
for iOS, we were able to study the generalization of agents
to new platforms. We found that modular methods based
on commercial VLM models as planners generalize better
to iOS than end-to-end methods trained on Android, Web
and Desktop data. In future work, we will show results
with open-weight multimodal language models fine-tuned
on this task. There are also opportunities for Reinforcement
Learning methods to improve task performance. Finally,
our hand-crafted validators can be iterated further. We plan
to make UINavBench accessible to the research commu-
nity to encourage progress in these areas.
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