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Abstract. Recent advancements in multimodal large language models
(MLLMs) have been noteworthy, yet, these general-domain MLLMs often
fall short in their ability to comprehend and interact effectively with user
interface (UI) screens. In this paper, we present Ferret-UI, a new MLLM
tailored for enhanced understanding of mobile UI screens, equipped with
referring, grounding, and reasoning capabilities. Given that UI screens
typically exhibit a more elongated aspect ratio and contain smaller ob-
jects of interest (e.g., icons, texts) than natural images, we incorporate
“any resolution” on top of Ferret to magnify details and leverage en-
hanced visual features. Specifically, each screen is divided into 2 sub-
images based on the original aspect ratio (i.e., horizontal division for
portrait screens and vertical division for landscape screens). Both sub-
images are encoded separately before being sent to LLMs. We metic-
ulously gather training samples from an extensive range of elementary
UT tasks, such as icon recognition, find text, and widget listing. These
samples are formatted for instruction-following with region annotations
to facilitate precise referring and grounding. To augment the model’s
reasoning ability, we further compile a dataset for advanced tasks, in-
cluding detailed description, perception/interaction conversations, and
function inference. After training on the curated datasets, Ferret-Ul ex-
hibits outstanding comprehension of Ul screens and the capability to
execute open-ended instructions. For model evaluation, we establish a
comprehensive benchmark encompassing all the aforementioned tasks.
Ferret-UI excels not only beyond most open-source Ul MLLMs, but also
surpasses GPT-4V on all the elementary Ul tasks.

Keywords: Ul Understanding - Multimodal Large Language Model (MLLM)

1 Introduction

Mobile applications have become an important part of daily life, serving as tools
for individuals to achieve personal goals including searching for information,
making reservations, and seeking entertainment. In this usage, we inspect the
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Fig. 1: Ferret-Ul is able to perform referring tasks (e.g., widget classification,
, OCR) with flexible input formats (point, box, scribble) and grounding

tasks (e.g., find widget, , find text, widget listing) on mobile UI screens. These
elementary tasks equip the model with rich visual and spatial knowledge, enabling it to
distinguish UI types at both coarse and fine levels, such as between various icons or text
elements. This foundational knowledge is crucial for performing more advanced tasks.
Specifically, Ferret-UI is able to not only discuss visual elements in detailed descrip-
tion and perception conversation, but also propose goal-oriented actions in interaction
conversation and deduce the overall function of the screen via function inference.

current screen visually, and perform the desired actions based on our goals.
Automating this process of perception and interaction has the potential to help
users achieve their goals with relative ease. Moreover, it is also a valuable building
block for accessibility , multi-step Ul navigation , app testing ,
usability studies , and many others.

To facilitate seamless automation of perception and interaction within user
interfaces, a sophisticated system endowed with a set of key capabilities is es-
sential. Such a system must possess the ability to not only comprehend the
entirety of a screen but also to concentrate on specific Ul elements within that
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screen. With visual understanding as the foundation, it should further be able
to map natural language instructions to corresponding actions within a given
UI, execute advanced reasoning, and provide exhaustive details concerning the
screens it interacts with. These requirements necessitate the development of a
vision-language model adept at both referring and grounding in relation to Ul
screens. Here, referring requires the system to utilize particular regional image
information in the screen input, while grounding involves the model’s capacity
to identify and denote precise locations on the screen in its outputs.

Existing approaches are insufficient in fully addressing these key capabilities.
On one hand, while Multimodal Large Language Models (MLLMs) like Fer-
ret [53], Shikra [8], and Kosmos2 [41] demonstrate strong referring and grounding
capabilities, their scope is mainly restricted to natural images. Directly adapting
these models to Ul screens can be limiting, since Ul screens typically exhibit more
elongated aspect ratios and contain smaller objects of interests (e.g., icons and
texts) than natural images. Relying solely on a directly resized, low-resolution
global image could lead to loss of important visual signals that are essential for
screen understanding and interaction. On the other hand, other works targeting
directly at UI tasks have primarily focused on processing entire screens as sin-
gular inputs (e.g., Pix2Struct [27], ILuvUI 23], CogAgent [20]), only supports
referring tasks with one bounding box in the input (e.g., Spotlight [30]), and
leveraging GPT-4V [51] to navigate Ul screens, as seen in MM-Navigator [49],
AppAgent [55], and MobileAgent [47]. Furthermore, the tasks studied in these
work do not comprehensively cover all dimensions of Ul screen understanding.

In this paper, we present Ferret-UI, the first MLLM designed to execute
precise referring and grounding tasks specific to Ul screens, while adeptly in-
terpreting and acting upon open-ended language instructions. We address the
aforementioned limitations by focusing on three pivotal dimensions: (7) improved
model architecture, (i7) data curation, and (ii) benchmark establishment. For
model architecture, we base our approach on Ferret [53|, an MLLM known for its
strong performances in referring and grounding with natural images. We posit
that such capabilities provide a solid foundation in interactive Ul-centric tasks.
For flexible adaptation of UI screen aspect ratios, we integrate “any resolution”
(anyres) into Ferret similar to [16}/33,/36], but with pre-defined grid configura-
tions to divide the full image into sub-images so that both portrait and landscape
screens can be accommodated. As later shown in Fig. [2] sub-image features are
used in addition to global image features to help magnify details and provide
enhanced visual features.

To train Ferret-Ul, we generate data at different granularities, covering basic
semantic and spatial tasks for Ul primitives to advanced reasoning tasks. We
first generate training samples for elementary Ul tasks using a template-based
approach. This encompasses referring tasks such as widget classification, icon
recognition, OCR, and grounding tasks like find widget, find icon, find text, and
widget listing. These tasks are instrumental in teaching the model to understand
the semantics and spatial positioning of Ul elements, enabling the model to make
distinctions at both a broad level (among various Ul types) and a more detailed
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level (within specific UI types, such as icons or text). For advanced tasks, we use
GPT-4 |40] to generate data, including detailed description, conversation per-
ception, conversation interaction, and function inference. These advanced tasks
prepare the model to engage in more nuanced discussions about visual com-
ponents, formulate action plans with specific goals in mind, and interpret the
general purpose of a screen. Fig. [Iillustrates examples of Ferret-UI’s proficiency
in handling the 11 tasks ranging from basic to advanced.

To assess these capabilities, we develop a comprehensive test benchmark fea-
turing 14 diverse mobile Ul tasks in terms of referring and grounding. This
includes 3 tasks from Spotlight [30] (screen2words, widget captions, and taper-
ception), and dual versions of the 11 UI tasks previously described, tailored for
both iPhone and Android screens. We conduct comprehensive evaluation of a
variety of UI understanding models, including both open-source MLLMs (e.g.,
CogAgent [20] and Fuyu [6]) and GPT-4V. We observe that Ferret-UI signifi-
cantly surpasses the base Ferret model, illustrating the importance of domain-
specific model training. Compared to GPT-4V, Ferret-UI demonstrates superior
performance in elementary Ul tasks. Notably, in the context of advanced tasks,
Ferret-UI surpasses both Fuyu and CogAgent.

Our contributions are summarized as follows. (i) We propose Ferret-UI with
“any-resolution” (anyres) integrated to flexibly accommodate various screen as-
pect ratios. It represents the first Ul-centric MLLM that is capable of effectively
executing referring, grounding, and reasoning tasks. (i4) We define a set of ele-
mentary and advanced UI tasks, for which we have meticulously gathered train-
ing samples for model training. (iii) We develop a comprehensive test benchmark
encompassing all the tasks under investigation. Through careful experiments and
analysis, we offer insights into the model’s capabilities and limitations.

2 Related Work

Earlier works [7,/19}/31,35,/44] in the area focus on studying simplified web and
mobile screens. With recent advances in both LLMs |3},/13}(17},/21}22L40, 46| and
MLLMs [10,28,[29}37,39},/45/,/52,/63], the approaches to many research problems
have been transformed, including UI understanding. Several works have explored
the use of MLLMs for UI tasks. Specifically, ILuvUI [23] and Spotlight [30] con-
centrate on single-screen Ul tasks while exploring various UI tasks by fine-tuning
on GPT-generated data and delving into UI tasks such as screen summarization
and widget interaction.

MobileAgent [47] and AppAgent [55] represent a different approach, utilizing
MLLMs as agents for Ul screen navigation, with MobileAgent employing external
detection modules for action generation and AppAgent leveraging overlaid Ul
element IDs and screen XML files for predefined actions. CogAgent [20|, built
upon CogVLM [48|, shifts the focus towards using only screen images for complex
Ul navigation, eliminating the need for Ul-specific modules. Here are some more
examples among other works that utilize LLMs [12}/18}25/62] and MLLMs [41[9]
15}43}/49}/54,/60] in the space.
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Fig. 2: Overview of Ferret-Ul-anyres architecture. While Ferret-UlI-base closely follows
Ferret’s architecture, Ferret-Ul-anyres incorporates additional fine-grained image fea-
tures. Particularly, a pre-trained image encoder and projection layer produce image
features for the entire screen. For each sub-image obtained based on the original image
aspect ratio, additional image features are generated. For text with regional references,
a visual sampler generates a corresponding regional continuous feature. The LLM uses
the full-image representation, sub-image representations, regional features, and text
embeddings to generate a response.

In this work, we focus on fine-grained mobile UI understanding with MLLMs.
Naturally, our work also aligns with the recent burgeoning literature focused on

empowering MLLMs for referring and grounding tasks .

3 Method

Ferret-Ul is built upon Ferret , which is a MLLM that excells in spatial refer-
ring and grounding within natural images of diverse shapes and levels of detail.
It can interpret and interact with regions or objects, whether they are specified
as points, boxes, or any free-form shapes. Ferret contains a pre-trained visual
encoder (e.g., CLIP-ViT-L/14) [42] and a decoder-only language model (e.g.,
Vicuna ) Furthermore, Ferret incorporates a unique hybrid representation
technique that transforms specified regions into a format suitable for processing
by the LLM. At its core, a spatial-aware visual sampler is designed to adeptly
manage continuous features of region shapes in different sparsity levels.

To instill UT expert knowledge into Ferret, we make two extensions to develop
Ferret-UTL: (i) the definition and construction of Ul referring and grounding tasks
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(Section [)); and (i) model architecture adjustment to better deal with screen
data. Specifically, Ferret-UI includes a broad range of Ul referring tasks (e.g.,
OCR, icon recognition, widget classification) and grounding tasks (e.g., find
text/icon/widget, widget listing) for model training, building up a strong UI un-
derstanding foundation for advanced Ul interactions. Unlike previous MLLMs
that require external detection modules or screen view files, Ferret-Ul is self-
sufficient, taking raw screen pixels as model input. This approach not only fa-
cilitates advanced single-screen interactions, but also paves the way for new
applications, such as improving accessibility. Initial explorations of the dataset
result in two modeling insights: (7) Ul screens are predominantly characterized
by aspect ratios that are more extended compared to those found in natural
images, as evidenced in Tab. (#i) the tasks involve many objects of interest
(i.e., UI widgets like icons and texts) that are significantly smaller than the ob-
jects typically observed in natural images. For example, many questions focus
on icons that occupy less than 0.1% of the entire screen. Thus, relying solely
on a single directly resized, low-resolution global image could lead to significant
loss of visual details.

To address this problem, we apply the idea of “any resolution” (anyres), as
advocated in SPHINX [16}33], LLaVA-NeXT [36], and Monkey [32], to Ferret-
UL Specifically, we opt for two grid configurations, 1x2 and 2x1, which are
chosen based on the aspect ratios of the original screens as depicted in Tab.
Given a screen, the grid configuration that most closely matches its original
aspect ratio is selected. Subsequently, the screen is resized to fit the selected
grid configuration and is then partitioned into sub-images. Intuitively, portrait
screens are divided horizontally, whereas landscape screens are divided vertically.
All sub-images are encoded separately using the same image encoder, and the
LLM uses all visual features of varying granularity with both the full image
context as well as the enhanced details. The overall architecture of Ferret-UI,
including the any-resolution adjustments, is illustrated in Fig. 2]

4 Dataset and Task Formulation

In this section, we detail the process of generating datasets for model training and
evaluation. Specifically, we describe the UI detection data collection process in
Section and we outline how we create task-specific data from raw detections
in Section

4.1 UI Data Collection

UI Screens. To build a model capable of perceiving and interacting with mobile
screens, it is crucial to gather a varied collection of such screens. This study
examines screens from both iPhone and Android devices.

For Android screens, we use a subset of the RICO dataset [11]. Specifically,
we consider the tasks in Spotlight [30], whose data is publicly available, including
screen2words, widgetcaptions, and taperception. We aggregate unique images for
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Platform Resolution Train Test Task iPhone Android
Android 2560x1440 26,527 3,080 screen2words - 78k
widget captions - 109k

1792x 828 74,953 8,297

taperception - 14k

iPh 828x1792 4,225 461
HHONe 9436 %1125 5,420 635 elementary tasks 40kx7  40kx7
1125%2436 87 17 advanced tasks 10kx4  10kx4

(a) Number of screens by resolution. (b) Number of samples per training task.

Table 1: Mobile UI screen and training data statistics.

each split (train and test) among the tasks to form our own data splits. In total,
there are 26,527 train images and 3,080 test images.

For iPhone screens, we use the AMP dataset |58|, which spans a broad spec-
trum of applications. A subset is randomly selected and divided into training
and test splits. The iPhone screens come in various sizes, resulting in a total of
84,685 training images and 9,410 test images. The breakdown of image sizes is
summarized in Tab. [[al

UI Screen Elements Annotation. After collecting Android and iPhone screens,
we further collect fine-grained element annotation from screens using a pre-
trained pixel-based UT detection model [58]. For each detected UI element, the
output includes a Ul type (Button, Text, Icon, Picture, etc.), the corresponding
bounding box, and the text displayed on it, if any, identified by the Apple Vision
Frameworkﬂ We further use heuristics from Screen Recognition [58| to group in-
dividual detections into larger units, e.g., multiple lines of text are merged into
one group, an image is grouped with its caption, etc.

4.2 Task Formulation

This section describes how we convert the Ul screens along with the associated
detection data to a format that can be used to train an MLLM. We elaborate
three different approaches devised for the construction of the dataset.

Reformatting Spotlight. We first take screen2words, widgetcaptions, and ta-
perception from the existing Spotlight tasks [30], and format them into conver-
sational QA pairs. Specifically, GPT-3.5 Turbo is used to create a varied set of
prompts from base prompts we author for respective tasks:

— Screen2words: Provide a summary of this screenshot;

— Widget Captions: For the interactive element [bbox/, provide a phrase that
best describes its functionality;

— Taperception: Predict whether the UI element [bbox/ is tappable.

For each training example, we sample a prompt for the corresponding task and
pair it with the original source image and ground-truth answer.

! https://developer.apple.com/documentation /vision
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Fig. 3: Elementary task data generation overview. A UI detector outputs all
detected elements, with each element’s type, text, and bounding boxes. These detections
are used to create training samples for elementary tasks. For grounding tasks, we use
all element detections to create one sample for widget listing whereas the remaining
tasks focus on one element at a time. We separate the elements into icons, text, and
non-icon/text widgets. For each type, we create one referring and one grounding sample.

Elementary Tasks. In addition to the Spotlight tasks, we use paired screens
and UI elements mentioned in Section to generate data for novel Ul tasks
that rely on grounding and referring capabilities. We introduce 7 tasks using this
approach, one set for each of Android and iPhone screens: OCR, icon recognition,
and widget classification for referring; and widget listing, find text, find icon, and
find widget for grounding. We define referring tasks as the ones with bounding
boxes in the inputs, while grounding tasks are the ones with bounding boxes in
the outputs.

For each task, we also use GPT-3.5 Turbo to expand a base prompt to in-
troduce variants of the task question. Details for data generation are illustrated
in Fig. 3] The number of training samples for each task is summarized in Tab.
[I[B] The number of test samples for all tasks are 5K. In experiments, we sample
from this pool of training data with different ratios to construct our training
data mixture.

Advanced Tasks. To incorporate reasoning abilities into our model, we follow
LLaVA , and additionally collect data of 4 more formats using GPT-4. We
focus on iPhone screens for this part of the data collection, filtering our examples
to those with more than 2 but fewer than 15 detections. These examples are sent
together with prompts to GPT-4 to create data of the desired format—the actual
images are not used. Fig. [f] illustrates the training data generation process for
advanced tasks.
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Fig.4: Advanced task data generation overview. We first normalize bounding
box coordinates from the detection outputs, then we send the detections, prompts, and
optional one-shot example to GPT-4. For detailed description and function inference,
we pair the generated response with a pre-selection of prompts to train Ferret-UI. For
conversation tasks, we directly transform GPT-4 output to multi-turn conversations.

The four tasks are detailed description, conversation perception, conversation
interaction, and function inference. Among these, we expand base prompts for
detailed description and function inference to pair them with the GPT-4 re-
sponse as the input data in our model training. For conversations, we provide an
in-context example for GPT-4 to better follow bounding box formats in its out-
put. From the raw GPT-4 output, we parse the bounding boxes and transform
them into the correct multi-turn conversation format for our model. In total, we
have created 40K valid conversations from GPT-4 generated data. More details
about our data collection pipeline and detailed analysis of our collected data are
provided in the Appendix.

While our training data collection primarily targets iPhone screens, we as-
semble test sets for both iPhone and Android platforms. For each task, we select
25 test screens from iPhone and 5 from Android. Due to overlaps in images across
different tasks, the total number of unique images amounts to 56 for iPhone and
13 for Android. For evaluation, we randomly select 2 QA pairs for the conversa-
tional tasks, creating two distinct test instances with precisely one question in
each input. Utilizing these test images, we formulate 20,/40/38/20 questions for
iPhone and 5/10/10/10 questions for Android, for the four tasks, respectively.

5 Experiments

We first present our main results in Section followed by ablation studies in
Section Then, detailed analysis of results on elementary and advanced Ul
tasks is prov1ded in Section [5.3] and [5.4] respectively.
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Public Benchmark Elementary Tasks Advanced Tasks
S2W WiC TaP Ref-i Ref-A Grd-i  Grd-A iPhone Android

Spotlight |30] 106.7 141.8 88.4 - - - - - -

Ferret [53| 17.6 1.2 46.2 13.3 13.9 8.6 12.9 20.0 20.7
Ferret-Ul-base 113.4 142.0 78.4 80.5 82.4 79.4 83.5 73.4 80.5
Ferret-Ul-anyres 115.6 140.3 72.9 82.4 82.4 81.4 83.8 93.9 71.7

GPT-4V |[1] 34.8 23.5 47.6 61.3 37.7 70.3 4.7 114.3 128.2

Table 2: Results of Ferret-Ul and baseline models. S2W: screen2words, WiC'": widget
captions, TaP: taperception. We report the CIDEr score for S2W and WiC and F1
for TaP. For elementary and advanced tasks, we report the averaged performance of
corresponding tasks. “i”: iPhone, “A”: Android, “Ref”: Referring, “Grd”: Grounding.

Setup. In this section, Ferret-Ul-anyres refers to the version with any-resolution
integrated, Ferret-Ul-base refers to the version directly following the Ferret ar-
chitecture, and Ferret-UlI refers to both configurations. During training, both the
decoder and the projection layer are updated while the vision encoder is kept
frozen. All the training data is formatted into the instruction-following format,
and the training objective is the same as in Ferret. In total, our training mixture
has 250K samples. Ferret-Ul-base takes 1 day to train while Ferret-Ul-anyres
takes about 3 days on 8 A100 GPUs.

5.1 Results

We compare the performances of Ferret-Ul-base, Ferret-Ul-anyres, Ferreiﬂ and
GPT-4V for all tasks. We also include Fuyu [6] and CogAgent’s |20] performance
on advanced tasksEI Results are summarized in Tab. |2| where the average per-
formance within a category is reported. Performance breakdown for elementary
and advanced tasks is shown in Fig. [l and Tab. [3] respectively.

Public Benchmark from Spotlight [30]. Compared to Spotlight, Ferret-UI
demonstrates superior performance in S2W and WiC, even though Spotlight
uses 80M web page screenshots and 2.69M mobile screenshots for pre-training.
Ferret-UI performance falls short on TaP but is still competitive; our studies
further suggest that this could be due to the noisiness of the taperception labels.
Detailed analysis is provided in the Appendix.

Results on Elementary UI Tasks. The average performance of all referring
and grounding tasks is summarized in Tab. 2] and the performance breakdown
for each task is shown in Fig. For referring tasks, we report exact match
accuracy for OCR and accuracy for icon recognition and widget classification.

2 For Ferret, we include the pre-defined classes for icon classification and widget clas-
sification in the prompts while the remaining prompts are the same as Ferret-UI.

3 For GPT-4V, we sample a random subset of 100 instances for the Spotlight and
elementary tasks for cost efficiency. For GPT-4V evaluation, we follow [50] by over-
laying indexed bounding boxes of UI elements as visual prompts. Consequently, in
grounding tasks, GPT-4V is enabled to make selections from among these candidate
boxes. We detail the effort in the Appendix.
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Fig. 5: Elementary task performance comparison. Numerous small widgets present on
the Android screen make it more challenging for referring and grounding, while Ferret-
UI continues to outperform Ferret and GPT-4V on almost all the elementary tasks.

iPhone Android

DetDes ConvP Convl Funcln Avg DetDes ConvP Convl Funcln Avg

Ferret 2.5 347 237 191 200 2.0 339 249 219 207
Fuyu [6) 50 246 188 357 210 20 208 445 361 2509
CogAgent 53.1 59.7 748 719 649 280 585 90.1 90.5 66.8
Ferret-Ul-base ~ 64.5 75.0 77.5 76.5 734 90.8 728 793 792 805
Ferret-Ul-anyres 97.4 92.1 91.1 95.2 939 864 703 50.2 77.3  70.1

GPT—4V 66.8 105.6 198.5 86.3 114.3 126.6 109.4 188.6 88.3 128.2

Table 3: Advanced task performance comparison. DetDes: detailed description,
ConvP: conversation perception, Conwvl: conversation interaction, Funcln: function
inference.

For each grounding task, we also report the accuracy, where a correct bounding
box is one that has an Intersection-over-Union (IoU) with the label greater than
the threshold (0.5). Widget listing performance is not included in the average as
we treat it as an auxiliary task.

Ferret-UT outperforms Ferret and GPT-4V in most elementary tasks except
for iPhone find text. While GPT-4V demonstrates decent performance on iPhone
tasks, its performances on Android tasks, especially grounding tasks, are sig-
nificantly worse. Examining the predictions shows that Android screens have
more numerous and smaller widgets, making the grounding tasks more challeng-
ing. Furthermore, Ferret-UI’s zero-shot performance on the Referring Expression
Comprehension task from UlBert is 76% when we frame it as the find wid-
get task. Notably, with anyres added to Ferret-Ul-base, iPhone referring and
grounding tasks improve by 2 points.

Results on Advanced Tasks. The breakdown of task performance for ad-
vanced tasks is shown in Tab. As the advanced tasks require open-ended
responses, we use GPT-4 to score both the label and the prediction. We report
score for prediction over score for label as a percentage.

Ferret-UI exhibits commendable performance on advanced tasks for both
platforms, despite the absence of Android-specific data in its training dataset.
This suggests a notable transferability of UI knowledge across different operating
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S2W  WiC TaP

iPhone Android

Spotlight |30] 106.7 141.8 88.4
Adv. task only 64.6 64.3
+ iPhone elem. 70.3 68.6 Balanced TaP labels 111.7 133.8 76.5
I Android elem. 70.2 75.3 Spotlight tasks only 111.3 138.7 77.6
+ both as in 73.4 80.5 + Android elem. tasks 111.3 138.0 76.8
-+ iPhone elem. tasks 112.4 138.9 74.8
(a) Advanced Tasks Ablation. Perfor- + both 111.3 138.7 76.0
mance on iPhone and Android advanced Full mixture from 113.4 142.0 78.4
tasks. The training configurations are mix-
ing advanced tasks with no other data, with (b) Spotlight Tasks Ablation. Perfor-
iPhone elementary tasks only, Android ele- mance on S2W, WiC, TaP tasks. For the bal-
mentary tasks only, or both. anced TaP labels experiment, we up-sample

the minority class.

Table 4: Ablation studies on the factors that impact performance on (a) Advanced
tasks and (b) Spotlight tasks.

systems. While Fuyu [6] tends to generate answers that are generally relevant, its
responses lack the detail and precision exhibited by Ferret-UI. Conversely, GPT-
4V secures higher scores across all tasks by consistently delivering more detailed
responses than Ferret-UI, a characteristic that aligns with the preferences of
the model evaluator (GPT-4). With Ferret-Ul-anyres, iPhone advanced tasks
see a huge performance boost of 20 points while Android advanced tasks see a
performance drop. As Android advanced task data is not included in the training
mix, it could be that as the model gains enriched knowledge about iPhone screen
understanding, it loses a bit of generalizability.

5.2 Ablation Studies

Ablation on Advanced Tasks. The design motivation behind elementary
tasks is to enhance the model’s visual and spatial understanding of basic UI
elements. We propose that this enhanced understanding can aid in performing
more complex tasks. This hypothesis is examined by investigating how elemen-
tary tasks influence the model’s ability to handle advanced tasks, with findings
detailed in Tab.[Za] We see that with only advanced task data, the performance
is 64% for both platforms. The performance of advanced tasks on iPhone shows
a consistent improvement of 5% with the addition of either iPhone or Android
elementary tasks. Similarly, adding elementary tasks from the iPhone enhances
Android’s performance on advanced tasks by about 4%, whereas incorporating
Android elementary tasks boosts this performance by 9%. Including both iPhone
and Android elementary tasks further improves performance by 3% and 5% for
iPhone and Android advanced tasks, respectively, beyond the improvements seen
with a single set of elementary tasks. These observations support our hypoth-
esis that elementary tasks provide the model with enhanced visual and spatial
understanding that facilitates advanced tasks.

Ablation on Spotlight Tasks. Motivated by a desire to explore the impact
of different data configurations on Spotlight task performance, we specifically
investigate whether adding elementary task data could enhance the model per-
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Fig.6: OCR Analysis. Left: predict nearby text instead of a targeted region in
the base model, corrected in anyres. Middle: a tendency to predict valid words. Right:
Ferret-UI correctly reads cut-off text, while the detection model produces wrong labels.

formance, given that these tasks are designed to improve the visual and spa-
tial comprehension of screens. As shown in Tab. @b} the addition of elemen-
tary task data—whether exclusively from Android, iPhone, or a combination of
both—does not significantly alter performance across the three Spotlight tasks.
This may be attributed to the short and highly specialized Ul-centric vocabu-
lary used in responses in elementary tasks, contrasting with the response style
demanded by Spotlight tasks. Optimal results for Spotlight tasks were observed
when data from advanced tasks were integrated alongside all elementary tasks,
even though the advanced task data was exclusively derived from iPhone screens.
Notably, this yields a 4-point boost in CIDEr score for the widget captions with
the inclusion of advanced task data. We postulate that the free-response for-
mat of advanced task answers, which necessitates a more sophisticated set of
skills for execution, aligns more closely with the requirements of Spotlight tasks.
These tasks demand a comprehensive understanding beyond that of recognizing
individual Ul elements, as is common in elementary tasks. Moreover, executing
advanced tasks requires more sophisticated skills than understanding one specific
UI element on the screen as in elementary tasks. Thus, it stands to reason that
the skill set honed through advanced tasks would be advantageous for tackling
Spotlight tasks, which occupy a middle ground in complexity between elemen-
tary and advanced tasks. In one word, the structure of the task assumes greater
importance than the source platform of the data incorporated.
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Fig. 7: Widget Classification Analysis. Left: a large Button consists of a Picture,
Icon, and Text misclassified as a Picture. Middle: a button seated on top of a row of
Tabs misclassified as a Tab. Right: a small, text-surrounded icon being classified as
text in the base model, but correctly classified with anyres.

Save Episode

5.3 Result Analysis: Elementary UI Tasks

Referring Tasks. In analyzing Ferret-Ul’s referring capabilities, we specifically
focus on OCR and widget classification predictions. The OCR analysis reveals
three notable observations, as depicted in Fig. [0} First, the model predicts a
neighboring text instead of the text in the targeted region. This is common
for smaller texts and texts very close to other texts. Remarkably, with anyres
integrated, such cases are alleviated, indicating that inputting enlarged sub-
images helps the model with smaller visual details. Second, the model exhibits
a tendency to predict actual words rather than merely deciphering characters
displayed on the screen. This observation is in line with the semantic-reliance
observation of LLMs made in some existing work [38|. On UI screens, phonet-
ically crafted words that are commonly used as brand titles largely fall under
this category. Third, Ferret-UI demonstrates the ability to accurately predict
text that is partially cut-off, even in instances where the OCR model returns
incorrect texts.

Similar to OCR analysis, we show three interesting observations in Fig. [7}
First, the model struggles when it needs to understand relationships among wid-
gets. For example, if a large button is made up of a few sub-elements, including
Picture, Icon, and text, the model cannot see it as a unified widget but tends
to predict it as the sub-element that occupies the largest space. In line with the
first observation, when a Tab or an Icon is seated on top of a row of tabs, it is
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Fig. 8: Find Text Analysis. Left: a neighboring text is mis-identified as the target.
Middle: multiple occurrences of the same text. Right: predicted boxes not precise.

highly likely to be considered part of the tabs. Finally, we discover a common
case where small icons surrounded by texts are likely to be predicted as Text, and
this is consistent with the observation that small texts tend to be predicted as
neighboring texts. With anyres added, such cases are more likely to be predicted
correctly, in line with the observation made in OCR.

Grounding Tasks. Using find text predictions, as depicted in Fig. [8] we further
elucidate observations from grounding tasks. Echoing the initial observation from
the OCR analysis, the model may erroneously highlight a piece of text adjacent to
the targeted area. Additionally, the occurrence of multiple instances of identical
texts suggests the potential for expanding future methods to encompass a range
of answers from a singular box to multiple boxes, thereby enhancing the model’s
utility and accuracy in complex text-finding scenarios.

5.4 Result Analysis: Advanced UI Tasks

Grounded Conversation. Engaging in grounded conversation is Ferret’s unique
capability. To better understand the quality of the output bounding boxes in
terms of correctness and relevance, we manually grade all output boxes in both
Ferret-UIl and GPT-4V’s converation interaction outputs. The accuracies for
Ferret-UIl and GPT-4V are 91.7% and 93.4%, respectively. Considering Ferret-
UI generates raw coordinates whereas GPT-4V chooses from a set of pre-defined
boxes, Ferret-Ul's grounding ability on UI screens is noteworthy. Even though
Ferret-UT’s received evaluation score falls short of GPT-4V, from inspecting the
predictions as in Fig. [9] we notice that GPT-4V tends to provide extra informa-
tion that may not be relevant to the question. However, these detailed answers
are more favored in scoring than Ferret-UI’s concise answers.
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Q: What’s the function of this screen?

Fuyu: The screen shown above, which displays four images, serves the purpose of providing
visual input to the users.

CogAgent: The screen appears to be a podcast or audio content platform, where users can
browse through different episodes or shows. When the user interacts with the application, they
might select an episode to listen to, or they might use the navigation bar at the bottom to
perform other actions such as going back, playing the current selection, or searching for specific
content.

GPT-4V: The function of this screen is to showcase featured content, represented by images and
titles, that the user can browse and select to engage with, such as listening to podcasts or other
audio content within the application.

Ferret-Ul: The screen is for a podcast application where users can browse and play new and
notable podcasts, with options to play, download, and search for specific podcasts.

Q: How do I purchase AirPods Pro?
fecessories Fuyu: To buy AirPods, you can either visit the Apple Store or online through the App Store. In
the image, the "AirPods" button on the Shop by product screen is highlighted. To purchase
AirPods, simply select that option.

AirPods Pro

CogAgent: Tap the 'BUY' button located below the AirPods Pro advertisement.

GPT-4V: To buy the AirPods Pro, which you can see advertised on the screen, you should tap
on the "BUY" button. The advertisement mentions that these AirPods feature Adaptive Audio
and there's an offer for a new Memoji engraving available for free. If you want to continue
shopping for other products, you can use the navigation menu at the bottom for different
sections like the Shop, Sessions, For You, Search, and Bag. If you need to access other
shopping categories, you may use the "Shop" button in the upper left corner or explore more
accessories underneath the "Accessories" header.

Shop by product

Ferret-Ul: You can do that by tapping on the “Buy” button [box] on the screen.

Q: What are the interactive elements on this screen?
NowEvent Add
. Fuyu: The screen displays an alert message, a calendar, and an event.
CogAgent: The interactive elements on this screen include: 'Cancel, 'New Event, ‘Add, 'ECCV
Aoy O Deadline, 'Location or Video Call, ‘All-day, 'Starts, 'Ends 'Repeat, ‘Alert, ‘Add attachment...,
stens Mar?, 2026 'URL; and ‘Notes"
ends Mar7, 2024
GPT-4V: The interactive elements on the screen appear to belong to a calendar or event
Repeat L scheduling application, and they include the following:
1. "Cancel" button: Located at the top left corner, it likely discards any changes and exits the
event creation or editing view.
2. "Add" button: Situated at the top right corner, it most likely saves the new event or confirms
the details entered. [...]

Aert

‘Add attachment.

Ferret-Ul: There are several interactive elements on this screen. There are two buttons labeled
“Cancel” and "Add”, a toggle switch labeled “All-day, Mar 7, 2024, Starts, Ends”, and four text
fields labeled “Repeat, Never”, “Alert, None C”, “Add attachment...", and “URL, Notes".

Fig.9: Visualization results of advanced tasks (top to bottom: function inference,
conversation interaction, conversation perception) to illustrate the differences among
various models (Fuyu vs. CogAgent vs. GPT-4V vs. Ferret-UI).

UI detection model is a bottleneck. Given that both our elementary and
advanced tasks are predicated upon the detection of Ul elements, Ferret-UI
is not able to learn aspects of screens that are not detected, such as colors,
design, usability, and UT elements that the detection model misses (e.g., topmost
time, WIFI, battery). For example, in generating detailed descriptions, GPT-4V
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is capable of noting “The overall design conforms to Apple’s aesthetic with a
minimalistic, clean, dark theme”, a level of insight Ferret-Ul is not trained to
offer due to its reliance on detected elements alone.

Set-of-Mark (SoM) Prompting of GPT-4V. In our analysis of GPT-4V,
the Set-of-Mark (SoM) prompting approach [50] is employed, revealing several
limitations. First, its effectiveness diminishes in scenarios involving a multitude
of small Ul elements, a common occurrence in Android detection tasks. The
small size of some UI components means that the addition of labels may obscure
original content or even extend beyond the intended areas. Second, limiting the
assessment to a specified collection of candidate regions restricts the model’s
ability to reference any given region freely. In the middle example shown in
Fig. [ the UI detection model treats the entire middle section as one element,
covering the texts, image, and the Buy button. Therefore, the model is not able
to refer to the “BUY” button on its own in its responses, since it is considered
part of a collective detection group.

6 Conclusion

In this paper, we introduce Ferret-Ul, a specialized MLLM designed to enhance
comprehension and interaction with mobile UI screens. Through careful design
of “anyres” to accommodate various screen aspect ratios and curation of training
samples that encompass a diverse range of basic and advanced Ul tasks, Ferret-
UI demonstrates remarkable proficiency in referring, grounding, and reasoning.
The advent of these enhanced capabilities promises substantial advancements
for a multitude of downstream UI applications, thereby amplifying the potential
benefits afforded by Ferret-UI in this domain.
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A  Elementary Task Data Generation Details

Additional details in elementary task data generation are as follows:

— In our data generation process, we merge the two distinct classes—‘Checked”
and “Unchecked”—found in the original detection labels for both Checkbozes
and Toggles.

— For widget listing, the answer starts with a common phrase: UI widgets
present in this screen include. Each element is formatted as “{displayed text}
{UI type}” (e.g., “login button”), except for text elements, which are format-
ted as “Text displaying {displayed text}”.

— For OCR, we consider text with fewer than 10 tokens. If the text is exactly
one token, the length needs be to 2 or greater to be included.

— For tasks such as find text, find icons, and find widget, it is common to en-
counter screens containing multiple instances of the same UT element (e.g.,
multiple login buttons). We employ a filtering mechanism that excludes sam-
ples involving UI elements with multiple occurrences within a single screen.

— The size of the test set is determined by selecting the smaller value between
5k and the total number of generated test instances.

B Advanced Task Data Quality Analysis

We conduct a thorough analysis of the quality of our collected data for advanced
tasks and provide comprehensive statistics. The vocabulary size for each task is
as follows: 30,866 for detailed description, 15,666 for conversation perception,
12,092 for conversation interaction, and 14,896 for function inference.

In the realm of conversation interaction, we observe 33,649 question turns and
29,933 answer turns. Among these, 15 question turns include bounding boxes,
whereas all answer turns include bounding boxes. We compile the most fre-
quently occurring tri-grams for questions and answers in both conversation tasks.
Notably, in conversation perception questions, the top tri-grams include phrases
like are there any”, where is the”, and what is the”, while those for interactions
comprise phrases like How can I”, I want to”, and Can I do”. Similarly, in per-
ception answers, prominent tri-grams consist of expressions such as “bottom of
the”, “at the top”, and “there is a”, while interaction answers primarily feature
tri-grams like “by tapping on”, “tapping on the”, and “can tap on”.

We present detailed distributions of tri-grams in conversation data questions
and answers in Fig. This observation is consistent with our intended objec-
tives for each conversation category, with perception focusing on visual elements
and interaction emphasizing actions. Notably, from the interaction conversation
answers, we observe that tap emerges as the predominant action. In future work,
we aim to explore interactions involving other actions, such as scrolling, long-
clicking, and entering text. The inclusion of two conversation categories aims to
diversify conversation topics, although a clear-cut distinction between the two is
not always feasible, and overlap between the categories may occur.
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Fig. 10: Trigrams for collected conversation data questions and answers.

C Taperception Label Analysis

We meticulously label 30 test samples for taperception and conduct a study
on the correlation among our labels, taperception ground-truth labels, Ferret-
UI outputs, and GPT-4V outputs. Among the 30 samples, 5 pose challenges in
deciphering without direct interaction with the screen.
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Fig. 11: Agreement between different sources of taperception predictions and labels.
In unfiltered, we make the best educational guess for the one that are ambiguous. We
observe that our human annotation correlate with GPT-4V (%76) far more than with
taperception label (%8). Even though Ferret-UT’ performance on taperception falls
behind compared to Spotlight, it could be due to the noisiness of labels.

In Tab. we present the percentage of agreement among different sources
of predictions and labels. The term “filtered” denotes the set of 25 instances that
are unambiguous, while “unfiltered” encompasses the entire 30 instances. Our
labels exhibit a high correlation with GPT-4V predictions, but differing signif-
icantly from the taperception dataset labels. This discrepancy underscores the
complexity of predicting tappability solely based on single images, highlighting
the inherent challenges in obtaining clear-cut labels for this task.

D Advanced Task Generation Prompts

We present the prompts to collect advanced task data from GPT-4 in Fig. [12]

E GPT-4V Evaluation Details

We detail the process of creating input for GPT-4V to tackle the UI tasks under
scope.

[Input Images] We first annotate the screenshots tailored to each specific task,
ensuring that GPT-4V has sufficient contextual information to answer the ques-
tions. For tasks without any bounding boxes in input or output (screen2words,
widget captions, and Advanced Tasks), we use the original images as the input.
For tasks that refer to one specific UI element using bounding box in the input,
we put a magenta-colored bounding box on the image as the input, as shown in
Fig.[13]left. For tasks that expect one or more bounding boxes in the output, our
initial explorations confirm that GPT-4V is not able to provide bounding boxes
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/,Shared Prompt ‘\\

You are an AI visual assistance that can analyze mobile screens. You will receive information
describing a screen, where each UI widget detection is represented using label, text, and
bounding box coordinates separated by tab. Detections are separated with a newline. Bounding
box coordinates are represented as (x1, yl, x2, y2) with floating numbers ranging from @ to 1.
\\These values correspond to the top left x, top left y, bottom right x, and bottom right y.

VAN

//}ask Prompt - Detailed Description

Using the provided texts and coordinates, describe the mobile screenshot in a detailed manner.
Instead of directly mentioning the bounding box coordinates, utilize this data to explain the
scene using natural language. Include details like widget counts, position of the widgets,
relative position between the widgets. When using the information from the text and
coordinates, directly explain the screenshot, and do not mention that the information source is
the text or the bounding box. Always answer as if you are directly looking at the screen.

4
Task Prompt — Conversation Perception D
Using the provided texts and coordinates, design question and answer pairs around the visual
elements in the screen, simulating the interactions between a user and system. Conversations
should include details like widget counts, position of the widgets, relative position between
the widgets. Assume that the user is not able to see the screen whereas the system can see the
screen directly. Focus on the perception perspective of the screen (vs interactive). When
creating conversations, only use natural language without any numbers. Directly incorporate the
information from the text and coordinates, and do not mention that the information source is the
text or the bounding box. //
\

//}ask Prompt - Conversation Interaction

Using the provided texts and coordinates, design question and answer pairs simulating the
interactions between a user and system. Conversations should focus on potential user actions on
the screen (vs perception). When creating conversations that refer to a specific widget, append
bounding box coordinates directly after mentioning the widget, not at the end of the sentence.
Only generate questions and answers that can be answered with given information, do not use
\\?ackground information.

Task Prompt - Function Inference >
Using the provided texts and coordinates, give a one-sentence description of the purpose of the
screen. Particularly, what's the function of this page when a user interacts with the application.

@

Fig. 12: Prompts for GPT-4 in advanced task data generation.

in the output as it gives the answer, "Unfortunately, I'm not able to provide the
exact bounding box coordinates, as my capabilities are currently limited to de-
scribing images and discussing the content rather than interacting directly with
the image to extract detailed metadata such as pizel coordinates.”) and proceed
to answer the question in natural language. Therefore, for those tasks, we create
an easier version where we ask GPT-4V to choose from a fixed set of candidates.
Particularly, we follow Set-of-Mark prompting where for each UI detection
from our UI detection model, we use a magenta-colored bounding box to mark
it in the screen and inside each box we assign a numeric label so that GPT4-V
can refer to it. An example input image is shown in Fig. [13| right.

[Prompts] With the input images ready, we further modify the prompts to pro-
vide GPT-4V with all the necessary information to perform all the tasks success-
fully. For taperception, we instruct it to answer “Yes.” or “No.” only without any
explanations. For widget captions, we instruct it to “Answer in a few words.”
For icon recognition and widget classification, we provide the list of all possi-
ble classes, and instruct it to output the class only without any explanations.
For OCR, we instruct it to output the identified text only. For find widget, find
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Cancel New Event Add
Accessories

ECCV Deadline
FREE EN N
AirPods Pro
Adaptive Audio. Now playing.

All-day

Starts Mar 7, 2024

Ends Mar 7, 2024

Repeat

Alert ne I

Add attachment...
New Memoji engraving available
for free.

Shop by product

Fig. 13: GPT-4V input image examples. Left: used in referring task, where the question
concerns one specific Ul element. Right: used in grounding task, where GPT-4V refers
to the Ul elements by their assigned numeric labels.

text, find icons, we add to the prompt “Candidate choices are indicated using
magenta bounding boxes in the image and each box is associated with a numeric
label. Output the numeric label as your answer, no need to explain.”

F More Example Outputs
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H Q: Classify the type of Ul widget located in the element [boxO0].
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A: Toggle

Q: What text is displayed on the widget
A: Add attachment...

Q: How should | add a meeting link to this reminder?
A: You can add a meeting link by tapping on the “Add attachment...” button

Q: This is not an All-day event, how should | reflect this?

A: You can change the event status by tapping on the "All-day, Mar 7, 2024, Starts, Ends, Repeat,
Never” button [box5]. If it's not an all-day event, you can select “Never" in the “Repeat” field
[box6].

Q: What are the interactive elements on this screen?

A: There are several interactive elements on this screen. There are two buttons labeled “Cancel”
and "Add”; a toggle switch labeled "All-day, Mar 7, 2024, Starts, Ends’, and four text fields
labeled “Repeat, Never”, “Alert, None C”, “Add attachment...", and “URL, Notes".

Q: Where is the Cancel button?
A: Cancel button [box3]

Q: Where is the Add button?
A: Add button [box4]

Q: What text is displayed on the widget [box0]?
A: Apple Event, September 2020

Q: Classify the type of Ul widget located in the element
A: Button

Q: Classify the type of Ul widget located in the element [box8].
A: Picture

Q: How can [ follow Apple Events?
A: You can follow Apple Events by tapping on the “Follow” button [box2].

Q: What's the function of this screen when users interacts with this app?

A: The screen is for a video streaming application where users can view different episodes of Apple
events, play them, and navigate through different tabs such as "Listen Now", "Browse", "Library", and
“Search".

Q: How long is the September 12 Apple Event?
A: The September 12 Apple Event is approximately 1 hour and 32 minutes long.

Q: How do [ start watching the September 12 Apple Event?
A: You can start watching the September 12 Apple Event by tapping on the corresponding button [box3].

Q: What tab options do | have on this screen?
A: There are four tabs at the bottom of the screen. They are “Listen Now” [box4], "Browse” ,
“Library” [box6], and “Search” [box7].

Q: What's the function of this screen when the user interacts with application?

A: The screen is for an online shopping application where users can browse and purchase products,
specifically the AirPods Pro, with options to shop by product, accessories, and other features like Store Mode,
Search, and Bag.

&

Q: Can | customize my AirPods?
A: Yes, you can customize your AirPods by tapping on the “Shop by product” text [box0].

Q: Do | need to pay for the engraving?
A: No, the text on the screen indicates that the engraving is free
Pro

. However, you will need to pay for the AirPods

Q: Amazing! | want to buy AirPods!
A: You can do that by tapping on the “Buy” button [box2] on the screen.

Q: Let me check what's in my bag.
A: You can view the items in your bag by tapping on the “Bag” tab [box3].

Q: Please provide a detailed description for this screen.

A: The screen appears to be a shopping page for a product, specifically the "AirPods Pro". The product is displayed
prominently in the middle of the screen with a description stating "New Memoji engraving available, for free.". There is
also a "Buy" button located towards the right side of the product description

At the top of the screen, there is a "Shop" text centered, likely indicating the current page or section of the app. Below
this, there is a section titled "Accessories’, which is likely a category for the product

At the bottom of the screen, there is a navigation bar with five tabs. From left to right, these are labeled “Shop", "Store
Mode", "Memoji", "Search’, and "Bag". The "Shop" tab is currently selected, as indicated by its position at the far left of
the navigation bar.
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2:51 L4
Q: Classify the type of icon displayed in the element [box0]. %
Note Done  A: wifj
Here's to the crazy ones, the misfits, the
rebels, the troublemakers, the round pegs in Q: Classify the type of icon displayed in the element
the square holes... the ones who see things A: chat

differently — they're not fond of rules... You
can quote them, disagree with them, glorify

(or ity them) but the only thing you can't do Q: Classify the type of icon displayed in the element [box2].

is ignore them because they change A: mail
things... they push the human race forward,
and while some may see them as the crazy. Q: Classify the type of icon displayed in the element [box3].
ones, we see genius, because the ones who A: list
.gre crazy enough to think that they can
Here's to the crazy ones, the x Q: Classify the type of Ul widget located in the element ?
‘misfits, the rebels, the troublema... A: Dfalog
boc b0
Q: What text is displayed on the widget [box5]?
u A: AirDrop
=l e o
o - = Q: What text is displayed on the widget ?
Copy ® A: Messages
Markup ® Q: What text is displayed on the widget [box7]?
A: Mail
Print =]
Save toFiles [=] Q: What text is displayed on the widget [box8]?
A: Reminders
wazg ChAL Q: Classify the type of Ul widget located in the element [box0].
{ Browse s New & Noteworthy | ¢ A: Picture

Q: Where is the play icon located?
A: play icon

Q: Where is the search tab located?

= A: search tab [box2]
Snoqualmie Falls to...

Q: What podcasts are available on this page?.

A: There are several podcasts available on this page. They include "How to Make Steak" by Team J
[box3], "Snowquamie Falls to..." by Sam's Dogcast [box4], "Sakura Rain" by Lily's Garden [box5], and
"A Place of Cake" by Zen with Zhang [box®6].

Q: I want to listen to Sakura Rain, what should | do?
A: You can start listening to “Sakura Rain” by tapping on the corresponding picture [box4]

Q: What's the category of the podcasts listed on this screen?
A: The podcasts listed on this screen are about various topics such as cooking, gardening, and a
place of cake. They are categorized under “New & Notable” 5

Q: How do I go back?
A: You can go back by tapping on the “Browse” button

Not Playing ©

bac Q: What's the function of this screen when the user interacts with application?

A: The screen is for a podcast application where users can browse and play new and notable
podcasts, with options to play, download, and search for specific podcasts.
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