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Abstract

Recent advancements in Large Vision Language Models
(LVLMs) have led to the emergence of LVLM-based Graph-
ical User Interface (GUI) agents developed under various
paradigms. Training-based approaches, such as CogAgent
and SeeClick, suffer from poor cross-dataset and cross-
platform generalization due to their reliance on dataset-
specific training. Generalist LVLMs, such as GPT-4V, utilize
Set-of-Marks (SoM) for action grounding; however, obtain-
ing SoM labels requires metadata like HTML source, which
is not consistently available across platforms. Addition-
ally, existing methods often specialize in singular GUI tasks
rather than achieving comprehensive GUI understanding. To
address these limitations, we introduce TRISHUL, a novel,
training-free agentic framework that enhances generalist
LVLMs for holistic GUI comprehension. Unlike prior works
that focus on either action grounding (mapping instructions
to GUI elements) or GUI referring (describing GUI ele-
ments given a location), TRISHUL seamlessly integrates
both. At its core, TRISHUL employs Hierarchical Screen
Parsing (HSP) and the Spatially Enhanced Element Descrip-
tion (SEED) module, which work synergistically to provide
multi-granular, spatially, and semantically enriched repre-
sentations of GUI elements. Our results demonstrate TR-
ISHUL’s superior performance in action grounding across
the ScreenSpot, VisualWebBench, AITW, and Mind2Web
datasets. Additionally, for GUI referring, TRISHUL sur-
passes the ToL agent on the ScreenPR benchmark, setting a
new standard for robust and adaptable GUI comprehension.

1. Introduction
Developing AI agents capable of operating digital devices
through natural language commands has been a longstanding
research goal [11, 26, 33]. These agents can enhance produc-
tivity by automating tasks through Graphical User Interface

*Equal contribution from the authors.

(GUI). Early studies explored simplified settings [11, 26, 33],
while later efforts [2, 5, 6, 14, 23, 23, 24, 35, 37, 45]
leveraged GUI understanding to build more sophisticated
agents. Recent approaches [8, 12, 34, 41, 47] incorpo-
rate LLMs alongside structured GUI representations (e.g.,
HTML, DOM trees, View Hierarchy) to enhance compre-
hension.

With advances in LVLMs, studies [8, 10, 13, 43, 46]
have integrated visual perception to improve performance on
benchmarks like Mind2Web [8] and WebArena [47]. How-
ever, these models struggle with visual grounding [40], rely-
ing heavily on structured metadata, which is often unavail-
able, noisy, or misaligned. SeeAct [46] improves action
grounding in GPT-4V [29] via set-of-marks (SoM) [40], but
its dependency on structured data introduces limitations.

1.1. Related Works & Motivation
Recent research has focused on developing agents that rely
solely on visual perception to interact with GUIs in a human-
like manner. These works on purely vision-based GUI agents
using LVLMs have evolved along 2 main approaches:

End to End Training based GUI Agents: Multiple stud-
ies [3, 7, 15, 32, 42] have trained LVLMs on GUI navigation
tasks for various platforms/device-types.

Test-time assistance with visual perception tools: Stud-
ies have leveraged visual perceptions tools to assist gener-
alist LVLMs like GPT-4V. MM-Navigator [39] leverages
pre-trained icon detector module. A concurrent work to
ours, Omniparser [28], trains a YOLO-v8 [18] based icon
detection & BLIPv2 [22] based icon captioner modules for
action grounding. Tree-of-Lens (ToL) Agent [9] trains a per-
ception module for GUI referring task of generating region
description based on user selected point.

Multiple GUI navigation-related benchmarks [27, 38]
and studies [7, 46] have highlighted two major weaknesses
among pure vision-based GUI navigation agents. Firstly,
the performance of these methods trained on certain distri-
bution of user interfaces don’t generalize well across plat-
forms/device types. Given the rapid pace with which new
user interfaces are introduced every day, the generalizability
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Figure 1. Screen parsing results showing detected GUI elements and their function descriptors leveraging our HSP and SEED modules
.

of training based approaches to Out-Of-Distribution sam-
ples remains a challenge. Secondly, most of the GUI agents
such as DigiRL [3], SeeClick [7], MM-Navigator [39] are
optimized for specialized GUI related tasks (majorly action
prediction & grounding), and often evaluate on diversely
sourced but thematically similar tasks and metrics, hence
they lack proper GUI comprehension capabilities across dif-
ferent tasks and interfaces.

Algorithm 1 Hierarchical Screen Parsing
Require: Image I , Athresh-GROI, Athresh-Icon, IOUthresh, SAM, OCR
1: Initialize: SAM, OCR, Athresh, IOUthresh
2: Sample N points P ← U(0,W )× U(0, H) ▷ Image Size (W , H)
3: B ← SAM(I,P), T ← OCR(I) ▷ SAM boxes B and OCR boxes T
4: Initialize G ← ∅, I ← ∅ ▷ GROI candidates and Icon candidates
5: for each b ∈ B do
6: if Area(b) > Athresh-GROI then
7: G ← G ∪ {b} ▷ Add to GROI candidates
8: end if
9: if Area(b) < Athresh-Icon then

10: I ← I ∪ {b} ▷ Add to Icon candidates
11: end if
12: end for
13: Initialize S ← ∅ ▷ Information Scores for Non Max Suppression (NMS)
14: Ifiltered, Tfiltered ← Overlap Removal and Filtering(I, T )
15: for each b ∈ G do
16: Ninside = |{T inside

b }|+ |{I inside
b }| ▷ Number of boxes inside b

17: Ninter = |{T intersect
b }|+ |{I intersect

b }| ▷ Number of boxes intersecting b

18: S ← S ∪
{

Ninside√
1+Ninter·Area(b)

}
▷ Information Score for b

19: end for
20: Gfiltered ← NMS(G,S, IOUthresh) ▷ Apply NMS to get Filtered GROIs
21: return Gfiltered, Ifiltered, Tfiltered

1.2. Contribution
To address these challenges, we introduce TRISHUL, a
training-free, agentic framework for comprehensive GUI
screen understanding. TRISHUL equips LVLMs with the ca-
pabilities required to perform diverse GUI interaction tasks,
it utilizes foundational models to parse and build a rich hier-
archical understanding of the GUI screens,to enhance their
action grounding and GUI referring capabilities.

Hierarchical Screen Parsing (HSP): The HSP mod-
ule organizes GUI elements across two distinct levels of
granularity: broad regions called Global Regions of Inter-
est (GROIs) which cluster related components and local

elements like icons, text, and images. This hierarchical struc-
turing captures spatial and semantic relationships between
different GUI components, providing a multi-layered com-
prehensive GUI screen understanding.

Spatially Enhanced Element Description (SEED): As
depicted in fig. 1, SEED generates contextually aware and
spatially informed functionality descriptions for local ele-
ments by analyzing their relative positioning with respect
to other elements in the GUI. By associating nearby icons
and text, SEED enables the generation of high-fidelity func-
tionality descriptions for GUI elements, facilitating a more
nuanced understanding of each element’s role.

We evaluate TRISHUL on ScreenSpot [7], Visual-
WebBench [27], Mind2Web [8], and AITW [31], demon-
strating that GPT-4V [29] and GPT-4o [30] using TRISHUL
surpass prior state-of-the-art methods in action grounding
and episodic instruction-following tasks. Additionally, we
validate TRISHUL’s effectiveness in GUI referring via the
Screen PR dataset, improving accessibility applications and
user interaction feedback

2. Methodology
To overcome limitations of the existing methods mentioned
in Sec. 1, we focus on designing screen understanding com-
ponents, in a training free manner, to enhance the grounding
and referring abilities of the generalist LVLMs leading to
TRISHUL agent. We discuss the different modules below
along with an end-to-end agentic framework resulting from
leveraging these modules.

2.1. Hierarchical Screen Parsing
The hierarchical screen parsing process is formalized in Al-
gorithm 1. Initially, the screen image I is passed through
SAM [20] and EasyOCR [17]. The generated bound-
ing boxes are filtered based on predefined area thresholds
Athresh-GROI and Athresh-LE to generate GROI candidates and
Local Elements (LE). Local Elements collectively refer to
bounding boxes for text, icon, buttons and images in the
GUI. We then apply an overlap removal and filtering func-
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Figure 2. TRISHUL: Agentic Action Grounding Framework, Pink arrow, denotes our Hierarchical Screen Parsing (HSP) method, to generate
GROIs and local element annotations, Green arrows represent our Spatially Enhanced Element Descriptor (SEED) workflow, Blue arrows
represent our GROI proposal framework and Magenta Arrow shows, the Set of Marks (SoM) based Grounding workflow.

tion to refine the icon and text bounding boxes by removing
redundant and unwanted local elements.

For each GROI candidate, the number of boxes inside and
intersecting with the GROI is calculated. An Information
Score S is then computed for each candidate based on the
ratio of the number of bounding boxes inside, to the area
of the GROI, adjusted by the number of intersecting boxes.
This score provides a measure of the GROI’s information
content, helping the system to prioritize larger and more
informative regions for inclusion in the hierarchical tree.

Finally, a Non-Max-Suppression (NMS) algorithm is ap-
plied to the GROI candidates based on their Information
Scores. The resulting filtered set of GROIs, icons, and text
boxes are returned as the final hierarchical structure, which
contains all the relevant GUI elements grouped together
through GROIs. For specific details on the Overlap Removal,
Filtering and NMS algorithm refer to the supplementary.

2.2. SEED: Spatially Enhanced Element Descrip-
tion Generation

Accurately describing the functionality of local GUI ele-
ments is essential for effective understanding of GUI and
action grounding. Relying solely on visual appearance is
unreliable since identical icons can serve different purposes
in different contexts, and distinct icons may represent sim-
ilar functions, leading to ambiguity. Textual and semantic
cues around GUI elements help clarify functionality. Pairing
icons with nearby text enables precise descriptions, while
semantic associations (e.g., text linked to input fields or
buttons) aid in identifying actionable elements.

We introduce SEED (Spatially Enhanced Element De-

scription), a prompting framework that employs Chain of
Thought (CoT) [36] and In-Context Learning (ICL) [4] to
generate spatially and semantically informed functional de-
scriptions for all GUI elements. SEED processes an image I
annotated with SoM-style ID tags, and a prompt with bound-
ing boxes for detected elements (via our HSP module), and
OCR-extracted text descriptors:

Bicon = {(i, bicon,i)}Nicon
i=1 (1)

Btext = {(i, btext,i, di)}Ntotal
i=Nicon

, (2)

where bicon,i and btext,i are bounding boxes, and di repre-
sents OCR-derived text descriptors.

SEED outputs a spatially enhanced descriptor set A:

A = {b, ℓ, a, d | b ∈ Bicon ∪ Btext} (3)

Each element’s attributes include bounding box b, label
ℓ ∈ {paired, standalone, picture, actionable− text}, set
of associated elements a, and a spatially enhanced functional
description d.

SEED classifies elements as paired or standalone based
on semantics and positioning. Paired elements combine
descriptors from nearby text/icons for a unified description,
while standalone elements rely on visual cues alone. Text
elements linked to interactive components (e.g., input fields,
search bars, buttons) are labeled as actionable, and embedded
icons are classified as {picture}.

We use ICL [4] with six examples from the ScreenSpot
[19] dataset, The full SEED prompt with specific details
about the SEED module is available in supplementary.
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Figure 3. TRISHUL: Agentic GUI Referring Framework, the 2 Lenses created using our HSP module for local and global context. Lens-1
contains the local element (blue) in the cropped GROI (red), Lens-2 contains the GROI (blue) in the full input screenshot (red).The selected
point is represented as the black dot. Both lenses are fed to the LVLM to generate Layout and Task description.

2.3. Agentic Formulation of Action Grounding

Platform ScreenSpot VisualWebBench

GPT-4o GPT-4V GPT-4o GPT-4V

Mobile 0.91 0.81 - -
Web 0.96 0.83 0.93 0.86
PC 0.92 0.83 - -
Overall 0.93 0.82 0.93 0.86

Table 1. GROI proposal accuracy.

This section explains how the hierarchical nature of GUIs
is leveraged for enhanced SoM style action grounding in
LVLMs as explained in fig. 2. Given an image I with Global
Regions of Interest (GROIs) G, bounding boxes for icons
Bicon and text Btext, OCR-derived text descriptors dj , and
an instruction Is, the task is to identify the bounding box B
corresponding to the correct element required to complete
the instruction in a single step.

TRISHUL performs action grounding in two stages. First,
it proposes the most relevant GROI by passing the full an-
notated image Iannotated, cropped GROIs Gcropped, and instruc-
tion Is to the LVLM. The model outputs descriptions DG for
each GROI and the ID of the most relevant one:

{Iannotated,Gcropped, Is} −→ {DG , IDGROI} . (4)

GROI proposal accuracy is evaluated by checking if the
ground truth bounding box midpoint lies inside the proposed
GROI. Results with GPT-4o and GPT-4V on ScreenSpot
[19] and VisualWebBench [27] (Table 1) confirm the effec-
tiveness of our GROI ranking module.

Next, we use SEED (Section 2.2) to generate functionality
descriptors for all local elements in the proposed GROI.
The annotated image and descriptors are then used in a Set

of Marks [40] framework to predict the bounding box for
grounding the instruction.

2.4. Agentic Formulation of GUI referring task
In this section we describe how the hierarchical screen pars-
ing module can be leveraged to increase the ability of LVLMs
on the GUI referring task as explained in fig. 3. Given the
input GUI screenshot I, the task involves describing the con-
tent and layout of any point Pi on the screen as input by a
user, we use the input screenshot to detect all local elements
and corresponding GROI candidates. We then identify the
bounding box of the local element containing the selected
point, and then the GROI encompassing this local element.
Following the prompting approach of the ToL agent in [9],
we curate two “lenses” or images to illustrate this hierar-
chy. The first lens consists of only the GROI region cropped
from the original image, highlighting the local element with
a labeled bounding box and marking the input point. The
second lens shows the complete screenshot, highlighting
the GROI with a labeled bounding box. Both lenses, along
with the point coordinate Pi and input prompt, are sent to
an LVLM, to generate the content description D̂c and the
layout description D̂l.

3. Experiments

3.1. ScreenSpot and VisualWebBench
Dataset and Experiments- We evaluate the action ground-
ing capability of TRISHUL agent on the ScreenSpot [19]
dataset. ScreenSpot consists of 610 interface screenshots
from mobile (iOS, Android), desktop (macOS, Windows),
and web platforms, paired with 1,276 task instructions corre-
sponding to actionable GUI elements. Traditional training-
based methods, which are often trained on datasets like
Screenspot, tend to perform poorly on out-of-distribution
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Method Mobile (ScreenSpot) Desktop (ScreenSpot) Web (ScreenSpot) ScreenSpot VisualWebbench

Text Icon/widget Text Icon/widget Text Icon/widget Overall Overall

Training Based
SeeClick 78.0 52.2 72.2 30.0 55.7 32.5 53.4 31.0
CogAgent 67.0 24.0 74.2 20.0 70.4 28.6 47.4 59.0
OmniParser (GPT-4V) 90.1 54.1 88.6 60.0 73.4 27.1 66.9 58.3
OmniParser∗(GPT-4V) 92.1 55.2 90.1 61.1 77.4 30.1 69.5 63.1
OmniParser (GPT-4o) 93.9 57.0 91.3 63.6 81.3 51.0 72.6 68.9
OmniParser∗(GPT-4o) 94.8 66.3 95.4 64.2 80.8 32.0 73.7 69.9

Training Free
GPT-4V 22.6 24.5 20.2 11.8 9.2 8.8 16.2 6.0
GPT-4o 20.2 24.9 21.1 23.6 12.2 7.8 18.2 6.7
TRISHUL† (GPT-4V) 75.8 38.4 66.3 25.4 69.5 31.2 53.4 56.3
TRISHUL∗ (GPT-4V) 88.6 37.9 82.9 23.5 72.6 29.1 59.0 58.1
TRISHUL∗† (GPT-4V) 86.0 43.7 77.3 32.8 75.2 40.8 61.9 68.0
TRISHUL† (GPT-4o) 92.1 63.4 83.7 38.2 80.2 42.1 69.3 60.2
TRISHUL∗ (GPT-4o) 92.7 62.0 90.2 39.2 84.8 40.8 71.1 62.1
TRISHUL∗† (GPT-4o) 93.8 64.6 85.6 45.7 83.5 44.7 72.2 68.0

Table 2. Performance across platforms and methods on ScreenSpot (Mobile, Desktop, Web) and VisualWebbench datasets. ∗ denotes the
usage of SEED module to improve the element functionality descriptors generated using OCR (for TRISHUL) / BLIPv2 (for OmniParser).
† represents GROI-based action grounding instead of using the full image. ∗† represents our proposed end-to-end framework for action
grounding that uses GROIs and SEED descriptors. Refer to Sec. 3.1 for detailed discussion.

samples such as those from VisualWebBench due to domain
shift. Therefore, to assess the generalization capability of our
approach, we also utilize the VisualWebBench [27] dataset’s
action grounding subset, which consists of 103 pairs of im-
ages and their corresponding instruction.

Implementation Details: The formulation of the action
grounding tasks for the datasets used in our experiments
is discussed in detail in Section 2.3. The specific prompts
employed for these tasks are provided in the supplementary.

Unfortunately, we were unable to replicate the results
reported by OmniParser in their study on the ScreenSpot
benchmark using the publicly available weights and code-
base. In Table 2, we present the performance metrics for
OmniParser as obtained from our own experiments on the
ScreenSpot and VisualWebBench datasets. Due to the non-
reproducibility of their results as observed above and limited
resources, we were unable to verify their results on the AiTW
and Mind2Web benchmarks hence we have chosen to ex-
clude their results for these benchmarks from our analysis.

Evaluation and Results: As shown in Table 2, the TR-
ISHUL agent, when paired with LVLMs (GPT-4V [29] and
GPT-4o [30]), significantly outperforms the baseline GPT-
4V and GPT-4o. Our approach also surpasses task-specific
models such as SeeClick [7] and CogAgent [15], achiev-
ing an overall accuracy of 61.9% with GPT-4V and 72.2%
with GPT-4o on the ScreenSpot benchmark. This perfor-
mance exceeds SeeClick’s 53.4%, CogAgents 47.4% and
closely rivals OmniParser’s 72.6%. On VisualWebBench
[27], unlike SeeClick, which suffers a sharp drop in accuracy

on out-of-distribution data with 31% accuracy, TRISHUL
maintains strong generalization, achieving a robust 68.0%
accuracy with both GPT-4V and GPT-4o closely matching
the performance of OmniParser which achieves 68.9%.

We further present ablations in Table 2 to assess the im-
pact of the SEED module and GROI-based action grounding
in TRISHUL. Removing SEED (TRISHUL†) results in a
notable accuracy drop of 8.5% for GPT-4V and 2.9% for
GPT-4o on ScreenSpot. Similarly, eliminating GROI-based
action grounding (TRISHUL∗) reduces accuracy by 2.9%
for GPT-4V and 1.1% for GPT-4o. These results highlight
the critical role of these components in TRISHUL’s perfor-
mance.

Additionally, we demonstrate TRISHUL’s modularity by
integrating its components into existing grounding pipelines.
In Table 2, we show that augmenting OmniParser’s BLIPv2-
derived icon descriptors—originally lacking local semantic
context—with TRISHUL’s SEED module (OmniParser∗)
yields the best performance among training-based methods.

Our GROI-based action grounding proves particularly
effective for web and desktop platforms, where hierarchical
and content-dense GUIs benefit from structured decompo-
sition. However, its impact is less pronounced in mobile
interfaces, where regions have minimal semantic separa-
tion. Further details can be found in the supplementary.
Lastly, we observe that GPT-4o outperforms GPT-4V signif-
icantly when paired with SEED, suggesting that improved
reasoning capabilities in LVLMs enhance the accuracy of
SEED-generated descriptions.
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Method General Install GoogleApps Single WebShopping Overall

ChatGPT-CoT 5.9 4.4 10.5 9.4 8.4 7.7
Palm2-CoT - - - - - 39.6
GPT-4V + Image 41.7 42.6 49.8 72.8 45.7 50.5
MM-Navigator (GPT-4V) 43 49.2 46.1 78.3 48.2 53.0
MM-Navigator (GPT-4o) 55.8 58.2 48.2 76.9 52.1 57.8
SeeClick (Qwen-VL) 54.0 66.4 54.9 63.5 57.6 59.3

TRISHUL (GPT-4V) 47.5 50.7 50.7 66.7 49.5 54.5
TRISHUL (GPT-4o) 52.9 60.7 55.0 78.2 52.6 60.0

Table 3. Results on the different categories on the AITW dataset. TRISHUL (GPT-4V) outperforms all prior GPT-4V baselines that use
IconNet’s element detections. TRISHUL (GPT-4o) outperforms TRISHUL (GPT-4V) by 5.55% achieving State of the Art performance.

Methods Modality Cross-Website Cross-Domain Cross-Task

Ele.Acc Op.F1 Step SR Ele.Acc Op.F1 Step SR Ele.Acc Op.F1 Step SR

MindAct (gen) HTML 13.9 44.7 11.0 14.2 44.7 11.9 14.2 44.7 11.9
MindAct HTML 42.0 65.2 38.9 42.1 66.5 39.6 42.1 66.5 39.6
GPT-3.5-Turbo HTML 19.3 48.8 16.2 21.6 52.8 18.6 21.6 52.8 18.6
GPT-4 HTML 35.8 51.1 30.1 37.1 46.5 26.4 41.6 60.6 36.2
GPT-4V+Text HTML, Image 38.0 67.8 32.4 42.4 69.3 36.8 46.4 73.4 40.2

GPT-4V+SOM Image - - 32.7 - - 23.7 - - 20.3
CogAgent Image 18.4 42.2 13.4 20.6 42.0 15.5 22.4 53.0 17.6
Qwen-VL Image 13.2 83.5 9.2 14.1 84.3 12.0 14.1 84.3 12.0
SeeClick Image 21.4 80.6 16.4 23.2 84.8 20.8 28.3 87.0 25.5

TRISHUL (GPT-4V) Image 33.91 74.33 27.98 36.49 76.60 31.71 34.04 71.88 29.76
TRISHUL (GPT-4o) Image 31.43 81.52 24.53 37.12 82.96 32 37.58 83.78 32.52

Table 4. Results for Cross-Website, Cross-Domain, and Cross-Task scenarios with Element Accuracy, Operational F1, and Step Success
Rate metrics on the Mind2Web benchmark. TRISHUL (GPT-4o) consistently gives better Element Accuracy and Step Success Rate in all
three scenarios on Image modality, its performance trails state-of-the-art HTML-based method like MindAct

LVLM Method Desc. Acc. Cont. Acc. BERT ROUGE

GPT-4V
Baseline 8 0.92 0.7130 0.1462
ToL 31.84 14.24 0.7230 0.1527
TRISHUL 32.64 17.07 0.7220 0.1534

Claude-3.5
Baseline 16.04 7.43 0.7274 0.1134
ToL 60.56 43.02 0.7306 0.1462
TRISHUL 60.91 49.74 0.7336 0.1495

GPT-4o
Baseline 18.82 5.64 0.6948 0.1843
ToL 71.30 42.46 0.7147 0.1869
TRISHUL 71.58 43.59 0.7151 0.1871

Table 5. Evaluation of description and content accuracy, BERT
score, and ROUGE-L score across different methods on the Screen
Point-and-Read benchmark. Desc. Acc. - Description Accuracy,
Cont. Acc. - Content Accuracy

3.2. AITW

Dataset and Experiments To evaluate TRISHUL on the
mobile navigation benchmark AITW[31], which consists
of 30,000 instructions and 715,000 trajectories, we use the
same train/test split as defined in [7]. This split retains only
one trajectory per instruction, ensuring no overlap between
the train and test sets.

Implementation details- We adopt a similar prompt for-
mat to that used in MM-Navigator [39], where we label the
detected elements on the screen using SoM prompting and
present the model with the annotated image and the clean
image. However, we replace IconDet’s bounding boxes (as
used in MM-Navigator) with local element boxes generated
from our Hierarchal Screen Parsing method, and also pro-
vide our spatially enhanced element descriptions (Section
2.2) for all the local elements in our input prompt. The exact
prompt is mentioned in the supplementary.

Evaluation and Results In Table 3, we report the base-
lines as presented in MM-Navigator[39]. The best perform-
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ing baseline incorporates action history and uses only image
modality for navigation. MM-Navigator presents baselines
with GPT-4V only, we also run MM-navigator’s best con-
figuration (Image+History) with GPT-4o to contrast it with
TRISHUL’s GPT-4o performance. We observe that TR-
ISHUL with GPT-4V outperforms all prior GPT-4V-based
baselines, achieving an overall accuracy of 54.5%. With
GPT-4o model, TRISHUL achieves an average accuracy of
60%, surpassing MM-Navigator’s GPT-4o baseline by over
2.2% to become the state of the art.

3.3. Mind2Web
Dataset and Experiments- To test on the web-navigation
task we use the Mind2Web [8] dataset. The test set consists
of three different categories - Cross Task, Cross Website, and
Cross Domain having 252, 177, and 912 tasks respectively.

Implementation details - We use the pre-processed test
set provided by [39]. During inference, we feed the detected
local elements outputs from our Hierarchical Screen Parsing
(HSP) module along with the clean image. Additionally, our
input prompts are augmented with the descriptions of local
elements from our SEED module. The prompt is mentioned
in the supplementary.

Evaluation and Results - The results are presented in Ta-
ble 4 where we compare multiple baselines across two modal-
ities HTML and image. GPT-4V+SoM and GPT-4V+Text
correspond to SeeAct [46] with image annotations and text
choice grounding methods respectively. Without using any
parsed HTML information, TRISHUL is able to outperform
all the approaches relying on only GUI screenshots in almost
every sub-category. Compared to other baselines we surpass
them in Element accuracy and Step success rate, while re-
maining competitive in Operational F1. This indicates that
the local elements detected by our HSP module and SEED
descriptions provide highly valuable information for web
navigation tasks. Although we provide better Operational F1
than HTML-based methods, we still falter when it comes to
element accuracy and step success rate as predicting bound-
ing boxes is a more complex task than selecting HTML
elements.

3.4. Screen Point-and-Read
Dataset and experiments- We use the Screen Point and
Read[9] benchmark to evaluate TRISHUL’s performance on
the GUI referring task. It evaluates the accuracy of the gen-
erated content description D̂c and layout description D̂l for
the region marked by the user over the interface. This bench-
mark comprises of 650 screenshots across three domains:
web, mobile, and operating systems. To validate our method,
we run experiments using GPT-4o [30], GPT-4V [29], and
Claude-3.5-Sonnet [1], enabling us to examine performance
across multiple LVLMs.

Evaluation and Results - To assess the quality of the

Figure 4. Human evaluation results on ScreenPR benchmark. TR-
ISHUL is preferred by human annotators 63% of the time over ToL
agent and 73% of the time over baseline GPT-4o

generated content description and layout description we em-
ploy the cycle consistency evaluation following the screen
point-and-read [9] paper. The agent outputs (D̂c , D̂l) are
fed into an auxiliary model, which is asked to complete a
downstream task, with its performance indicating descrip-
tion quality. We benchmark our approach against baseline
GPT-4o, Claude, and the ToL agent from Screen point-and-
read, using GPT-4o, GPT-4V , and Claude-3.5-Sonnet as
the primary models. We also compute language similarity
metrics like BERT [44] score and ROUGE-L [25] to evaluate
alignment with human-verified ground truth.

To further validate quality, we conduct two rounds of
human evaluation: the first compares our approach against
baseline GPT-4o, while the second compares our approach
with the ToL agent, both using GPT-4o as the primary LLM.
We employ 10 human annotators from [16] and ask them to
choose between the description generated by our approach
and the alternative approach. Each evaluator is presented
with the labeled image and asked a single question “Given
the image with the labeled point, which description do you
prefer?”.The majority vote is used to select the preferred
description. To ensure unbiased evaluation the annotators
are unaware of which model generates which descriptions.
The annotators are compensated at minimum wage.

TRISHUL consistently outperforms both the baseline
and the ToL agent across all evaluation metrics for GPT-4V,
Claude, and GPT-4o models (Table 5). Human evaluation
results (Figure 4) further validate TRISHUL’s efficacy, with
descriptions generated by TRISHUL being preferred by an-
notators 73% of the time over GPT-4o and 62.8% of the time
over ToL. TRISHUL ties with GPT-4o 0.9% of the times and
with ToL agent 0.6% of the times.

4. Discussion

4.1. Analysis on sampling multiple candidates
LVLM-based GUI agents that rely solely on visual percep-
tion aim to mirror human like interface interaction. Humans
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Figure 5. Local Element Exhaustiveness Score for ScreenSpot,
Visual WebBench, AITW and Mind2Web

Benchmark Model
Accuracy (%)

Pass@1 Pass@2 Pass@3

VisualWebBench
GPT-4o 68.0 81.6 83.5
GPT-4V 56.3 69.9 71.8
SeeClick 31.0 36.0 36.0

ScreenSpot
GPT-4o 72.2 77.8 80.0
GPT-4V 59.0 67.2 70.6
SeeClick 55.0 55.0 59.0

Table 6. Pass@1, Pass@2, and Pass@3 Accuracy (%) for Vi-
sualWebBench and ScreenSpot using GPT-4o, GPT-4V,(with the
TRISHUL framework) and SeeClick models.

often explore multiple paths when interacting with novel/-
complicated GUIs. Traditional metrics like pass@1 (top@1),
may not fully reflect an agent’s success in tasks that benefit
from exploration. Recent research [21], shows that sampling
and evaluating multiple potential action paths, then filtering
them with a value model, improves success rates by reducing
decision uncertainty.

The ToL agent has proven effective as a verification layer
for mobile agents [9], accurately identifying correct and in-
correct action paths. Leveraging this insight, we propose
utilizing TRISHUL as a verification agent in a GUI agent
system to enable multi-click grounding with enhanced accu-
racy. Our findings in Table 6 indicate that multi-sampling
metrics like pass@2 and pass@3 improve grounding accu-
racy by over 10% across models on tasks in the ScreenSpot
and VisualWebBench datasets. Here, pass@k highlights top
K action-grounding candidates generated by TRISHUL.

4.2. Limitations
In Figure 5, we evaluate the Local Element Exhaustiveness
(LEE) metric across various datasets and their splits. We
evaluate LEE metric across various datasets and splits. The
LEE score is binary: it is 1 if the midpoint of the ground truth
(GT) bounding box falls within any detected local element
bounding box from our Hierarchical Screen Parsing (HSP)

module; otherwise, it is 0. A low LEE score indicates a
bottleneck in our pipeline after local element detection, with
incomplete UI identification being the primary cause of fail-
ures in trajectory-level tasks such as Mind2Web and AITW.
Our results show a strong correlation between LEE scores
and TRISHUL’s performance, particularly in Mind2Web,
where limited element detection significantly constrains ef-
fectiveness in web navigation. TRISHUL’s agentic formu-
lation can also function as a standalone action-grounding
framework for any base reasoning model in GUI naviga-
tion. Future work will focus on enhancing its reasoning and
planning capabilities.

4.3. Potential Negative Impact
The deployment of TRISHUL for autonomous GUI navi-
gation raises concerns about job displacement, digital in-
equality, and ethical misuse. Workers in data entry and
software testing may need reskilling, and unequal access
to AI could widen the digital divide. Additionally, risks
like unauthorized data extraction or surveillance must be
addressed. However, with responsible development—such
as ethical AI guidelines, human-AI collaboration, and ac-
cessibility initiatives TRISHUL can enhance productivity
while ensuring fairness, security, and inclusive technological
progress.

5. Conclusion
In this paper, we introduced TRISHUL, a training-free
agentic framework that enables LVLMs to achieve com-
prehensive GUI screen understanding using two key
modules: HSP and SEED. The HSP module organizes
GUI elements into a multi-granular hierarchical structure,
distinguishing Global Regions of Interest (GROIs) from
local elements, while the SEED module enhances spatial
context-aware reasoning. Experiments on ScreenSpot,
VisualWebBench, AITW, Mind2Web, and ScreenPR demon-
strate that TRISHUL outperforms all training-free methods
and rivals training-based approaches while maintaining
superior cross-task and cross-platform generalizability.
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