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Abstract

Recent advancements in Vision-Language Models (VLMs) have enabled GUI
agents to leverage visual features for interface understanding and operation in
the digital world. However, limited research has addressed the interpretation and
interaction with control panels in real-world settings. To bridge this gap, we
propose the Panel Understanding and Operation (PUO) benchmark, comprising
annotated panel images from appliances and associated vision-language instruction
pairs. Experimental results on the benchmark demonstrate significant performance
disparities between zero-shot and fine-tuned VLMs, revealing the lack of PUO-
specific capabilities in existing language models. Furthermore, we introduce a
Privacy-Preserving Framework (PPF) to address privacy concerns in cloud-based
panel parsing and reasoning. PPF employs a dual-stage architecture, performing
panel understanding on edge devices while delegating complex reasoning to cloud-
based LLMs. Although this design introduces a performance trade-off due to
edge model limitations, it eliminates the transmission of raw visual data, thereby
mitigating privacy risks. Overall, this work provides foundational resources and
methodologies for advancing interactive human-machine systems and robotic field
in panel-centric applications.

1 Introduction

In recent years, the advancement of GUI agents in digital world has been remarkable, driven by
significant improvements in both UI element parsing capabilities [65, 38, 53, 19, 40], the evolution of
large language models (LLMs) [7, 24, 12, 3, 41] and Large Vision Language Models (VLMs) [4, 3, 43,
39, 44, 32, 8]. These agents are intelligent systems designed to interact with graphical user interfaces
autonomously or semi-autonomously, enabling them to perform tasks such as navigating menus,
filling out forms, clicking buttons, and extracting relevant information from UI components. Related
algorithms also broadly benefit across interface adaptation [9, 14, 25], GUI-searches [16, 18, 36],
and UI code generation [10, 15, 20, 62, 46].

While LLMs and VLMs have greatly advanced UI agent capabilities, their application remains
largely limited to digital interfaces such as software[58, 56], websites [23], and mobile apps [59, 49].
These agents excel at interpreting screenshots or layouts and performing tasks based on instructions.
However, if we broaden the scope of input sources to include vision-related data from the physical
world, the potential applications extend far beyond GUI understanding and operation.

∗This work was done by the starred authors during their internship at TeleAI, with equal contribution.
†Corresponding authors.

39th Conference on Neural Information Processing Systems (NeurIPS 2025) Track on Datasets and Benchmarks.



What is the function of the 
element at [0.034, 0.132, 

0.098, 0.208]?

Clicking the button “BACK" 
will return to the previous 

page.

How to list all video related 
news?

Click the button with text of 
“VIDEO”, at [0.863, 0.179].

What is the function of the 
module at [0.436, 0.435, 

0.465, 0.456]?

Clicking the button text with 
“AIR FRY” to active air fry 

mode.

How should I start the 
cooking?

After completing the setup, 
press the start button, at 

[0.463, 0.463]

Figure 1: Comparison of UI understanding and op-
eration in the digital world (top) vs. the real world
(bottom), where captured images may contain private
information, such as photos on walls (mosaic part).
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Figure 2: Information flow in the fine-
tuned VLM (orange flow) vs. the pro-
posed privacy-preserving framework with
any cloud-side LLMs (blue flow).

As shown in Fig. 1, this shift opens up possibilities for deploying VLM-powered agents in real-world
scenarios, where they can assist users in interacting with physical objects and environments featuring
panel interfaces. Specifically, a VLM-powered agent with a camera can help users operate unfamiliar
appliances, by parsing control panels, translating text, explaining symbols, and offering step-by-step
instructions. This capability is beneficial in situations where one encounters unfamiliar physical
interfaces and needs to interact with them in daily life. For example, travelers can rely on such agents
to operate public devices, such as ticket machines or vending systems, making it easier for them
to adapt to unfamiliar environments and enhancing their overall experience. Besides, it can also
help workers interpret complex industrial equipment, and enable medical professionals to quickly
familiarize themselves with new devices. Furthermore, a VLM capable of understanding panels
holds significant potential for advancing general-purpose assistive robots by enhancing their ability
to interpret and operate real-world appliances and equipment.

To advance real-world Panel Understanding and Operation (PUO), we introduce a large-scale image-
based dataset containing over 19k annotated panel images and 430k instruction-following QA pairs.
Using this dataset, we evaluate recent VLMs and fine-tune them to perform key PUO tasks: panel
description, element grounding, function estimation, and goal-based planning. Our experiments
show that current models struggle with panel-related knowledge, but fine-tuning on the PUO dataset
significantly improves performance, demonstrating its value in bridging this gap.

However, we identify significant privacy concerns associated with deploying large VLMs in cloud
environments for PUO. As illustrated in Fig. 1, unlike standardized digital interfaces that are uniform
for all users, real-world images often contain sensitive details specific to a user’s private environment.
When users photograph their panels to request assistance, they may inadvertently capture personal
or contextual information, which is subsequently transmitted to the cloud. This transmission poses
a risk of exposing private data, rendering such an approach unsuitable for real-world applications
where privacy is paramount. Especially in the future, it is unreasonable for robots to upload images
of private spaces to the cloud solely for the purpose of understanding panels.

To address these privacy challenges, we propose a Privacy-Preserving Framework (PPF) for panel
understanding and operation by integrating computation on the edge and cloud side, as shown in
Fig. 2. This framework contains a compact VLM deployed on the edge device and a large LLM in
the cloud side. The former extracts only the essential information about operable elements from the
panel-related image, excluding any environmental or private data, while the latter can understand
the parsed panel information and users’ instructions, and then output instructive response to users.
Besides, the edge-side model is required to output in natural language, allowing users to review and
verify the sanitized content before it is transmitted to the cloud, ensuring no private information is
included. Furthermore, any LLM can be deployed in the cloud to boost the flexibility of PPF.

In summary, our study makes three key contributions:

• We introduce a novel dataset for PUO. It comprises a diverse collection of panel images and
a large set of instruction-following question-answer pairs, establishing a robust benchmark
for PUO research.
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• We propose the PPF for PUO, which ensures privacy by transmitting only sanitized panel
information from edge devices to a cloud-based LLM. This approach eliminates the need to
upload raw images, mitigating privacy risks associated with real-world image capture.

• Experiments on several VLMs reveal that current zero-shot VLMs lack the capability to
understand panels, whereas fine-tuned models is able to address PUO tasks effectively. This
highlights the absence of panel-related knowledge in existing models and underscores the
importance of our proposed dataset.

• Experiments on PPF demonstrate its comparable ability to fine-tuned VLMs in element
parsing and grounding, showcasing its potential to address PUO tasks in a privacy-preserving
way.

2 Related work

While no prior work has specifically addressed panel understanding, we build on related research in
UI understanding due to the conceptual similarities between control panels and GUIs.

2.1 UI understanding datasets

Over the past decade, numerous datasets have been developed to train and evaluate GUI agents
across web, desktop, mobile, and cross-platform environments. For web-based agents, datasets
like MiniWoB [30], MiniWoB++ [26], WebShop [27], Mind2Web [23], PhraseNode [48], and
WebWalker [54] simulate interactions, map queries to actions, and enhance semantic understanding.
In the desktop domain, OSWorld [58], ScreenAgent [47], Act2Cap [55], WindowsArena [11],
SPider2-V [13], and AssistGUI [28] provide data on app behaviors, usability, and language-driven
operations. For mobile interfaces, Rico [22], MoGUI & MoCon [70, 69], AIW [50], ScreenQA [34],
AppSim & RefExp [6], and Meta-GUI [51] support research on app layouts, user interactions, and
task-based scenarios. Cross-platform datasets like Screenspot [21] and GUIworld [17] further address
diverse GUI challenges with screenshots, task instructions, and dynamic videos.

Together, these datasets provide a strong foundation for advancing GUI agents and enhancing
human-computer interaction. However, they are largely limited to the digital world, overlooking
real-world panel UIs in appliances. These real-world UIs have broader practical significance but
remain underexplored. To fill this gap, we introduce the PUO dataset, extending UI understanding
from digital interfaces to real-world environments.

2.2 UI understand & operation methods

Recent advancements in UI agents have been driven by two dominant paradigms: VLMs and
LLM-powered frameworks, each contributing unique capabilities to enhance intelligent human-
computer interaction. VLM-based approaches like CogAgent [33], SeeClick [21], and Pix2struct [38]
excel in tasks such as fine-grained localization, GUI navigation, and structuring visual data into
actionable insights. Meanwhile, LLM-powered methods, including SeeAct [66], WebVoyager [31],
and AppAgent [63, 1], leverage multimodal reasoning, task decomposition, and hierarchical memory
systems to enable seamless cross-platform interactions on web, mobile, and desktop environments.
Together, these frameworks advance the state of automatic UI understanding and operation.

To explore the potential of UI understanding and operation in real-world scenarios, this paper
introduces two algorithms: an end-to-end VLM model and an hybrid framework powered by LLM.
These algorithms are designed to demonstrate the practical applicability and extensibility of PUO
methodologies in complex, real-world environments.

3 PUO vision-language benchmark

3.1 Dataset overview

The PUO dataset is a vision-language instruction-following dataset designed to advance UI agent
research by extending its scope from digital interfaces to real-world scenarios. While prior studies
have primarily focused on digital UIs, our dataset introduces a diverse array of real-world control
panels (Fig.3(a)), including those found on appliances such as air conditioners, washing machines,
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(a) The percentage of each category in the dataset. (b) Average panel area ratio of each category.

oven (24.6%)
microwave oven (14.9%)
rice cooker (11.5%)
induction cooker (10.9%)
washing machine (7.2%)
air purifier (7.1%)
air conditioner (6.6%)
water heater (6.4%)
dryer (4.4%)
dishwasher (2.7%)
electric kettle (2.3%)
refrigerator (1.2%)
others (0.4%)
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Figure 3: Distribution of panel types and area ratio.
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Figure 4: Histogram of element number.

and other devices. Unlike digital UIs, physical interfaces present unique challenges, such as image
blur, perspective distortions, and complex backgrounds. Moreover, the panel typically occupies
only a fraction of the image frame. As shown in Fig. 3(b), the area occupied by the panel across all
categories is less than one-quarter of the image area, significantly smaller than that in digital UIs
which are usually full screenshots encompassing 100% of the image content.

Our dataset contains 19,118 panel images with varying complexity, each containing 1 to 35 operable
components. Fig. 4 present a histogram to visualize the component density in detail. Approximately
6.2% of the panels contain only a single component, while around 6.8% feature more than 20
components, with the remainder falling in between. This variation ensures that models trained on the
dataset can handle both simple and highly intricate interfaces.

Additionally, similar to GUIs where most elements are clickable, most operable elements in real-
world panels are buttons. However, some panels also include knobs. As shown in Fig. 4, the ratio of
buttons to knobs is approximately 9:1, highlighting the dominance of buttons while underscoring that
knobs serve as a secondary means of interaction in certain panel contexts.

3.2 Element annotation details

In the proposed PUO dataset, each operable UI element is annotated with five key attributes: type,
position, text, icon, and function, as summarized in Tab. 1. The type attribute specifies the interaction
mechanism of the element rather than its visual form. We classify all operable components into
two categories, buttons and knobs, based on how users manipulate them. Buttons represent binary
operations that toggle between two states (e.g., on/off, start/stop), while knobs represent multi-state
controls that adjust a continuous or discrete value by position (e.g., temperature, speed). Accordingly,
sliders, toggles, and tap-based switches are annotated as knobs, since their operational characteristics
are equivalent to adjusting state through position rather than through distinct toggles. For touchscreens
or dynamic displays, each touchable region is annotated as an independent button, consistent with
conventions in GUI and UI understanding tasks.

The position attribute defines the bounding box of each operable element, covering not only the
control itself but also relevant contextual cues such as labels or nearby symbols. For instance, in
Fig. 5, the bounding box of a button includes the adjacent label “Temp,” while that of a knob encloses
text like “Temperature ◦F” and options such as “350°F” or “warm.” These textual cues are recorded
in the text attribute to convey semantic context, while graphical cues such as arrows or icons are
stored in the icon attribute (e.g., an upward triangle indicating an increase in temperature). Finally,
the function attribute provides a concise description of each element’s operational role within the
appliance. This annotation schema ensures consistent labeling across appliances and enables models
to infer functionality by leveraging both local and contextual information, allowing trained VLMs to
understand control elements in an explicit and interpretable manner.

As shown in Fig. 6, we also present the positional distribution and size of buttons and knobs across all
images in our dataset. Fig. 6(a) shows that a significant number of buttons tend to cluster around the
center of the panels, whereas knobs are more commonly located in the upper-right region(Fig. 6(b)).
This pattern contrasts with the distribution of elements in GUIs, where clickable components are
typically spread across the entire interface. Furthermore, in Fig. 6(b & d), we provide box plots
illustrating the width and height distributions of the bounding boxes that enclose buttons and knobs.
Notably, the dimensions of most knobs range from 0.01 to 0.33 of the total image size, whereas for
buttons, both the width and height exhibit a third quartile value below 0.07. This indicates that buttons
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Table 1: Annotation of elements in PUO dataset.
Keyword Explanation

Type The category of the UI element, such as “button” or “knob,” which defines its interaction style.

Position Coordinates of the top-left and bottom-right corners of the UI element’s bounding box.

Text Surrounding textual information that provides context or describes the purpose of the UI element in detail.

Icon Visual symbol or graphic associated with the UI element, offering additional context about its role or category.

Function Specific operational role or task performed by the UI element on the appliance it belongs to.

Type: knob

Position: (188, 428, 600, 858)

Text: Temperature °F
min warm 250 300 350 400 450 broil toast airfry

Icon:

Function: This is a knob that may function to adjust the 
oven‘s temperature and modes; when adjusted, it 
can select different temperatures (e.g., 250°F to 
450°F) or functions (e.g., warm, broil, toast, airfry)

Type: button

Position: (427, 639, 514, 722)

Text: Temp

Icon: A triangle pointing upwards

Function: This is a button that may function to adjust the 
temperature, pressing it may increase the set 
temperature of the air conditioner.

Figure 5: Two examples of annotated elements.
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Figure 6: The location
and size distributions of
button (a & b) and knob
(c & d).

are generally smaller and more compact compared to knobs, reinforcing the distinction between the
two types of elements not only in their placement but also in their physical proportions.

3.3 Benchmark Tasks

To systematically evaluate the capability of models to interpret and interact with real-world interfaces,
the proposed benchmark introduces four tasks assessing both holistic comprehension and fine-grained
reasoning. These tasks are structured to address distinct challenges in PUO, as detailed below:

Panel Description: This task evaluates a model’s ability to generate a structured natural language
description of the entire panel interface. The model must enumerate all operable components,
characterize their functional attributes. This ensures comprehensive visual-semantic alignment
between panel elements and their operational purposes.

Element Grounding: Focused on spatial-semantic mapping, this task requires the model to localize
operable elements corresponding to a specified goal. Given a high-level objective, the model must
output precise 2D coordinates of the relevant element while ensuring alignment between user intent
and particular elements.

Functional Inference: Here, the model is required to analyze a specified element (via coordinates or
scene context) to determine its purpose, operational constraints, and potential effects of interactions.
This involves interpreting visual or symbolic cues and reasoning about their role within the interface.

Multi-Step Operation Planning: This task requires the model to plan a sequence of actions needed
to achieve a specified goal by leveraging visual and contextual information. The model must identify
operable elements on the panel, infer the system’s current state from the input query, determine
the necessary steps and their order, and link each action to the corresponding UI components to
achieve the desired outcome. This process integrates visual analysis, logical reasoning, and contextual
understanding to enable effective interaction with complex interfaces.

Fig. 7 illustrates the four benchmark tasks using a representative panel interface. For panel description
, the model generates a structured summary of operable components (e.g., buttons, knobs) and their
functional roles, such as power adjustment or parameter configuration. In element grounding , the
model localizes a target element (e.g., a control associated with a predefined goal) by predicting
its 2D coordinates. Functional inference requires deducing the purpose and operational impact of
a specified element, such as interpreting a button’s role in pausing processes. Finally, multi-step
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(a) Panel Description
• Button 'Micro Power' - This button may function to

adjust the microwave power level.
• Button 'Express' - This button may function to

provide quick cooking settings.
• Button 'Defrost/Clock' - This button may function

to defrost food and set the clock.
• Button 'Auto Cooking' - This button may function to

automatically set cooking parameters based on
food type.

• Knob 'Time' and 'Weight' - This knob may function
to set time and weight for cooking or defrosting.

• Button 'Pause/Cancel' - This button may function
to pause or cancel the current operation.

• Button 'Instant/Start' - This button may function to
start the cooking process immediately.

(c) Function Inference
• Question: If the microwave is heating

food, what happens when pressing
the button located at [0.718, 0.708,
0.773, 0.767]?

• Answer: When the microwave oven is
heating food and you press this
button, it will pause the current
heating operation. This allows you to
temporarily stop the process without
cancelling the settings or turning off
the oven.

(b) Element Grounding
• Question: I want to thaw some frozen meat. Which

control should I use for that?

• Answer: You should use the button labelled
''Defrost/Clock' to activate the defrosting function.
Therefore, click button at [0.743, 0.466].

(d) Multi-Step Operation Planning
• Question: You have some frozen food and you

want to defrost it first, then cook it using the
Auto Cooking mode. How would you go about
setting this on your microwave oven?

• Answer: To defrost the frozen food and then
cook it using the Auto Cooking mode on your
microwave oven, follow these steps:

1. Press the 'Defrost/Clock' button (labelled with
'Defrost/Clock') to activate the defrosting
operation. This will set the microwave to
defrost mode.

2. Using the 'Time - Weight +' knob to adjust
according to the weight of the food and
ensure proper defrosting.

3. Press the 'Pause/Cancel' button (labelled
with 'Pause/Cancel') to stop the defrost
operation once defrosting is complete.

4. Press the 'Auto Cooking' button (labelled with
'Auto Cooking') to select the automatic
cooking mode.

5. Press the 'Instant/Start' button (labelled with
'Instant/Start') to start the automatic cooking
mode.

Figure 7: Illustration of the four benchmark tasks on a microwave oven panel, demonstrating panel
description, element grounding, function inference, and multi-step operation planning.

operation planning involves synthesizing visual and contextual inputs to devise action sequences (e.g.,
defrosting followed by automated cooking mode activation). Collectively, this example demonstrates
how the benchmark evaluates layered competencies – ranging from descriptive accuracy to reasoning
in real-world interface interaction.

4 Methods for PUO tasks

This chapter introduces two methodological frameworks for panel understanding and operation. The
first is an end-to-end system that uses a VLM to handle all tasks in the PUO benchmark, combining
visual and textual processing in a unified workflow. The second, PPF, uses a modular approach:
lightweight edge models first parse the panel, then send structured data and queries to a cloud-based
LLM for responses. This design avoids uploading raw images, reducing privacy risks.

4.1 End-to-end VLMs

To develop an end-to-end VLM for PUO, we employ a methodology akin to digital UI agent
frameworks, fine-tuning a VLM to operate seamlessly in an integrated manner. This approach
jointly process visual and textual inputs, enabling the model to interpret control panels and generate
contextually appropriate responses based on user instructions. Specifically, we utilize Low-Rank
Adaptation (LoRA) [35] to fine-tune VLMs, which can balance efficient parameter updates with
minimal computational overhead.

Denote the fine-tuned VLM as V , which takes an image I of the control panel and a textual instruction
Q as inputs and outputs a response R. LoRA approximates weight updates using low-rank matrices
∆W , expressed as:

R = V(I,Q; Θv +∆W ), (1)

where Θv represents the pre-trained parameters of V , and ∆W adopts a low-rank structure defined as
∆W = ABT . Here, A ∈ Rd×r and B ∈ Rr×d with r ≪ d. LoRA significantly reduces trainable
parameters, enabling computationally efficient fine-tuning while retaining the pre-trained knowledge
of the base model [35], which allows the fine-tuned model to leverage its foundational capabilities
while adapting to the PUO task’s unique demands.

By comparing the performance of zero-shot and fine-tuned VLMs, we can assess the extent to which
existing VLMs inherently understand panels in real world. A significant performance gap between
zero-shot and fine-tuned models across tasks indicates that current VLM knowledge bases lack
PUO-specific knowledge. This disparity underscores the critical necessity of our proposed PUO
benchmark for advancing research and capabilities in real-world interface interaction.
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5 Privacy-preserving framework for PUO

Motivation. When capturing images of physical control panels, sensitive environmental details
are often inadvertently included, such as personal photos on walls, as shown in the bottom scene
of Fig. 1. This can lead to unintended exposure of private data, especially when the capturing
device is an autonomous robot that might upload such information to the cloud without the owner’s
awareness. To better quantify this risk, we analyzed real-world panel images and found that, as
shown in Fig. 3(b), panels occupy less than 20% of the pixels on average, meaning that most of the
captured content is unrelated background. We further used a vision-language model to automatically
examine each image and identify potential privacy-sensitive elements (e.g., faces, names, phone
numbers, or identifiable locations). The analysis reveals that approximately 3.67% of the images
contain personal information, indicating a non-negligible privacy risk in everyday use. To address this
issue, we propose the Privacy-Preserving Framework (PPF), a two-tier architecture that decouples
edge-side panel parsing from cloud-based reasoning. In this design, raw images are processed locally
and never transmitted externally, ensuring that sensitive contextual information remains private while
still enabling intelligent cloud-side interaction.

Design details. To improve the accuracy of edge-side panel parsing, we design the PPF that combines
a lightweight vision-language model (E) with a dedicated vision-based detector to identify all operable
elements in panel images. This integration is both effective and straightforward, as PPF’s modular
design naturally supports flexible component composition. The motivation for this enhancement
stems from our initial experiments, where relying solely on E revealed performance limitations due
to constrained model capacity and coarse-grained element detection.

Our implementation of PPF is shown in Fig. 2 (blue flow). YOLO [37] is trained to detect a set B
including all operable elements: B = {(ci, bi)}Ni=1, where ci ∈ {button, knob} denotes the element
type and bi = (x1, y1, x2, y2) defines its bounding box coordinates. Following it, the set B are then
passed to the edge-side parser E to predict a function description fi for each element bi in nature
language. The edge-side model outputs a structured set of tuples P = {(bi, fi)}Ni=1, defined as:

P = E(I,B; Θe), (2)

where Θe denotes the parameters of the fine-tuned parser E . Notably, the element class ci is excluded
from P , as this information is already encapsulated within the fi.

By integrating YOLO’s detection results with E , the edge model achieves robust panel parsing while
preserving privacy. While YOLO introduces a little computational overhead, this trade-off is justified
by its significant accuracy improvements. Importantly , the output P excludes environmental or
private data and retains only task-relevant panel information.

Once P is generated by the edge-side model, it is combined with the user’s instruction Q and
transmitted to a cloud-based LLM to generate response R:

R = L(Q,P ; Θl), (3)

where L represents the LLM’s inference process parameterized by Θl.

Fig. 2 contrasts the workflows of end-to-end VLMs and PPF: while end-to-end systems process raw
images directly in the cloud, PPF confines sensitive visual processing to the edge device, transmitting
only structured panel data P to the cloud, which ensures privacy preservation. Although PPF adopts a
simple workflow by splitting computation between edge and cloud, it provides theoretical guarantees
that private visual data never leaves the edge device, thereby eliminating the risk of data leakage.

6 Experiments

We evaluate model performance on the four PUO benchmark tasks. For end-to-end methods, we
test Yi-VL(6.72B) [61], LLAVA-NeXT(7.57B) [44], and Qwen2.5-VL(8.29B) [8]. In PPF setups,
we deploy the lightweight Qwen2.5-VL(3.75B) [8] on the edge, with GPT-4o [3], Qwen2.5-72B-
instruction [60], and Claude [5] serving as the cloud-side LLM for (3). All models are fine-tuned via
LLaMA Factory [68].

7



Table 2: Comparison on PUO benchmarks.

Method FT Description Grounding Function Planning

CCIDEr CBERT-S LJS-F1 Coord Acc BERT-S LJS-Acc LJS-Acc

GPT-4o ✗ 35.40 0.769 0.545 0.992 0.063 0.900 0.297 0.294
Claude-3.7 ✗ 30.31 0.765 0.538 0.985 0.072 0.894 0.274 0.192

Qwen-VL-72B ✗ 0.094 0.117 0.464 0.941 0.082 0.894 0.265 0.122

Yi-VL-6B [61] ✗ 5.34 0.455 0.068 0.000 0.000 0.091 0.167 0.030
✓ 163.45 0.802 0.527 0.992 0.106 0.910 0.290 0.393

LLAVA-7B [42] ✗ 13.09 0.627 0.146 0.000 0.000 0.869 0.124 0.049
✓ 248.93 0.879 0.749 0.995 0.498 0.918 0.463 0.490

Qwen-VL-7B [8] ✗ 23.86 0.658 0.408 0.000 0.000 0.876 0.349 0.239
✓ 238.23 0.884 0.748 0.995 0.625 0.918 0.528 0.444

PPF (w/ GPT-4o) ✓ 192.90 0.898 0.706 0.990 0.673 0.903 0.630 0.420
PPF (w/ Claude) ✓ 189.72 0.898 0.706 0.990 0.676 0.906 0.532 0.335
PPF (w/ Qwen) ✓ 191.01 0.898 0.709 0.997 0.668 0.909 0.510 0.315

6.1 Panel description

The goal of panel description is to completely list all operable controls and their functions in the
panel. To evaluate how well models achieve this goal, we extract predicted elements {ei}

Npred
i=1 and

GT elements {e′j}
Ngt
j=1, and construct a similarity matrix S ∈ RNpred×Ngt , where Sij = sim(ei, e′j)

measures similarity using CIDEr [52] or BERT-S [64]. The Hungarian algorithm finds the optimal
matching M ∈ {0, 1}Npred×Ngt , yielding the score:

Csim = 2⟨S,M⟩/(Npred +Ngt), (4)

where ⟨·, ·⟩ is the Frobenius inner product. We also propose LJS-F1 based on LLM-as-Judge [67]:

LJS-F1 = 2Nmatch/(Npred +Ngt), (5)

with Nmatch being the number of semantically matched elements judged by an LLM.

A detailed comparison is listed in the Description column of Tab. 2. Compared to zero-shot models,
LoRA-fine-tuned models show significant improvement in identifying operable elements, indicating
current VLMs lack panel-related knowledge. PPF with GPT-4o as cloud-side model outperforms
other fully zero-shot models, achieving the highest CBERT-S score and third-highest LJS-F1, surpassing
fine-tuned YI-VL [61] in all aspects.

6.2 Element grounding

The element grounding task evaluates a model’s ability to associate textual descriptions with specific
operable elements on a panel by predicting their spatial coordinates. We evaluate performance using
two metrics: (1) Coord, the relative frequency of parseable coordinates in the response; and (2) Acc,
the accuracy of predicted coordinates that fall within the ground-truth element’s bounding box.

As shown in the Grounding column of Tab. 2, zero-shot models output invalid coordinates (Coord
=0.000), while their fine-tuned versions and online large VLMs are able to produce valid coordinate
information. However, the accuracy of online large VLMs is below 0.1. Notably, PPF with GPT-4o as
the LLM achieves the highest localization accuracy (Acc = 0.673), surpassing all fine-tuned models,
thanks to YOLO’s robust detection capabilities.

6.3 Function inference

The function inference task evaluates a model’s ability to deduce the functional properties of an
element. The corresponding performance is measured using BERT-S [64] and LJS-Acc based on [67].
Differently, LLM here is to determine whether the predicted response matches the ground truth:

LJS-Acc =
1

N

∑N

i=1
LLMpt(Ri, R

′
i), (6)
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Table 3: Ablation study on with and without detection results.

Method YOLO Description Grounding Function Planning

CCIDEr CBERT-S LJS-F1 Coord Acc. BERT-S LJS-Acc. LJS-Acc.

PPF (w/ GPT-4o)
✗ 156.01 0.854 0.641 0.989 0.515 0.897 0.456 0.333
✓ 192.90 0.898 0.706 0.990 0.673 0.903 0.567 0.420

Qwen-VL-7B [8] ✗ 238.23 0.884 0.748 0.995 0.625 0.918 0.528 0.444
✓ 186.86 0.875 0.711 0.998 0.705 0.956 0.551 0.416

where LLMP (Ri, R
′
i) = 1 if the response Ri is semantically equivalent to the GT R′

i, as determined
by the prompt pt; otherwise, it is 0.

Results in the Function column of Tab. 2 show that fine-tuned Qwen-VL performs best in functional
reasoning. PPF ranks second in LJS-Acc, showing strong semantic alignment despite edge constraints.
PUO involves bidirectional reasoning: inferring function from coordinates and localizing elements
from descriptions – both essential for real-world use. Though PPF shows slight semantic gaps
compared to fine-tuned models, its ability to parse and reason about panel elements highlights its
practical value for privacy-sensitive applications.

6.4 Multi-Step operation planning

The multi-step operation planning task evaluates a model’s ability to generate goal-driven action
sequences. Since PUO is an image-based dataset, planning objectives are constrained to predefined
scenarios in input questions, excluding real-time panel feedback from the task scope. Performance is
assessed via (6) using specific prompt: whether the predicted plan aligns with the GT in operational
logic and goal achievement.

The Planning column of Tab. 2 highlights key findings for this task. Fine-tuned LLAVA-NeXT
achieves the highest planning accuracy, while Qwen-VL closely matches its performance. PPF
shows significant improvement over zero-shot models but lags behind fine-tuned VLMs, reflecting
limitations in LLM knowledge bases for PUO-specific planning.

6.5 Discussion on model with/without detection results

The comparative performance of model with and without YOLO integration is summarized in Tab. 3.
In the latter case, the edge-side model directly parses panel elements from images:

P = E ′(I; Θe′). (7)

Although the lightweight edge model demonstrates baseline grounding capabilities independently,
integrating YOLO’s robust detection significantly amplifies PPF’s efficacy across all evaluated tasks.
However, embedding the results of detection into an end-to-end VLM reduces its own parsing and
planning capabilities. Therefore, it is only recommended to introduce YOLO results into PPF to
enhance the parsing ability of small edge-side models.

7 Conclusion

This study introduces Panel Understanding and Operation (PUO) , a novel task involving the extraction
of information from real-world panel images and the generation of actionable suggestions based
on user instructions. Despite its practical relevance and potential impact on robotics, PUO remains
largely underexplored in vision-language research. To address this, we construct a comprehensive
dataset with annotated images and diverse question-answer pairs, establishing a benchmark containing
four core tasks for evaluating PUO performance.

Using this benchmark, we evaluate both zero-shot and fine-tuned VLMs, revealing significant
limitations in current models. We also identify privacy concerns in PUO applications. To mitigate
these, we propose a Privacy-Preserving Framework (PPF) that splits the pipeline into two stages:
an edge-side detector-parser handles panel understanding and grounding locally, while only parsed
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semantic data and instructions are sent to the cloud for response generation. Although PPF incurs
some performance loss due to edge model constraints, it effectively avoids the exposure of raw visual
data during transmission.

Challenges: Our findings reveal that existing VLMs lack prior knowledge of panel understanding
and operation, resulting in a significant performance gap between fine-tuned and zero-shot models.
Even when integrating LLMs into the cloud-side of PPF, notable discrepancies persist in planning
and description tasks compared to fine-tuned VLMs. This highlights a critical limitation: current
LLMs are not pre-trained on PUO-related knowledge. These results underscore the importance of
the PUO benchmark in advancing computer vision and addressing real-world interaction challenges.
The ability to ground operable components also remains underdeveloped in current models, yet is
essential for effective visual reasoning and real-world panel interaction.

Future works: Future research on PUO can focus on developing hybrid architectures that better
integrate edge computing with cloud-based intelligence, aiming to close the performance gap while
maintaining privacy. Furthermore, expanding the benchmark to include dynamic panel interactions
would more closely align PUO with real-world robotic applications. Building upon this foundation,
integrating PUO with embodied agents capable of real-time robotic manipulation could enable
seamless transitions between panel interpretation and physical action. Such advancements have the
potential to significantly contribute to the field of robotics, fostering intelligent systems that can
understand and interact with complex human-made interfaces in real environments.

Acknowledgments

This work was supported in part by the Strategic Research Grant of City University of Hong Kong
(Project No. 7005840) and in part by the National Natural Science Foundation of China (Grant No.
62306241).

References
[1] Appagent v2: Advanced agent for flexible mobile interactions. arXiv preprint arXiv:2408.11824,

2024.

[2] Marah Abdin, Jyoti Aneja, Harkirat Behl, Sébastien Bubeck, Ronen Eldan, Suriya Gunasekar,
Michael Harrison, Russell J Hewett, Mojan Javaheripi, Piero Kauffmann, et al. Phi-4 technical
report. arXiv preprint arXiv:2412.08905, 2024.

[3] Josh Achiam, Steven Adler, Sandhini Agarwal, Lama Ahmad, Ilge Akkaya, Florencia Leoni
Aleman, Diogo Almeida, Janko Altenschmidt, Sam Altman, Shyamal Anadkat, et al. Gpt-4
technical report. arXiv preprint arXiv:2303.08774, 2023.

[4] Jean-Baptiste Alayrac, Jeff Donahue, Pauline Luc, Antoine Miech, Iain Barr, Yana Hasson,
Karel Lenc, Arthur Mensch, Katherine Millican, Malcolm Reynolds, et al. Flamingo: a visual
language model for few-shot learning. Advances in neural information processing systems, 35:
23716–23736, 2022.

[5] Anthropic. Claude 3 family of large language models, 2025. URL https://www.anthropic.
com/claude.

[6] Chongyang Bai, Xiaoxue Zang, Ying Xu, Srinivas Sunkara, Abhinav Rastogi, Jindong Chen,
et al. Uibert: Learning generic multimodal representations for ui understanding. arXiv preprint
arXiv:2107.13731, 2021.

[7] Jinze Bai, Shuai Bai, Yunfei Chu, Zeyu Cui, Kai Dang, Xiaodong Deng, Yang Fan, Wenbin Ge,
Yu Han, Fei Huang, et al. Qwen technical report. arXiv preprint arXiv:2309.16609, 2023.

[8] Jinze Bai, Shuai Bai, Shusheng Yang, Shijie Wang, Sinan Tan, Peng Wang, Junyang Lin, Chang
Zhou, and Jingren Zhou. Qwen-vl: A frontier large vision-language model with versatile
abilities. arXiv preprint arXiv:2308.12966, 2023.

10

https://www.anthropic.com/claude
https://www.anthropic.com/claude


[9] Nikola Banovic, Tovi Grossman, Justin Matejka, and George Fitzmaurice. Waken: reverse
engineering usage information and interface structure from software videos. In Proceedings
of the 25th annual ACM symposium on User interface software and technology, pages 83–92,
2012.

[10] Tony Beltramelli. pix2code: Generating code from a graphical user interface screenshot. In
Proceedings of the ACM SIGCHI symposium on engineering interactive computing systems,
pages 1–6, 2018.

[11] Rogerio Bonatti, Dan Zhao, Francesco Bonacci, Dillon Dupont, Sara Abdali, Yinheng Li,
Yadong Lu, Justin Wagle, Kazuhito Koishida, Arthur Bucker, Lawrence Jang, and Zack
Hui. Windows agent arena: Evaluating multi-modal OS agents at scale. arXiv preprint
arXiv:2409.08264, 2024.

[12] Tom Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared D Kaplan, Prafulla Dhariwal,
Arvind Neelakantan, Pranav Shyam, Girish Sastry, Amanda Askell, et al. Language models are
few-shot learners. Advances in neural information processing systems, 33:1877–1901, 2020.

[13] Ruisheng Cao, Fangyu Lei, Haoyuan Wu, Jixuan Chen, Yeqiao Fu, Hongcheng Gao, Xinzhuang
Xiong, Hanchong Zhang, Wenjing Hu, Yuchen Mao, Tianbao Xie, Hongshen Xu, Danyang
Zhang, Sida I. Wang, Ruoxi Sun, Pengcheng Yin, Caiming Xiong, Ansong Ni, Qian Liu,
Victor Zhong, Lu Chen, Kai Yu, and Tao Yu. Spider2-v: How far are multimodal agents from
automating data science and engineering workflows? In Advances in Neural Information
Processing Systems, 2024.

[14] Tsung-Hsiang Chang, Tom Yeh, and Rob Miller. Associating the visual representation of user
interfaces with their internal structures and metadata. In Proceedings of the 24th annual ACM
symposium on User interface software and technology, pages 245–256, 2011.

[15] Chunyang Chen, Ting Su, Guozhu Meng, Zhenchang Xing, and Yang Liu. From ui design
image to gui skeleton: a neural machine translator to bootstrap mobile gui implementation. In
Proceedings of the 40th International Conference on Software Engineering, pages 665–676,
2018.

[16] Chunyang Chen, Sidong Feng, Zhenchang Xing, Linda Liu, Shengdong Zhao, and Jinshui
Wang. Gallery dc: Design search and knowledge discovery through auto-created gui component
gallery. Proceedings of the ACM on Human-Computer Interaction, 3(CSCW):1–22, 2019.

[17] Dongping Chen, Yue Huang, Siyuan Wu, Jingyu Tang, Liuyi Chen, Yilin Bai, Zhigang He,
Chenlong Wang, Huichi Zhou, Yiqiang Li, et al. Gui-world: A dataset for gui-oriented
multimodal llm-based agents. arXiv preprint arXiv:2406.10819, 2024.

[18] Jieshan Chen, Chunyang Chen, Zhenchang Xing, Xin Xia, Liming Zhu, John Grundy, and
Jinshui Wang. Wireframe-based ui design search through image autoencoder. ACM Transactions
on Software Engineering and Methodology (TOSEM), 29(3):1–31, 2020.

[19] Jieshan Chen, Chunyang Chen, Zhenchang Xing, Xiwei Xu, Liming Zhu, Guoqiang Li, and
Jinshui Wang. Unblind your apps: Predicting natural-language labels for mobile gui components
by deep learning. In Proceedings of the ACM/IEEE 42nd international conference on software
engineering, pages 322–334, 2020.

[20] Jieshan Chen, Mulong Xie, Zhenchang Xing, Chunyang Chen, Xiwei Xu, Liming Zhu, and
Guoqiang Li. Object detection for graphical user interface: Old fashioned or deep learning or a
combination? In proceedings of the 28th ACM joint meeting on European Software Engineering
Conference and Symposium on the Foundations of Software Engineering, pages 1202–1214,
2020.

[21] Kanzhi Cheng, Qiushi Sun, Yougang Chu, Fangzhi Xu, Yantao Li, Jianbing Zhang, and Zhiyong
Wu. Seeclick: Harnessing GUI grounding for advanced visual GUI agents. In Proceedings of
the 62nd Annual Meeting of the Association for Computational Linguistics, pages 9313–9332,
2024.

11



[22] Biplab Deka, Zifeng Huang, Chad Franzen, Joshua Hibschman, Daniel Afergan, Yang Li,
Jeffrey Nichols, and Ranjitha Kumar. Rico: A mobile app dataset for building data-driven
design applications. In Proceedings of the 30th annual ACM symposium on user interface
software and technology, pages 845–854, 2017.

[23] Xiang Deng, Yu Gu, Boyuan Zheng, Shijie Chen, Sam Stevens, Boshi Wang, Huan Sun, and
Yu Su. Mind2web: Towards a generalist agent for the web. Advances in Neural Information
Processing Systems, 36, 2024.

[24] Jacob Devlin. Bert: Pre-training of deep bidirectional transformers for language understanding.
arXiv preprint arXiv:1810.04805, 2018.

[25] Morgan Dixon and James Fogarty. Prefab: implementing advanced behaviors using pixel-based
reverse engineering of interface structure. In Proceedings of the SIGCHI Conference on Human
Factors in Computing Systems, pages 1525–1534, 2010.

[26] Hiroki Furuta, Kuang-Huei Lee, Ofir Nachum, Yutaka Matsuo, Aleksandra Faust, Shixi-
ang Shane Gu, and Izzeddin Gur. Multimodal web navigation with instruction-finetuned
foundation models. arXiv preprint arXiv:2305.11854, 2023.

[27] Hiroki Furuta, Ofir Nachum, Kuang-Huei Lee, Yutaka Matsuo, Shixiang Shane Gu, and Izzeddin
Gur. Instruction-finetuned foundation models for multimodal web navigation. In Workshop on
Reincarnating Reinforcement Learning, 2023.

[28] Difei Gao, Lei Ji, Zechen Bai, Mingyu Ouyang, Peiran Li, Dongxing Mao, Qinchen Wu, We-
ichen Zhang, Peiyi Wang, Xiangwu Guo, Hengxu Wang, Luowei Zhou, and Mike Zheng Shou.
Assistgui: Task-oriented PC graphical user interface automation. In IEEE/CVF Conference on
Computer Vision and Pattern Recognition, 2024.

[29] Pablo Robin Guerrero, Yueyang Pan, and Sanidhya Kashyap. Efficient deployment of
vision-language models on mobile devices: A case study on oneplus 13r. arXiv preprint
arXiv:2507.08505, 2025.

[30] Izzeddin Gur, Ulrich Rueckert, Aleksandra Faust, and Dilek Hakkani-Tur. Learning to navigate
the web. arXiv preprint arXiv:1812.09195, 2018.

[31] Hongliang He, Wenlin Yao, Kaixin Ma, Wenhao Yu, Yong Dai, Hongming Zhang, Zhenzhong
Lan, and Dong Yu. Webvoyager: Building an end-to-end web agent with large multimodal
models. In Proceedings of the 62nd Annual Meeting of the Association for Computational
Linguistics, pages 6864–6890, 2024.

[32] Wenyi Hong, Weihan Wang, Ming Ding, Wenmeng Yu, Qingsong Lv, Yan Wang, Yean Cheng,
Shiyu Huang, Junhui Ji, Zhao Xue, et al. Cogvlm2: Visual language models for image and
video understanding. arXiv preprint arXiv:2408.16500, 2024.

[33] Wenyi Hong, Weihan Wang, Qingsong Lv, Jiazheng Xu, Wenmeng Yu, Junhui Ji, Yan Wang,
Zihan Wang, Yuxiao Dong, Ming Ding, et al. Cogagent: A visual language model for gui agents.
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition,
pages 14281–14290, 2024.

[34] Yu-Chung Hsiao, Fedir Zubach, Gilles Baechler, Victor Carbune, Jason Lin, Maria Wang,
Srinivas Sunkara, Yun Zhu, and Jindong Chen. Screenqa: Large-scale question-answer pairs
over mobile app screenshots. arXiv preprint arXiv:2209.08199, 2022.

[35] Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang,
Lu Wang, Weizhu Chen, et al. Lora: Low-rank adaptation of large language models. ICLR, 1
(2):3, 2022.

[36] Forrest Huang, John F Canny, and Jeffrey Nichols. Swire: Sketch-based user interface retrieval.
In Proceedings of the 2019 CHI Conference on Human Factors in Computing Systems, pages
1–10, 2019.

[37] Glenn Jocher and Jing Qiu. Ultralytics yolo11, 2024. URL https://github.com/
ultralytics/ultralytics.

12

https://github.com/ultralytics/ultralytics
https://github.com/ultralytics/ultralytics


[38] Kenton Lee, Mandar Joshi, Iulia Raluca Turc, Hexiang Hu, Fangyu Liu, Julian Martin Eisensch-
los, Urvashi Khandelwal, Peter Shaw, Ming-Wei Chang, and Kristina Toutanova. Pix2struct:
Screenshot parsing as pretraining for visual language understanding. In International Confer-
ence on Machine Learning, pages 18893–18912. PMLR, 2023.

[39] Bo Li, Yuanhan Zhang, Liangyu Chen, Jinghao Wang, Jingkang Yang, and Ziwei Liu. Otter: A
multi-modal model with in-context instruction tuning. arXiv preprint arXiv:2305.03726, 2023.

[40] Gang Li and Yang Li. Spotlight: Mobile UI understanding using vision-language models with a
focus. In International Conference on Learning Representations, 2023.

[41] Aixin Liu, Bei Feng, Bing Xue, Bingxuan Wang, Bochao Wu, Chengda Lu, Chenggang Zhao,
Chengqi Deng, Chenyu Zhang, Chong Ruan, et al. Deepseek-v3 technical report. arXiv preprint
arXiv:2412.19437, 2024.

[42] Haotian Liu, Chunyuan Li, Yuheng Li, and Yong Jae Lee. Improved baselines with visual
instruction tuning. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 26296–26306, 2024.

[43] Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae Lee. Visual instruction tuning. Advances
in neural information processing systems, 36, 2024.

[44] Shilong Liu, Hao Cheng, Haotian Liu, Hao Zhang, Feng Li, Tianhe Ren, Xueyan Zou, Jianwei
Yang, Hang Su, Jun Zhu, et al. Llava-plus: Learning to use tools for creating multimodal agents.
In European Conference on Computer Vision, pages 126–142. Springer, 2024.

[45] Xudong Lu, Yinghao Chen, Cheng Chen, Hui Tan, Boheng Chen, Yina Xie, Rui Hu, Guanxin
Tan, Renshou Wu, Yan Hu, et al. Bluelm-v-3b: Algorithm and system co-design for multimodal
large language models on mobile devices. In Proceedings of the Computer Vision and Pattern
Recognition Conference, pages 4145–4155, 2025.

[46] Tuan Anh Nguyen and Christoph Csallner. Reverse engineering mobile application user
interfaces with remaui (t). In 2015 30th IEEE/ACM International Conference on Automated
Software Engineering (ASE), pages 248–259. IEEE, 2015.

[47] Runliang Niu, Jindong Li, Shiqi Wang, Yali Fu, Xiyu Hu, Xueyuan Leng, He Kong, Yi Chang,
and Qi Wang. Screenagent: A vision language model-driven computer control agent. In
Proceedings of the Thirty-Third International Joint Conference on Artificial Intelligence, pages
6433–6441, 2024.

[48] Panupong Pasupat, Tian-Shun Jiang, Evan Zheran Liu, Kelvin Guu, and Percy Liang. Mapping
natural language commands to web elements. arXiv preprint arXiv:1808.09132, 2018.

[49] Christopher Rawles, Sarah Clinckemaillie, Yifan Chang, Jonathan Waltz, Gabrielle Lau, Mary-
beth Fair, Alice Li, William Bishop, Wei Li, Folawiyo Campbell-Ajala, et al. Androidworld: A
dynamic benchmarking environment for autonomous agents. arXiv preprint arXiv:2405.14573,
2024.

[50] Christopher Rawles, Alice Li, Daniel Rodriguez, Oriana Riva, and Timothy Lillicrap. An-
droidinthewild: A large-scale dataset for android device control. Advances in Neural Information
Processing Systems, 36, 2024.

[51] Liangtai Sun, Xingyu Chen, Lu Chen, Tianle Dai, Zichen Zhu, and Kai Yu. Meta-gui: Towards
multi-modal conversational agents on mobile gui. In Proceedings of the 2022 Conference on
Empirical Methods in Natural Language Processing, pages 6699–6712, 2022.

[52] Ramakrishna Vedantam, C Lawrence Zitnick, and Devi Parikh. Cider: Consensus-based image
description evaluation. In Proceedings of the IEEE conference on computer vision and pattern
recognition, pages 4566–4575, 2015.

[53] Jason Wu, Siyan Wang, Siman Shen, Yi-Hao Peng, Jeffrey Nichols, and Jeffrey P Bigham.
Webui: A dataset for enhancing visual ui understanding with web semantics. In Proceedings of
the 2023 CHI Conference on Human Factors in Computing Systems, pages 1–14, 2023.

13



[54] Jialong Wu, Wenbiao Yin, Yong Jiang, Zhenglin Wang, Zekun Xi, Runnan Fang, Deyu Zhou,
Pengjun Xie, and Fei Huang. Webwalker: Benchmarking llms in web traversal. arXiv preprint
arXiv:2501.07572, 2025.

[55] Qinchen Wu, Difei Gao, Kevin Qinghong Lin, Zhuoyu Wu, Xiangwu Guo, Peiran Li, Weichen
Zhang, Hengxu Wang, and Mike Zheng Shou. GUI action narrator: Where and when did that
action take place? arXiv preprint arXiv:2406.13719, 2024.

[56] Zhiyong Wu, Chengcheng Han, Zichen Ding, Zhenmin Weng, Zhoumianze Liu, Shunyu
Yao, Tao Yu, and Lingpeng Kong. Os-copilot: Towards generalist computer agents with
self-improvement. arXiv preprint arXiv:2402.07456, 2024.

[57] Jie Xiao, Qianyi Huang, Xu Chen, and Chen Tian. Understanding large language models in
your pockets: Performance study on cots mobile devices. arXiv preprint arXiv:2410.03613,
2024.

[58] Tianbao Xie, Danyang Zhang, Jixuan Chen, Xiaochuan Li, Siheng Zhao, Ruisheng Cao, Toh Jing
Hua, Zhoujun Cheng, Dongchan Shin, Fangyu Lei, Yitao Liu, Yiheng Xu, Shuyan Zhou, Silvio
Savarese, Caiming Xiong, Victor Zhong, and Tao Yu. Osworld: Benchmarking multimodal
agents for open-ended tasks in real computer environments. In Advances in Neural Information
Processing Systems 38: Annual Conference on Neural Information Processing Systems, 2024.

[59] An Yan, Zhengyuan Yang, Wanrong Zhu, Kevin Lin, Linjie Li, Jianfeng Wang, Jianwei Yang,
Yiwu Zhong, Julian McAuley, Jianfeng Gao, et al. Gpt-4v in wonderland: Large multimodal
models for zero-shot smartphone gui navigation. arXiv preprint arXiv:2311.07562, 2023.

[60] An Yang, Baosong Yang, Beichen Zhang, Binyuan Hui, Bo Zheng, Bowen Yu, Chengyuan
Li, Dayiheng Liu, Fei Huang, Haoran Wei, et al. Qwen2.5 technical report. arXiv preprint
arXiv:2412.15115, 2024.

[61] Alex Young, Bei Chen, Chao Li, Chengen Huang, Ge Zhang, Guanwei Zhang, Guoyin Wang,
Heng Li, Jiangcheng Zhu, Jianqun Chen, et al. Yi: Open foundation models by 01. ai. arXiv
preprint arXiv:2403.04652, 2024.

[62] Luciana AM Zaina, Renata PM Fortes, Vitor Casadei, Leornardo Seiji Nozaki, and Débora
Maria Barroso Paiva. Preventing accessibility barriers: Guidelines for using user interface
design patterns in mobile applications. Journal of Systems and Software, 186:111213, 2022.

[63] Chi Zhang, Zhao Yang, Jiaxuan Liu, Yucheng Han, Xin Chen, Zebiao Huang, Bin Fu, and Gang
Yu. Appagent: Multimodal agents as smartphone users. arXiv preprint arXiv:2312.13771, 2023.

[64] Tianyi Zhang*, Varsha Kishore*, Felix Wu*, Kilian Q. Weinberger, and Yoav Artzi. Bertscore:
Evaluating text generation with bert. In International Conference on Learning Representations,
2020. URL https://openreview.net/forum?id=SkeHuCVFDr.

[65] Xiaoyi Zhang, Lilian De Greef, Amanda Swearngin, Samuel White, Kyle Murray, Lisa Yu,
Qi Shan, Jeffrey Nichols, Jason Wu, Chris Fleizach, et al. Screen recognition: Creating
accessibility metadata for mobile applications from pixels. In Proceedings of the 2021 CHI
Conference on Human Factors in Computing Systems, pages 1–15, 2021.

[66] Boyuan Zheng, Boyu Gou, Jihyung Kil, Huan Sun, and Yu Su. Gpt-4v (ision) is a generalist
web agent, if grounded. arXiv preprint arXiv:2401.01614, 2024.

[67] Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan Zhuang, Zhanghao Wu, Yonghao Zhuang,
Zi Lin, Zhuohan Li, Dacheng Li, Eric Xing, et al. Judging llm-as-a-judge with mt-bench and
chatbot arena. Advances in Neural Information Processing Systems, 36:46595–46623, 2023.

[68] Yaowei Zheng, Richong Zhang, Junhao Zhang, Yanhan Ye, Zheyan Luo, Zhangchi Feng, and
Yongqiang Ma. Llamafactory: Unified efficient fine-tuning of 100+ language models. In
Proceedings of the 62nd Annual Meeting of the Association for Computational Linguistics
(Volume 3: System Demonstrations), Bangkok, Thailand, 2024. Association for Computational
Linguistics. URL http://arxiv.org/abs/2403.13372.

14

https://openreview.net/forum?id=SkeHuCVFDr
http://arxiv.org/abs/2403.13372


[69] Zichen Zhu, Liangtai Sun, Jingkai Yang, Yifan Peng, Weilin Zou, Ziyuan Li, Wutao Li, Lu Chen,
Yingzi Ma, Danyang Zhang, et al. Cam-gui: A conversational assistant on mobile gui. In
National Conference on Man-Machine Speech Communication, pages 302–315. Springer, 2023.

[70] Zichen Zhu, Liangtai Sun, Danyang Zhang, Ziyuan Li, Guangpeng Li, Lu Chen, and Kai Yu.
Technical report of mogui and mocon. https://huggingface.co/datasets/OpenDFM/
MoGUI, 2024.

15

https://huggingface.co/datasets/OpenDFM/MoGUI
https://huggingface.co/datasets/OpenDFM/MoGUI


This is the appendix for PUO-Bench: A Panel Understanding and Operation Benchmark with A
Privacy-Preserving Framework. In this document, we present more visualization details to demon-
strate the contribution of PUO benchmark.

• In Sec. A, we provide a detailed annotation guideline, describing the step-by-step labeling
process and consistency control;

• In Sec. B, we present additional details about the training process;
• In Sec. C, we show the prompts and examples used to calculate LJS-F1 and LJS-Acc;
• Sec. D reports the human evaluation of the LJS score and its variation across annotators;
• Sec. E describes how the edge-side parser is trained;
• Sec. F visualizes the differences between the zero-shot and fine-tuned model results.

A Annotation Guideline

To ensure annotation quality and consistency, the labeling process in PUO is organized as a step-by-
step pipeline, rather than having a single annotator complete all five types of annotations simultane-
ously. Each step focuses on a specific attribute group, allowing cross-verification between annotators
and tools to minimize subjective bias and improve reliability. The overall annotation workflow is
summarized as follows.

(1) Type and Position Annotation. This step resembles conventional object detection tasks.
Annotators first label all operable elements in each panel image by specifying their type (i.e., button or
knob) and corresponding bounding boxes. Each bounding box is drawn to cover not only the element
itself but also relevant contextual information, such as adjacent texts or symbols (as illustrated in
Fig. 5). This design provides the necessary spatial context for subsequent text, icon, and function
annotation.

(2) Text and Icon Annotation. Next, we extract textual and graphical cues from the annotated
regions. To improve efficiency, we leverage existing vision-language models equipped with OCR
and icon recognition capabilities to automatically obtain initial labels for texts and icons within
each bounding box. These preliminary results are then manually verified and corrected through a
custom-developed web annotation tool, which assists human annotators in identifying mislabeling
and missing entries.

(3) Function Annotation. Finally, we annotate the functional role of each operable element using
a semi-automated process that combines human supervision with large language model (LLM)
reasoning. A web interface connects to an LLM, which receives a structured prompt describing the
product category, element type, surrounding text, and associated icon, as well as optional additional
context filled by the annotator. The prompt takes the following form:

This is an operable element on a {product}, and its type is {type}.
The text written on or around this component is: ’{text}’.
The icon description associated with this component is: ’{icon}’.
Besides, its function is also related to ’{other_prompts}’.
Based on these details, what function might this element serve in
operating the {product}?

In most cases, the LLM can correctly infer the element’s function directly from contextual cues.
When necessary, annotators supplement missing contextual hints via the {other_prompts} field to
ensure accurate and consistent results.

Through this three-stage annotation pipeline, the type, position, and contextual cues (Steps 1 & 2)
are grounded in actual image content, while the function annotation (Step 3) is standardized through
structured prompting and human verification. This design guarantees stepwise consistency and
reproducibility across all annotations.
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B Training Details

During the training process, we fine-tuned all VLMs using LoRA on a combined dataset consisting
of QA pairs from four distinct tasks to measure the model’s performance on the PUO task.

The fine-tuning was conducted using LLaMA Factory [68], leveraging the SFT stage with a learning
rate of 1e-4 for 10 epochs on a machine equipped with 8 A100 GPUs. We allowed the model to
generate up to 4096 new tokens per response. To ensure diverse and natural responses, we set the
temperature to 0.95 and applied Top-p sampling (nucleus sampling) with a p-value of 0.7.

C Details about LLM-as-Judge

In Section 6, we present two metrics for panel description, function estimation, and multi-step
operation planning: LJS-F1 and LJS-Acc, as defined in (5) and (6), respectively. It is important to
note that our approach differs from the vanilla method [67], which uses an LLM to judge the quality
of outputs using continuous scores. In contrast, we employ discrete, binary scoring to assess whether
the prediction matches the GT.

C.1 LJS-F1 for panel description

For panel description, we use the prompt like this:

The prompt for LJS-F1 in panel description
The following markdown content provides two descriptions of the same control panels on
an appliance. According to these descriptions, output a number ’A’ indicating how many
elements are in the first description, a number ’B’ indicating how many elements are in the
second description, and a number ’C’ indicating how many elements are in both the frist
and the second description. The ’element’ means a button or a knob.

“‘md
{ ground truth }
“‘

“‘md
{ prediction }

“‘
Analysis should be present. In the last line of the answer, outputing three numbers bounded
with square brackets: "[A, B, C]", indicating element number in the first and the second
description, and the number of common elements.

In Fig. 8, we present an example to show how LLM judges the element count in ground truth and
prediction, and how the number of common elements is estimated.

C.2 LJS-Acc for function estimation

For function estimation, we only let the LLM to determine whether the prediction and ground truth
describe the same element in the function level:

The prompt for LJS-Acc in function estimation
The following markdown content provides two descriptions of two buttons or knobs on an
appliance. Judge whether the two pieces of content describe the same button/knob and the
same function.

“‘md
{ ground truth }
“‘
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ground truth

- Button 'UNIT' - This button relates to the
operations of the device's units. Pressing it
will switch unit settings or confirm unit
operations.
- Button 'AVG/VPP' - This button is used to
switch the display mode or change related
parameters. When pressed, it can toggle
between modes like AVG (Average) and VPP
(Peak Value).
- Button 'HOLD' (Power icon) - This button
controls the power switch of the air
purifier. Pressing it will turn the device on
or off.

question

Could you list all the functional modules
within this appliance panel image and explain
what each one does?

prediction of ppf-claude

- Button 'ON/OFF' (A power symbol) - This
button controls the power switch of the
detector. Pressing it turns the detector on
or off.
- Button 'unit' - This button provides
function options related to unit selection.
Pressing it triggers corresponding
operations.
- Button 'TEST' (A button with the word
'TEST') - This button activates the test
function of the detector. Pressing it
displays the test status of the detector.

LLM-as-Judge

To analyze the markdown content, we need to identify and count the buttons and knobs described in both sections.

**First Description Analysis:**
1. **Button 'UNIT'** - A button related to the operations of the device's units.
2. **Button 'AVG/VPP'** - A button used to switch the display mode between AVG and VPP.
3. **Button 'HOLD' (Power icon)** - A button to turn the device on or off.

The total number of elements in the first description is 3.

**Second Description Analysis:**
1. **Button 'ON/OFF' (A power symbol)** - A button to control the power switch of the detector.
2. **Button 'unit'** - A button to provide function options related to unit selection.
3. **Button 'TEST' (A button with the word 'TEST')** - A button to activate the test function of the detector.

The total number of elements in the second description is 3.

**Common Elements Analysis:**
Now we need to identify any common elements between the two descriptions. We focus on the names and descriptions which are related in their
functionality.
1. The function of button 'UNIT' related to unit operations in the first description appears to be similar to button 'unit' in the second description,
although the cases of the names differ.
2. The power button ('HOLD') button in the first description and button 'ON/OFF' in the second description both control the power function, suggesting
potential similarity.

Considering these observations, two elements appear to be similar:
- Button related to units (case insensitive name comparison).
- Power button (function comparison).

Therefore, there are 2 elements that are common to both descriptions based on their functionality and intended actions.

By combining these analyses, the three numbers [A, B, C] are:
**[3, 3, 2]**

Figure 8: LLM-F1 for evaluating panel description task. 2C/(A+B) = 0.67 here.

“‘md
{ prediction }

“‘
The result should be start with ’The answer is 1/0’, with 1 indicating they are the same and 0
indicating they are different. No analysis should be output if the answer is 1, but the reason
should be provided if and only if the answer is 0.

Fig. 9 demonstrates an example of how the LLM determines whether the prediction and the ground
truth describe the same element. LJS-Acc is calculated on the entire test set.

C.3 LJS-Acc for goal-based planning

For goal-based planning, we let LLM judge whether the plan in ground truth and prediction complete
the same target. The prompt is:
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ground truth

This button is labeled 'Mode' with an icon of
four circles arranged in a square. It is used
to switch between different dishwasher modes,
allowing you to select the appropriate mode
for your dishwashing needs.

question

There is a button located at [0.736, 0.187,
0.801, 0.251]. What is the main function of
this button?

prediction of gpt4o-results_format

The main function of this button is to
activate the "Fruit" mode on the appliance.

LLM-as-Judge

The answer is 0. The reasons are:

1. The first description refers to a button labeled 'Mode' with an icon of four circles and its function is to switch between different dishwasher modes
in general.
2. The second description refers specifically to a button that activates the "Fruit" mode, which implies a specific mode rather than a general switching
function.

Figure 9: LLM-as-Judge in LLM-Acc for evaluating function estimation task. For the example, the
judge result is false.

The prompt for LJS-Acc in goal-based planning
The content in the following two markdowns describes the operational processes required to
achieve a certain goal. The first one is the correct sequence of operational steps. Determine
whether the second process is correct according to the first one. Some steps might be
interchangeable, which should be consider correct. Overall, if there are no significant
deviations (operating the wrong elements, omitting some key elements, etc.), it should be
considered correct.

“‘md
{ ground truth }
“‘

“‘md
{ prediction }

“‘
The result should start with "The plan is 1/0" , where 1 indicates that the steps are correct,
and 0 indicates they are not. No analysis should be output. The reason should be provided if
and only if the plan is 0.

Fig. 10 demonstrates an example on how to cool the room using an air conditioner.

D Human evaluation on the LJS score

To evaluate the reliability of LJS in assessing the consistency between predicted answers and the
ground truth (GT), we conducted a human evaluation study.

A total of 10 participants took part in the study. Each participant was presented with 10 randomly
selected questions from each of the three tasks, with 7 model predictions per question, resulting in
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ground truth

To set the air conditioner to cool the room
quickly, follow these steps:
1. Press the '开关' button (labeled '开关') to
turn on the air conditioner. This will switch
on the air conditioner.
2. Press the '制冷' button (labeled '制冷') to
switch the air conditioner to cooling mode.
This will set the air conditioner to start
cooling the room.
3. Press the '温度' button with the arrow
pointing down icon to decrease the
temperature to the lowest comfortable
setting. Multiple presses may be required to
reach the desired temperature.
4. Optionally, if you want the air
conditioner to cool the room as quickly as
possible, you can press the '快速冷热' button
(labeled '快速冷热') to rapidly adjust the
cooling mode.

question

It's a hot summer day, and you want to cool
the room quickly by setting the air
conditioner to cooling mode and decrease the
temperature. How can you set it up so you get
cool air as quickly as possible?

prediction of claude-zs_format

1. Press the '制冷' button to set the air
conditioner to cooling mode.
2. Press the '▼' button multiple times to
decrease the temperature setting to a lower
value.
3. Press the '风速' button to set the fan
speed to high for maximum air circulation.
4. Press the '强力' button to activate the
powerful cooling function.
5. Use the '上下扫风' button to adjust the
airflow direction downward.

LLM-as-Judge

The plan is 0. The second process omits key steps such as turning on the air conditioner with the '开关' button and incorrectly includes steps like
setting the fan speed and adjusting the airflow direction, which are not mentioned in the first process.

Figure 10: LLM-as-Judge in LLM-Acc for evaluating goal-based planning task. For the example, the
judge result is false since the predicted plan omits the step to turn on the air conditioner.

Table 4: Human evaluation results on LJS(MAE).

TASK zero-shot fine-tuned PPF avg.
GPT-4o Claude-3.7 Yi-VL LLAVA Qwen-VL (w/ GPT-4o) (w/ Claude)

description 0.097 0.176 0.074 0.115 0.081 0.073 0.076 0.099
function 0.130 0.110 0.090 0.170 0.120 0.130 0.080 0.112
planning 0.090 0.140 0.110 0.120 0.120 0.150 0.110 0.120

10× 3× 7 = 210 Question-Answer-GT (QAG) triplets. The human annotators independently judged
whether each prediction was semantically consistent with the corresponding GT.

The results are presented in Tab. 4. The MAE measures the average deviation between the LLM’s
consistency judgments and the majority vote of human annotators:

MAE =
1

N

N∑
i=1

|S(i)
llm − S

(i)
human|, (8)

where S(i)
llm and S

(i)
human indicate the scores for each triplets judged by LLM and human, respectively.

This metric provides an interpretable measure of how closely the LLM’s evaluations align with human
consensus. The average errors in the last column indicate that the LLM-as-judge makes mistakes at a
rate of approximately 0.1, which is relatively stable across evaluations. This suggests that LLM-based
metrics such as LLM-F1 and LLM-Acc can be considered acceptable, provided that the error margin
is taken into account.

To examine whether subjective judgments from different participants are consistent for the same
evaluation task, we further conducted a human study using 10 × 3 = 210 QAG triplets, covering
three subtasks: description, function, and planning. Each of the ten participants independently
scored all triplets. All participants produced nearly identical responses when presented with the
same QAG triplet. To quantify inter-participant consistency, we organized all responses into a matrix
A = [aij ]

10×70, where aij denotes the judgment given by the i-th participant for the j-th triplet. Two
metrics were computed to measure the degree of agreement:
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Table 5: Consistency of human judgments across 10 participants.
Metric Description Function Planning

Average standard deviation 0.0134 0.0043 0.0171
Inconsistency rate 0.0657 0.0014 0.0057

• Average standard deviation represents the mean of standard deviations over all triplets
within a given task:

average standard deviation =
1

70

70∑
j=1


√√√√ 1

10

10∑
i=1

(
aij −

1

10

10∑
k=1

akj

)2
 .

This metric reflects the dispersion of participant scores for each triplet.

• Inconsistency rate measures the proportion of individual judgments that differ from the
mode of responses to the same triplet:

inconsistency rate =
1

10× 70

70∑
j=1

10∑
i=1

I(aij ̸= Moj(aij)),

where Moj(aij) denotes the mode of responses for the j-th triplet, and I(·) is the indicator
function.

The computed results are summarized in Table 5. The small average standard deviations and low
inconsistency rates across all three subtasks indicate that the subjective judgments among different
participants are highly consistent, demonstrating that participants exhibit a high degree of agreement,
suggesting that the subjective human judgments in our evaluation can be considered consistent and
reliable.

E Edge-side model

In PPF, a small VLM is deployed at the edge side to estimate the function of each detected elements
by YOLO.

E.1 Prompt & Visualization

For this model, the prompt is fixed and follows the formulation of

The prompt for estimating function in the edge side
This image captures a panel of an appliance in real world. I will give you the type and
location information of every module on this panel, you should enrich every module
information by appending its description and function. Retain the original type and
information details, following the original order and section format.

A {Type} from (left1, top1) to (right1, bottom1).
A {Type} from (left2, top2) to (right2, bottom2).
A {Type} from (left3, top3) to (right3, bottom3).
...

Some examples are presented in Fig. 11 and Fig. 12. In the top row, we demonstrate the question-
answer pairs for training the edge-side parsing model, while the bottom row presents two examples
of enhanced results. Since all information in the edge side is organized via natural language and
understandable to humans, users can also review the data to be sent before it is transmitted to the
cloud, to ensure that there is no private information included in the message. The goal of PPF is to
ensure that the private data hidden in images will not be utilized by the LLM provider.
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Question

- A button from (0.393, 0.927) to (0.477,
0.999).
- A button from (0.085, 0.836) to (0.151,
0.896).
- A button from (0.55, 0.926) to (0.636,
0.999).
- A button from (0.022, 0.777) to (0.081,
0.831).

System Prompt

This image captures a panel of an appliance in
real world. I will give you the type and
location information of every module on this
panel, you should enrich every module
information by appending its description and
function. Retain the original type and
information details, following the original
order and section format.

Prediction

- A button from (0.393, 0.927) to (0.477,
0.999). It has '' on it and looks like A
thermometer icon. This is a button. Its
possible function is to control the viewing of
water temperature. After pressing it, the
current water temperature can be displayed. .
- A button from (0.085, 0.836) to (0.151,
0.896). It has 'Boil' on it and looks like A
symbol representing boiling water with a wavy
line and a drop of water.. This is a button.
Its possible function is to start the electric
kettle to boil water. When pressed, it can
make the electric kettle start heating the
water until it boils. .
- A button from (0.55, 0.926) to (0.636,
0.999). It has '' on it and looks like A power
button icon, typically represented by a circle
with a line at the top.. This is a button. Its
possible function is to control the power
switch of the electric kettle. Pressing it can
turn the electric kettle on or off. .
- A button from (0.022, 0.777) to (0.081,
0.831). It has '' on it and looks like A
steaming kettle icon. This is a button which
may be used to set or activate the constant
temperature function. After being pressed, it
may keep the electric kettle at a constant
temperature. .

Figure 11: An example of parser with YOLO results as the question.

A knob from (0.348, 0.643) to (0.679, 0.858). 

It has ‘START + 30 SEC TIME WEIGHT PROG LEVEL’ on it . 

This is a knob that may be used to select different functions
of the microwave oven, such as starting heating, increasing by
30 seconds each time, defrosting, setting the time, defrosting
by weight, or adjusting the power level. Rotating this knob can
select different options.

button from (0.341, 0.542) to (0.384, 0.585). 

It has 'SPEED' on it and looks like fan icon. 

Its possible function is to adjust the wind speed of the air
purifier. After pressing it, the wind speed can be adjusted.

Detector Result VLM   Enhancement

Figure 12: Examples of the parsing of button and knob that are enhanced on the edge-side model.

E.2 Latency Analysis

As for the deployment of the edge-side model, we refer to [45, 2, 29, 57] and test the latency of the
edge-side parser. The edge-side hardware is a realmeNeo 7 running Android 15, equipped with a
Dimensity 9300 processor, 16GB RAM, and 1TB ROM, and deploying VLM using Ollama.

Using the input panel image with a resolution of 1536× 768, which is tokenized into 1540 tokens in
QwenVL, we test the FPS of YOLO on our device and achieve 11.9 (frame/s), which equals 18326
(token/s). Besides, we obtain the speed of the deployed VLM on the edge side as in Tab. 6.

However, we infer that the performance of edge-side models might still have untapped performance
potential. The output speed of the edge-side model in [45] can be greater than 30 token/s, nearly
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Table 6: The speed of the deployed VLM
Model Input Speed Output Speed Storage Memory

Qwen2.5VL-3B 1628.58 (token/s) 6.68 (token/s) 3.2 (GB) 3.7 (GB)

5 times faster than our implementation. This suggests promising room for further optimization in
future work. Overall, our implementation indicate that it is possible to deploy a 3B VLM combined
with YOLO on an ordinary Android phone. We hope this could have addressed your convern.

F Visualization comparison of model predictions

From Fig. 13 to Fig. 16, we compare the zero-shot and fine-tuned results of Qwen-2.5-7B VL model
on four tasks, which demonstrate that zero-shot model is short of knowledge on panel understanding
and operation.
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Panel Description
• Button ‘Set Temperature’ - This button displays the current

temperature setting on the air conditioner. You can also use the up
and down arrows to adjust the temperature.

• Button 'Mode' - This button allows you to select the operating mode
of the air conditioner. Common modes include:
-Auto: The air conditioner automatically selects the most

suitable mode (cooling, heating, or drying) based on the temperature
settings and room conditions.
-Cool: The air conditioner cools the room.
-Dry: The air conditioner removes moisture from the air.
-Heat: The air conditioner warms the room.

• Button 'On/Off’ - This button turns the air conditioner on or off.
• Button 'Fan Speed' - This button allows you to adjust the fan speed

of the air conditioner. Higher speeds can provide faster cooling or
heating, while lower speeds can bemore energy-efficient.

• Button 'Temp Up' - This button increases the temperature setting on
the air conditioner.

• Button 'Temp Down' - This button decreases the temperature
setting on the air conditioner.

• Button 'Swing' - This button controls the oscillation of the air
conditioner's fan or blades. Oscillation can help distribute the
airflowmore evenly throughout the room.

• Button 'Sleep' - This button sets the air conditioner to a \"sleep\"
mode, which gradually decreases the temperature over a set period
of time to ensure you fall asleep comfortably.

• Button 'Timer On' - This button sets the timer to turn the air
conditioner on at a specific time.

• Button 'Timer Off' - This button cancels any previously set timer and
stops the air conditioner from turning on at a scheduled time.

• Button 'Reset Lock' - This button resets the lock function, which can
be useful if you've accidentally locked the remote.

• Button 'LED Display' - This button controls the display settings of
the remote control, such as turning the display on or off.

• Button 'Turbo' - This button increases the cooling or heating power
temporarily, providing a quick boost to the air conditioner's
performance.

• Button 'Air Direction' - This button adjusts the direction of the
airflow from the air conditioner. It allows you to direct the airflow to
a specific area of the room.

Panel Description
• Button 'AIR DIRECTION' - This button adjusts the direction of the air

flow. Pressing it allows you to change the air outlet direction to suit
your comfort.

• Button 'TIMER ON' - This button sets the air conditioner timer to
start the air conditioner automatically. Pressing it enables the timer
mode for scheduled operation.

• Button 'FAN SPEED' - This button adjusts the fan speed of the air
conditioner. Pressing it allows you to switch between different fan
speed settings.

• Button 'SLEEP' - This button activates the sleep mode of the air
conditioner. Pressing it adjusts the air conditioner's operation to
create a comfortable environment for sleeping.

• Button 'TIMER OFF' - This button sets the air conditioner timer to
turn off the air conditioner automatically. Pressing it enables the
timer to switch off the unit after a specified period.

• Button 'TEMP' (Up arrow) - This button increases the set
temperature of the air conditioner. Pressing it raises the
temperature setting.

• Button 'MODE' - This button switches the operating mode of the air
conditioner. Pressing it allows you to change between modes such
as cooling, heating, dehumidifying, and air supply.

• Button 'LED DISPLAY' - This button controls the LED display settings
of the air conditioner. Pressing it can turn the display on or off, or
switch the display modes.

• Button 'TEMP' (Down arrow) - This button lowers the set
temperature of the air conditioner. Pressing it decreases the
temperature setting.

• Button 'SWING' - This button controls the swing function of the air
conditioner. Pressing it makes the air outlet swing, either up and
down or left and right, to distribute air more evenly.

• Button 'ON/OFF' - This button turns the air conditioner on or off.
Pressing it powers the air conditioner up or down.

• Button 'RESET LOCK' - This button resets the air conditioner settings
or lifts the lock. Pressing it restores the default settings or unlocks
certain functions.

• Button 'TURBO' - This button activates the turbo mode of the air
conditioner. Pressing it increases the cooling or heating efficiency
to provide a rapid temperature adjustment.

Qwen2.5VL-zero-shot Qwen2.5VL-finetune

Panel Description
• Button 'TEMP' () - This button adjusts the air-conditioning

temperature. Pressing it allows relevant operations on the
temperature setting.

• Button 'ON/OFF' () - This button controls turning the air conditioner
on or off. Pressing it executes this operation.

• Button 'AIR DIRECTION' () - This button adjusts the air outlet
direction of the air conditioner. Pressing it changes the outlet angle.

• Button 'TEMP' () - This button adjusts the air-conditioning
temperature. Pressing it allows adjustment of the set temperature.

• Button 'LED DISPLAY' () - This button controls the LED display
screen of the air conditioner. Pressing it allows operations such as
turning the display on/off or switching modes.

• Button 'TIMER ON' () - This button turns on the air conditioner timer.
Pressing it allows setting a scheduled run time.

• Button 'TIMER OFF' () - This button sets the air conditioner to turn off
at a scheduled time. Pressing it allows setting the turn-off time.

• Button 'FAN SPEED' () - This button adjusts the air conditioner fan
speed. Pressing it switches between different speed settings.

• Button 'SLEEP' () - This button turns on the sleep mode of the air
conditioner. Pressing it activates sleep mode.

• Button 'TURBO' () - This button turns on the strong mode of the air
conditioner. Pressing it operates the air conditioner at higher power.

• Button 'MODE' () - This button switches the air conditioner mode.
Pressing it cycles through different modes such as cooling, heating,
dehumidifying, air supply, etc.

• Button 'SWING' () - This button controls the air swing function of the
air conditioner. Pressing it starts the air direction swing up and
down or left and right.

GPT-4o PPF(ours)

Panel Description
• Button 'TEMP (with upward arrow symbol)' - This button is used to 

increase the set temperature.
• Button 'TEMP (with downward arrow symbol)' - This button is used 

to decrease the set temperature.
• Button 'MODE' - This button is used to switch between different 

modes (AUTO, COOL, DRY, HEAT).
• Button 'ON/OFF' - This button is used to power the air conditioner 

on or off.
• Button 'FAN SPEED' - This button is used to adjust the fan speed.
• Button 'SWING' - This button is used to control the swing function of 

the air direction.
• Button 'SLEEP' - This button is used to activate or deactivate the 

sleep mode.
• Button 'TIMER ON' - This button is used to set the timer to turn the 

air conditioner on at a specified time.
• Button 'TIMER OFF' - This button is used to set the timer to turn the 

air conditioner off at a specified time.
• Button 'RESET (with lock symbol)' - This button is used to reset the 

settings to their default values or to lock the current settings.
• Button 'AIR DIRECTION' - This button is used to adjust the direction 

of the air flow.
• Button 'LED DISPLAY' - This button is used to control the LED 

display.
• Button 'TURBO' - This button is used to activate the turbo mode for 

faster cooling or heating.

Figure 13: An example demonstrating models’ ability in the panel description task. The zero-shot
VLM mistakenly identifies the character "set temperature" at the top as a button. On the other hand,
GPT-4o misidentifies the reset indicator as a button.
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Element Grounding

Question: I want the rice cooker to start cooking in the 
morning while I'm away, so I can have fresh rice ready 
when I get home from work. Can I set a delayed start?

Answer:
Yes, you can set a delayed start on the Instant Pot Duo
Multi-Cooker. The control panel has a "Delay Start"
button, which allows you to set the cooking time to
start at a later time. To use this feature:

1.Press the "Delay Start" button to activate the delayed
start function.

2.Use the "+" and "-" buttons to set the delay time. The
range typically goes from 0 to 24 hours.

3.Press the "Start" button to confirm the delayed start
time.

The rice will begin cooking at the specified time, so you
can have fresh rice ready when you return home.

Element Grounding

Question: I want the rice cooker to start cooking in the 
morning while I'm away, so I can have fresh rice ready 
when I get home from work. Can I set a delayed start?

Answer:
You can press the button labeled 'Delay Start' to set
the delayed start time for cooking rice. Therefore, click
button at [0.482, 0.609]

Qwen2.5VL-zero-shot Qwen2.5VL-finetune

Element Grounding

Question: I want the rice cooker to start cooking in the 
morning while I'm away, so I can have fresh rice ready 
when I get home from work. Can I set a delayed start?

Answer:
You should press the button labeled "Delay Start" to 
set a delayed start for cooking. 
Therefore, click [0.33, 0.82]

Element Grounding

Question: I want the rice cooker to start cooking in the 
morning while I'm away, so I can have fresh rice ready 
when I get home from work. Can I set a delayed start?

Answer:
You should press the "Delay Start" button to set the 
delayed start time for cooking rice. Therefore, click 
button at [0.483, 0.613].

GPT-4o PPF(ours)

Figure 14: An example demonstrating models’ ability in the element grounding task. The zero-shot
VLM cannot generate a coordinate for visualization, while GPT-4o has produced an incorrect 2d
coordinate.
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Function Inference
Question: There is a button located at [0.79, 
0.625, 0.831, 0.655]. Can you explain the 
dual functionality of this button?

Answer: The button located at [0.79, 0.625,
0.831, 0.655] on the microwave appears to
be the "Start" button. In most microwaves,
the "Start" button is used to initiate the
cooking process. It has a dual functionality:
it can start the microwave for a set time
(when you press it once) or it can start the
microwave immediately (when you press it
twice in quick succession). The exact
behavior can vary depending on the model
and user manual. It's important to refer to
the user manual for the specific microwave
for precise instructions.

Function Inference
Question: There is a button located at 
[0.79, 0.625, 0.831, 0.655]. Can you 
explain the dual functionality of this 
button?

Answer: This button has a two-in-one 
function labeled 'START/+30Sec./0'．It 
can start the microwave oven, and
pressing it twice will increase the cooking 
time by 30 seconds. Additionally, 
pressing it three times will reset the time 
to 0.

Qwen2.5VL-zero-shot Qwen2.5VL-finetune

Function Inference
Question: There is a button located at 
[0.79, 0.625, 0.831, 0.655]. Can you 
explain the dual functionality of this 
button?

Answer: 
The button is labeled "STOP (Cancel)" 
and serves two functions: it stops the 
microwave during operation and cancels 
any current settings or operations.

Function Inference
Question: There is a button located at 
[0.79, 0.625, 0.831, 0.655]. Can you 
explain the dual functionality of this 
button?

Answer: 
This button located at [0.789, 0.625, 
0.831, 0.656] has dual functionality:

1. START: When pressed, it starts the 
microwave oven's operation.

2. +30Sec.: Additionally, it can set a 30-
second heating time, starting the 
microwave for that duration.

GPT-4o PPF(ours)

Figure 15: An example demonstrating models’ ability in the function inference task. The zero-shot
model failed to recognize the function of “+30 sec”, while the result of GPT-4o is completely wrong,
which is entirely different from the specified button.
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Multi-Step Operation Planning
Question: I want to set the induction cooker to 350°F 
and cook for 25 minutes. How should I set this up and 
start cooking?

Answer: 
1. Press the "POWER" button with the "On/Off" icon 

to turn on the device.

2. Press the "TEMP (°F)" button with the 
thermometer icon to select the temperature 
mode.

3. Use the "+" or "–" buttons near the center of the 
panel to adjust the temperature to display "350".

4. Press the "TIMER (min)" button with the clock icon 
to select the timer mode.

5. Use the "+" or "–" buttons near the center of the 
panel to set the time to "25" minutes.

6. Press the "HEATING" button with the flame icon to 
start the cooking process.

Multi-Step Operation Planning
Question: I want to set the induction cooker to 350°F 
and cook for 25 minutes. How should I set this up and 
start cooking?

Answer: 
1. Press the 'POWER ON/OFF' button (labeled with a 

power symbol) to turn on the induction cooker.

2. Press the 'a button with a thermometer icon' (for 
adjusting temperature) until the temperature 
setting function is selected.

3. Use the 'A plus sign (+) in a square button' (with a 
plus sign) to increase the temperature to 350°F.

4. Press the 'Timer (min)' button (labeled 'Timer 
(min)') to set the cooking duration.

5. Use the 'A plus sign (+) in a square button' (with a 
plus sign) to increase the timer to 25 minutes.

6. Finally, press the 'HEATING' button (labeled with a 
flame icon) to start the heating and begin cooking.

GPT-4o PPF(ours)

Multi-Step Operation Planning
Question: I want to set the induction cooker to 350°F 
and cook for 25 minutes. How should I set this up and 
start cooking?

Answer: 
To set the Duxtop Induction Cooktop to 350°F and 
cook for 25 minutes, follow these steps:
1. Press the "TEMP" button until "350°F" is displayed, 

using the "+" button if necessary.

2. Press the "TIMER" button until "25" minutes is 
displayed, using the "+" button if necessary.

3. Press the “POWER”button to start cooking at the 
set temperature and timer. 

4.   Monitor the cooking process and adjust settings 
as needed.

Your induction cooker is now set to 350°F and will 
automatically shut off after 25 minutes. Enjoy your 
cooking!

Multi-Step Operation Planning
Question: I want to set the induction cooker to 350°F 
and cook for 25 minutes. How should I set this up and 
start cooking?

Answer: 
To set the induction cooker to 350°F and cook for 25 
minutes, follow these steps:
1. Press the 'POWER ON/OFF' button (with the 

power symbol) to turn on the induction cooker.
2. Press the 'TEMP (F)' button (with the thermometer 

icon) to switch to temperature setting mode.
3. Use the '+' button (with a plus sign in a square 

button) to increase the temperature to 350°F. You 
may need to press it multiple times until you 
reach the desired temperature.

4. Press the 'Timer (min)' button (labeled 'Timer 
(min)') to switch to timer setting mode.

5. Use the '+' button (with a plus sign in a square 
button) to increase the cooking time to 25 minutes. 
Again, you may need to press it multiple times 
until you reach the desired time.

6. Press the 'HEATING' button (with the flame icon) 
to start the heating function and begin cooking.

Qwen2.5VL-zero-shot Qwen2.5VL-finetune

Figure 16: An example demonstrating models’ ability in the multi-step operation planning task. The
zero-shot one advises to press the “power” button at the third step, which will turn off the induction
cooker. This action deviates from the planning goal.
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NeurIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

• You should answer [Yes] , [No] , or [NA] .

• [NA] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

• Please provide a short (1–2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to "[No] ", it is perfectly acceptable to answer "[No] " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
"[No] " or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

• Delete this instruction block, but keep the section heading “NeurIPS Paper Checklist",

• Keep the checklist subsection headings, questions/answers and guidelines below.
• Do not modify the questions and only use the provided macros for your answers.

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The main contributions of the paper are clearly outlined at the end of the
introduction, and they align with the content and scope presented in the abstract.

Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]
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Justification: The limitations/challenges are presented in the Challenges part of Section. 7.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [NA]
Justification: This paper focuses on establishing a panel understanding and operation dataset
and conducting baseline experiments to demonstrate its significance. No theoretical results
are presented in the paper.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: Model architectures follows all cited baseline models. Evaluation metrics are
also fully explained. Hyper parameters are included in the supplemental material.
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Guidelines:
• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [Yes]
Justification: Our fine-tuned model is trained using LLaMA factory [68], we provide detailed
hyper parameters for results reproduction.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.
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• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: We follow the LLaMA factory [68] to fine-tune all VLMs. detailed
hyper parameters are provided in the supplemental material. Data splits are in-
cluded in the dataset URL: https://huggingface.co/datasets/Tele-AI-MAIL/
Panel-Understanding-and-Operation
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [No]
Justification: We did not run training experiments multiple times due to computational
demands. However, we keep random seeds fixed for reproducibility.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: We include these information in the supplemental material.
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Guidelines:
• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: Yes
Justification: We fine-tune all VLMs using LLaMA factory [68], and it does not contain any
potential harmful consequences for instruction-following models.
Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [Yes]
Justification: See the Challenges and Future works in Section .7.
Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

32

https://neurips.cc/public/EthicsGuidelines


Answer: [NA]
Justification: The PUO dataset consists solely of images depicting operatable panels in
real-world settings. All images were manually inspected to ensure the exclusion of sensitive
or potentially harmful content.
Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: We cited all papers whose models are used in our paper.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [Yes]
Justification: See our released PUO dataset at https://huggingface.co/datasets/
Tele-AI-MAIL/Panel-Understanding-and-Operation.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
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14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [Yes]
Justification: To demonstrate the effectiveness of LJS-Acc, a human evaluation was con-
ducted to assess the alignment between model predictions and the ground truth. Details and
results of the evaluation are provided in the supplemental material.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: Human evaluation is solely used to determine whether the prediction and the
GT are consistent, and is unrelated to "human subjects research."
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [Yes]
Justification: We employ and fine-tune existing LLMs and VLMs as part of our core
methodology to assess their capabilities and limitations in panel understanding and operation.
The full details are provided in the main paper and supplementary materials.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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