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Abstract

Autonomous agents operating in the real world must in-
teract continuously with existing physical and semantic in-
frastructure, track delayed consequences, and verify out-
comes over time. Everyday environments are rich in tan-
gible control interfaces (TCIs)—e.g., light switches, appli-
ance panels, and embedded GUIs—posing core challenges
for lifelong embodied agents, including partial observabil-
ity, causal reasoning across time, and failure-aware veri-
fication under real-world constraints. Yet, current bench-
marks rarely consider such long-horizon interaction and
causality requirements. We introduce SWITCH (Semantic
World Interface Tasks for Control & Handling), an em-
bodied, task-driven benchmark created through iterative re-
leases to probe these gaps. Its first iteration, SWITCH-
Basic, evaluates five complementary abilities—task-aware
VQA, semantic UI grounding, action generation, state-
transition prediction, and result verification—under ego-
centric RGB video input and device diversity across 351
tasks spanning 98 real devices/appliances. Results from
commercial and open LMMMs reveal systematic failures,
highlighting critical gaps for lifelong agent deployment.
SWITCH provides data, code, and held-out splits to en-
able reproducible non-contaminated evaluation and com-
munity contributions toward more challenging future itera-
tions of the benchmark and the creation of relevant train-
ing data. Benchmark resources are available at: https:
//github.com/BAAI-Agents/SWITCH .

1. Introduction

Beyond perception and action, lifelong agents must rea-
son over extended time horizons and handle delayed, state-
dependent effects under partial observability. Despite sig-
nificant progress in computer vision (CV), large multi-
modality models (LMMMs), and interactive agents, re-

*Work performed during the first author’s internship at BAAI.
†Correspondence to <borje@baai.ac.cn>.

search efforts have largely overlooked understanding and
operating tangible control interfaces (TCIs)1, from light
switches and appliances to on-device GUI panels — the pri-
mary medium of everyday human-device interaction.

Recent benchmark efforts (e.g., [4, 5, 9]) have probed
models’ ability to understand common-sense causality or
physics-based outcomes and consistency. However, TCI
interfaces require modeling causality beyond these dimen-
sions only, as the effects of TCI interactions can depend
on specific devices (e.g., same device type has different be-
haviours), present temporal delays (e.g., pre-heat an oven),
and even may require spatial verification (e.g., pressing a
switch in one room to turn a light in another location).

These challenges are further amplified by real-world de-
ployment constraints. Despite decades of work on smart
homes and IoT, most buildings and devices remain non-
API-enabled or expose fragmented, proprietary control
mechanisms. Consequently, agents operating in everyday
environments cannot assume seamless programmatic ac-
cess, but must rely on vision, physical action, and outcome
verification through tangible interfaces. Evaluating whether
current foundation models can function in such settings
therefore requires moving beyond text-image benchmarks
toward embodied tasks grounded in realistic human–device
interaction.

Similarly to the work on manipulating GUIs, grounding
is critical for proper situated interaction with TCIs. How-
ever, current benchmarks and simulators either don’t cover
such interfaces or don’t model them in enough detail trans-
ferable to real-world settings. These issues highlight the
critical need for models that can understand and operate
within such interaction-centric environments, bridging not
only perception, reasoning, and action; but also verification
of outcomes and adaptation. As well as ways to evaluate
them in both higher-level causality understanding and plan-

1We use the term TCI (Tangible Control Interfaces) to clearly spec-
ify this type of interaction interface in tangible form. As well as avoid
ambiguity with usage of UI (usually associated directly with GUIs), TUI
(which refers to physically interacting with the digital world through tan-
gible assets [13], not our scenario), and HMI (Human-Machine-Interface,
terminology used in industry for visual control interfaces for settings as
complex machinery or facilities [23], e.g., control of a power plant).
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Figure 1. An overview of the SWITCH benchmark, using the case “Turn off all the lights” as a running example. SWITCH covers the
collection and annotation of real-world TCI interaction data (“Collected Data”), which we systematically structure into five distinct
tasks. These tasks are designed to evaluate models across three crucial capability dimensions: Perception/Spatial Reasoning, Causal
Reasoning/Planning, and Verification. Furthermore, we leverage the benchmark to evaluate advanced generative models, like Veo3 [12].
By comparing generated videos against ground truth, we illustrate how current models still exhibit significant critical gaps in logical
consistency and fine-grained interaction for real-word use, thus underscoring the importance of SWITCH’s target scenarios.

ning of actions, but also in grounded realistic execution of
interactions.

To address these gaps, we introduce SWITCH
(Semantic World Interface Tasks for Control and
Handling), a new effort towards a unified task-driven bench-
mark designed to evaluate interaction-centric capabilities
essential for lifelong embodied agents. Its initial release,
SWITCH-Basic, emphasizes five complementary capabil-
ities: 1/ Task-Aware Visual Question Answering: answer-
ing questions conditioned on multimodal observations and
task goals; 2/ Semantic UI Comprehension: grounding and
interpreting actionable UI elements in context; 3/ Action
Generation: planning and executing context-aware actions
aligned with user intent; 4/ State Transition Prediction: rea-
soning about the causal consequences of UI-actions; 5/ Re-
sult Verification: post-hoc evaluation to determine task suc-
cess. Figure 1 illustrates the benchmark design dimensions.

SWITCH adopts an iterative benchmark design to en-
able timely assessment of current model capabilities, while
supporting progressively more challenging future iterations.
Its first iteration emphasizes single-step interactions and
scalable automatic evaluation through multimodal multiple-
choice questions (MCQ), complemented by case studies
with generative video models unconstrained by predefined
answers. Across a diverse set of real consumer devices,
evaluations of state-of-the-art commercial and open large
multimodal models reveal inconsistent performance, with
strong reliance on textual cues and limited use of visual and

temporal evidence—limitations that are likely to compound
under continuous deployment.

In summary, our work makes two main contributions.
First, we introduce SWITCH, an open and reproducible
benchmark that starts to address previously underexplored
challenges in TCI-centric interactive intelligence. Second,
we conduct a comprehensive evaluation of state-of-the-art
large multi-modality models (LMMMs) on this benchmark
— SWITCH-Basic, providing detailed analysis of their
strengths and limitations, thereby offering insights to guide
future model development in real-world interactive tasks.
We hope this benchmark will help foster further research
to address this overlooked gap and we invite community
feedback and collaboration for future iterations. SWITCH
also provides a leaderboard2 for each iteration and difficulty
level, with held out answers for fair comparison between
different approaches.

2. Related Work
From the perspective of lifelong agents, evaluating large
multimodal models and world models is not merely about
measuring predictive accuracy or short-horizon task suc-
cess. Lifelong agents are expected to operate continuously
in dynamic environments. However, human environments
are fundamentally shaped by physical tangible interfaces

2https : / / huggingface . co / spaces / BAAI - Agents /
SWITCH-Basic-Leaderboard
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Figure 2. Example of a one-step task. The agent interprets the user ask and identifies related TCI elements (e.g., timer, power), generates
corresponding actions (e.g., only a timer change is needed). The state transition occurs as the switch settings change. Since the agent is too
close to the device during operation, result verification planning involves moving back to capture the full view of the relevant microwave
part for reliable result verification and waiting.

beyond basic tool affordances. These systems—ranging
from switches and buttons to displays and smart appli-
ances—encode human intent and regulate the spaces we
live and work in. While a wide range of benchmarks has
emerged—spanning perception, reasoning, action planning,
tool use, and interface control [7, 16, 30, 32, 35]—many
lack the combined focus on semantic user interfaces, con-
textual control, and post-action verification that real-world
interaction demands. We divide existing efforts into two
main categories — Multimodal & World-Model Evaluation
and User Interface Control Interaction — and discuss how
our benchmark uniquely addresses the gaps.

2.1. Multimodal & World-Model Evaluation
1/ Multimodal Evaluation Recent benchmarks have pro-
gressively evolved from assessing static perception to eval-
uating dynamic reasoning and planning. For instance, the
work on PhysBench [5] introduces a foundation by testing
physical-world understanding across object properties, re-
lationships, and scene dynamics. Transitioning from static
knowledge to temporal dynamics, subsequent works have
focused on agent-centric world modeling. WorldPredic-
tion [4] targets more high-level abstraction, evaluating ca-
pabilities in both action choosing and long procedural plan-
ning. EnACT [27] further formalizes this through forward
(predicting future states) and inverse (inferring past actions)
world modeling. This highlights that robust understand-
ing requires sequencing actions and states, not just pattern
matching. Furthermore, QuantiPhy [19] identifies a criti-
cal deficiency in current models regarding quantitative rea-
soning (e.g., velocity, dimensions), advocating for metrics
that go beyond qualitative descriptions. In parallel, large-
scale embodied benchmarks like BEHAVIOR-1K [14] have
expanded the scope to human-centered activities across di-
verse scenes, covering 1,000 everyday activities across 50
scenes with rich object annotations. Although BEHAVIOR-
1K enhances scene diversity and long-horizon manipula-
tion, it remains object-manipulation focused and does not
systematically target semantic interface control, TCI-to-

environment causality, or verification of control-action out-
comes. These works provide strong foundations but leave
interface-control reasoning and outcome verification under-
explored.

2/ World-Model Evaluation The evaluation of world
models has traditionally relied on visual fidelity met-
rics (e.g., FVD [26]). WorldModelBench [15] concen-
trates on video generation models, with a special fo-
cus on nuanced world modeling violations and alignment
with human preferences. Meanwhile, WorldScore [8] pro-
poses a unified benchmark for world generation and scene
prediction—next-scene tasks driven by camera trajecto-
ries and layout dynamics. It centers on scene genera-
tion and layout controllability but overlooks interactive de-
vice/appliance control via their interfaces. A paradigm shift
is currently occurring towards evaluating physical and log-
ical compliance. Benchmarks such as Physics-IQ [17] and
MMGR [3] now evaluate generated content based on adher-
ence to physical laws (e.g., fluid dynamics) and multi-modal
logical reasoning. Additionally, world models also exhibit
capabilities beyond mere pixel generation, even simulating
tool use within zero-shot settings [28]. Meanwhile, World-
in-World [34] argues that "Visual Quality does not equal
Task Success," using the world model as a simulator and
focusing more on task success rates.

2.2. User Interface Control Interaction
A second line of research investigates agents controlling
digital interfaces or tools via screen-based or scripted simu-
lation environments. Benchmarks such as WebShop [33],
AndroidWorld [20], Cradle [24], and OSWorld [29], re-
quire agents to click buttons, navigate GUIs, or perform
scripted operations from textual instructions. These tasks
advance procedural reasoning and interface grounding, but
remain within virtual or digital regimes and rarely involve
real-world UI elements or their downstream environmental
effects.

In summary, despite significant progress in world mod-
eling and interactive agents, existing benchmarks typically
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focus on either purely digital interactions or physical in-
teractions with objects/tools (e.g., PhysToolBench [35]).
They largely overlook the critical domain of physical Tan-
gible Control Interface (TCI) interactions. For AI to transi-
tion from passive perception toward truly embodied assis-
tance, it must gain the ability to interpret and operate these
widespread designed affordances. Mastering “physical UI”
interactions represents a crucial milestone in realizing AI
agents that can meaningfully collaborate with humans. Our
benchmark—SWITCH —fills this gap by focusing explic-
itly on TCIs that combine UI semantics, physical device
states, and user intent. As shown in Figure 5 in the Ap-
pendix, SWITCH addresses the challenges of semantic un-
derstanding of capabilities, grounding of the interface, ac-
tion planning, effect causality (including safety issues), and
result verification. By evaluating a model’s ability to per-
ceive, manipulate, and verify real-world UI-based interac-
tions, we target a key capability for interactive and embod-
ied multimodal intelligence.

3. Semantic World Interface Tasks
By bridging the gap between virtual, physical, and control-
centric interactions, the SWITCH benchmark enables a
comprehensive assessment of models’ embodied intelli-
gence and world modeling capabilities in realistic settings.
Section 3.1 introduces the design principles behind the
benchmark. Next, Section 3.2 details the data curation pro-
cess.

3.1. Benchmark Design
Lifelong embodied agents must continually acquire, retain,
and reuse interaction knowledge as they encounter new de-
vices, layouts, and contexts. In modern human environ-
ments, switches and control interfaces provide a ubiquitous
and low-level interaction primitive through which agents
can ground perception into action and observe causal effects
over time.

To illustrate the breadth and depth of our evaluation
framework, we present a canonical example in Figure 2,
which breaks down a simple, single-step task (heating food)
into the fundamental stages of our benchmark: from seman-
tic comprehension and action generation to state transition
and result verification. For a more complex scenario (illus-
trated in Figure 6 in the appendices), we present a multi-step
task (printing a document) that involves sequential reason-
ing, adaptation to dynamic UI changes, and completing a
full perception-action-verification loop. These scenarios are
enabled by our five core tasks, which we define as follows:

1/ Task-Aware Visual Question Answering (VQA):
Most VQA datasets focus on static images or generic rea-
soning, often ignoring task relevance, user intent, and inter-
action context. In contrast, our benchmark defines a task-
aware VQA setting composed of two complementary sub-

tasks: (a) UI State Recognition: assessing whether the
model can recognize and describe the current state of TCI
elements within the scene; and (b) Goal-Oriented Rea-
soning: testing whether the model can interpret the pur-
pose and outcome of actions observed in dynamic video
sequences, reasoning about whether these interactions suc-
cessfully achieve the intended task goals. Together, these
sub-tasks measure a model’s ability to ground semantics in
visual context, comprehend high-level task objectives, and
reason about the operational consistency between actions
and outcomes.

2/ Semantic UI Comprehension: Existing visual recog-
nition and interactive datasets focus on object detection
or purely digital virtual elements, largely ignoring TCI
components and their functional roles. However, in
real-world human-computer and human-robot interactions,
understanding interactive UI elements and their spatial-
functional relationships is essential. This task tests whether
a model can accurately localize and interpret actionable TCI
elements in cluttered or dynamic settings, reasoning about
their spatial and functional relationships while inferring hu-
man intent.

3/ Action Generation: Previous action prediction
datasets typically emphasize isolated motion sequences or
simulations, lacking the need to comprehend TCI functions
and layouts, user goals, or environmental context. In real-
istic interactive scenarios, models must integrate these el-
ements to select meaningful actions. This task evaluates a
model’s ability to infer intent and plan executable, context-
aware action sequences that achieve user objectives. (a) UI
Action Identification: Detect the relevant interaction re-
gion, recognize its affordances, and predict the appropriate
mode of interaction; (b) Action Execution Planning: Gen-
erate the necessary physical actions to perform the intended
TCI operation, such as moving toward the interface or ma-
nipulating its components.

4/ State Transition Prediction: Previous state pre-
diction benchmarks often assume deterministic, object-
centric transitions, overlooking the diverse causal effects of
TCI controls and their dependency on environmental con-
text. This task focuses on predicting the immediate conse-
quences of an executed action—capturing how TCI states,
physical surroundings, and observable views change in re-
sponse. It evaluates a model’s capacity for causal reason-
ing, short-term prediction, and fine-grained understanding
of action–state dynamics in interactive environments. (a)
UI-State Transition: Predict changes in the visual or func-
tional state of TCI elements after an action (e.g., switch
toggled, button activated). (b) Environment-State Tran-
sition: Predict corresponding updates in the surrounding
physical or visual environment (e.g., lights turning on, re-
vealing a new scene or perspective). (c) Coupled Transi-
tion: Reason about interdependent updates where TCI and

4



Figure 3. Examples of the two action categories. Left: UI Action (i.e., grounded interaction). Right: Procedural Action (i.e., transitional
or verification steps).

Categories Devices

Environment Controls

Light Switch
Air Conditioner Panel
Air Purifier
Fan
Humidifier

Office Equipments

Printer
Adjustable Standing Desk
Robot Lifter
PC Power Switch
Power Strip Switch
Water Dispenser

Kitchen & Home Appliances

Microwave
Washing Machine
Kitchen Hood
Kettle
Air Fryer
Stove
Electric Cooker
Coffee Machines

Building Infrastructure Elevator

Table 1. Categories and devices / appliances types covered in the
collected data for SWITCH-Basic.

environment states jointly change as part of the same causal
event (e.g., pressing a control panel triggers a screen update
and changes ambient light level).

5/ Result Verification: Existing benchmarks rarely as-
sess post-hoc verification or causal reasoning in interactive
contexts. However, verifying whether an intended action
has successfully achieved its goal is essential for reliable
real-world deployment—especially when diverse UI con-
trols and device responses introduce uncertainty. (a) Ver-
ification Planning: Test whether the model can infer what
actions or checks are required to verify the outcome of a
previous operation, such as observing key indicators, query-
ing system feedback, or performing follow-up interactions.
(b) Expected State Prediction: Assess whether the model
can predict what the expected state should look like after
a successful interaction, providing a causal grounding for
evaluating success or failure.

Categories Statistics Number

Collected Data Video Samples 193

Annotated Data

High-level Actions 193
Fine-grained Actions 508
- UI Action 350
- Procedural Action 81
- Verification 77
Overall States 772
- UI-State Transition 509
- Environment-State Transition 263

Processed Questions

Unique Pairs 1489
- 1/ Task-Aware VQA 516
- 2/ Semantic UI Comprehension 246
- 3/ Action Generation 309
- 4/ State Transition Prediction 316
- 5/ Result Verification 102

Table 2. Detailed statistics of the SWITCH-Basic Benchmark,
with overall video duration of 74m12s.

3.2. Data Curation
The data curation process is organized into three key parts:
Video Collection, Data Annotation, and Question Process-
ing, ensuring a structured and systematic approach. De-
tailed statistics for the curated dataset can be found in Ta-
ble 2.

1/ Video Collection To build a comprehensive dataset,
we designed a collection methodology focused on captur-
ing rich and diverse human interactions with physical user
interfaces in realistic settings. The process spanned a wide
array of common living and working environments, includ-
ing devices from four main categories: (1) environmental
controls (e.g., light switches), (2) office equipment (e.g.,
printers), (3) kitchen and home appliances (e.g., coffee ma-
chines), and (4) building infrastructure (e.g., elevator). A
detailed list of the specific scenarios can be found in Ta-
ble 1.

Beyond ensuring fundamental video quality (clarity, sta-
bility, and a first-person perspective), the key principle of
our methodology was the capture of complete, task-oriented
interaction sequences over isolated, atomic actions. This
approach ensures our data reflects the full spectrum of user
behavior, which includes not only direct manipulations, but
also crucial reasoning steps. Specifically, we recorded: (1)
UI Action: Direct TCI element interactions like pressing,

5



Models Split 1/ Task-Aware VQA 2/ UI Compr. 3/ Action 4/ State Transition Prediction 5/ Verification
Task Avg(a) UI State Recognition (a) Planning (b) Expected State Prediction

Question Format IT IT IT IT II IT IT II

Claude Sonnet 4 [2]
Open 57.89 62.16 67.74 68.42 54.74 73.33 87.50 43.75
Held 53.18 55.81 68.98 77.83 60.18 72.73 72.22 45.45
Overall 54.59 57.72 68.61 75.00 58.54 72.92 76.92 44.90 63.65

Gemini 2.5 Flash [6]
Open 68.42 83.78 75.27 75.79 44.21 80.00 62.50 37.50
Held 68.91 67.44 72.22 74.21 39.82 81.82 80.56 30.30
Overall 68.77 72.36 73.14 74.68 41.14 81.25 75.00 32.65 64.87

Gemini 2.5 Pro [6]
Open 66.67 86.49 73.12 72.63 40.00 60.00 75.00 18.75
Held 72.28 69.77 71.30 74.66 43.44 78.79 77.78 45.45
Overall 70.60 74.80 71.84 74.05 42.41 72.92 76.92 36.73 65.03

Gemma3-4B [11]
Open 46.49 43.24 50.54 68.42 22.11 53.33 43.75 18.75
Held 38.20 41.28 50.46 57.01 28.51 48.48 58.33 24.24
Overall 40.68 41.87 50.49 60.44 26.58 50.00 53.85 22.45 43.30

Qwen3-VL-8B-Inst. [31]
Open 68.42 78.38 66.67 68.42 31.58 66.67 68.75 25.00
Held 60.30 59.88 64.81 68.78 28.96 57.58 69.44 12.12
Overall 62.73 65.45 65.37 68.67 29.75 60.42 69.23 16.33 54.74

Qwen3-VL-235B-Inst. [31]
Open 70.18 78.38 65.59 70.53 30.53 66.67 81.25 50.00
Held 71.16 69.19 68.98 70.59 33.94 78.79 80.56 48.48
Overall 70.87 71.95 67.96 70.57 32.91 75.00 80.77 48.98 64.88

Table 3. Accuracy (%) results on SWITCH-Basic (Image-Only Tasks). Results are broken down by Open (30% released data), Held (70%
hidden data), and Overall (the full dataset) splits. IT: image in question, text choices as answers, and II: image in question, image choices
as answers. The highest performance for the overall dataset is highlighted in bold, and the second highest is underlined.

Models Split 1/ Task-Aware VQA 3/ Action 4/ State Transition Prediction 5/ Verification
Task Avg(b) Goal-Oriented Reasoning (a) Planning (b) Expected State Prediction

Question Format VT VT IV VV VT VI VT IV VV VT VI

Gemini 2.5 Flash [6]
Open 73.17 63.44 54.84 46.24 64.21 48.42 66.67 40.00 46.67 68.75 43.75
Held 73.40 67.77 61.97 43.48 68.78 51.13 80.00 60.61 36.36 69.44 33.33
Overall 73.33 66.45 59.80 44.33 67.41 50.32 76.00 54.17 39.58 69.23 36.73 57.94

Gemini 2.5 Pro [6]
Open 70.73 66.67 62.37 52.69 63.16 51.58 66.67 40.00 60.00 75.00 62.50
Held 76.60 70.14 60.09 46.38 69.23 55.20 82.86 54.55 54.55 72.22 39.39
Overall 74.81 69.08 60.78 48.33 67.41 54.11 78.00 50.00 56.25 73.08 46.94 61.71

Qwen3-VL-8B-Inst. [31]
Open 48.78 54.84 41.94 22.58 60.00 58.95 66.67 40.00 26.67 50.00 43.75
Held 68.09 56.40 39.91 16.91 65.16 48.42 45.71 30.30 15.15 75.00 45.45
Overall 62.22 55.92 40.52 18.67 63.61 51.58 52.00 33.33 18.75 67.31 44.90 46.26

Qwen3-VL-235B-Inst. [31]
Open 56.10 61.29 48.39 25.81 65.26 63.16 53.33 26.67 26.67 68.75 56.25
Held 75.53 59.72 51.64 22.22 65.61 57.92 65.71 33.33 39.39 77.78 45.45
Overall 69.63 60.20 50.65 23.33 65.51 59.49 62.00 31.25 35.42 75.00 48.98 52.86

Table 4. Accuracy (%) results on SWITCH-Basic (Video-Included Tasks). Results are broken down by Open (30% released data), Held
(70% hidden data), and Overall (the full dataset) splits. VT: video in question, text choices as answers, IV: image in question, video
choices as answers, VV: video in question, video choices as answers, and VI: video in question, image choices as answers. Failure to return
a response was counted as an incorrect prediction. The highest performance for the overall dataset is highlighted in bold, and the second
highest is underlined.

swiping, or rotating elements. A UI action example ("Press
the Down button", when calling the elevator) is shown on
the left side of Figure 3. (2) Procedural Action: Behaviors
and camera view changes when a user is uncertain of ac-
tion outcome, such as moving closer for inspection, visually
scanning the interface, or pausing to wait for system feed-
back. An procedural action example ("Move away from the
elevator", to see which one arrives) can be seen in the right
side of Figure 3.

To guarantee the diversity of interaction styles and a min-
imum quality of collection, we utilized a team of 10 pre-
trained data collectors. Their work produced a final (post-
filtering) corpus of 193 high-quality video sequences, cov-
ering 508 fine-grained actions, forming the foundation of

the SWITCH benchmark.

We also performed a survey of related datasets for data
reuse. Unfortunately, only two such datasets (COIN [25]
and HP-EPIC [18]) included possibly reusable videos cov-
ering TCI scenarios. However, even those still pre-
sented issues and would require additional filtering and pre-
processing for use in SWITCH. In the COIN dataset, angles
change too frequently (often cutting procedural actions),
speed varies during videos, and many videos include textual
instructions across video frames. In HP-EPIC, which fo-
cuses on kitchen tasks, multiple cases including appliances
suffer from strong occlusion and all potential videos after
filtering would still require segmentation by TCI-related ac-
tion. Thus, in this iteration of the benchmark, we utilize
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Figure 4. Case studies of representative errors in video generation. Examples using Google’s Veo3 [12]. Cropped image frames to focus
on specific issues.

only newly collected videos.

2/ Data Annotation Inspired by Ego4D’s goal-step [22],
our annotation process captures the fine-grained causal re-
lationship between an agent’s actions and resulting changes
in the world state. To achieve this, we model each inter-
action as a sequence of (pre-condition state, action, post-
condition state) tuples, which explicitly links every action
to its immediate outcome. (a) State Annotation: We pro-
vide a detailed description for each state, capturing both
the UI-State Transition (e.g., indicator lights, on-screen
text, panel settings) and the Environment-State Transition
(e.g., brightness, or an open door). Crucially, we also anno-
tate the evidential source for each state component, speci-
fying how a human infers the state (e.g., from visual cues
on the UI or observations of the physical world). (b) Ac-
tion Annotation: Our hierarchical action annotation first
distinguishes actions by their primary intent. They are cat-
egorized as either Task-Execution Actions or a distinct Ver-
ification category. Task-Execution Actions are the primary
operations performed to make progress on the task. These
are further subdivided into the two categories mentioned
previously: UI Actions and Procedural Actions (exam-
ples of both types are shown in Figure 3). To account for
real-world complexities, we further annotate actions for at-
tributes such as error occurrence, corrective measures, and
whether an action is optional for the task. Verification Ac-
tions are those aimed specifically at confirming a system’s
status or the outcome of a prior action.

3/ Question Processing We then transformed our rich
annotations into a structured question-answer (QA) bench-
mark encompassing the five previously mentioned tasks.
For standardized and automated evaluation, we uniformly

adopted a MCQ format. Each question consists of one cor-
rect answer, derived from our annotations, and several plau-
sible distractors, randomly generated from available similar
annotated cases.

Furthermore, to push models to perform genuine reason-
ing rather than relying on superficial environmental cues,
we implemented a ground-truth substitution strategy, in-
spired by the methodology in WorldPrediction [4]. For
specific Tasks (3, 4, and 5), we alter the visual context of
ground-truth by using sentence similarity. Additionally, for
Tasks 3, 4, and 5, we designed questions that present con-
text in diverse formats, including text, images, videos, and
more complex combinations of images and videos. Finally,
following all automated processing, the entire dataset was
manually reviewed to ensure its final quality and correct-
ness.

4. Experiments
To validate the utility of our benchmark and systematically
assess the capabilities of existing LMMMs, we conduct an
evaluation of open and closed models on SWITCH. Our
primary goal is to provide a detailed analysis of existing
LMMMs, shedding light on their strengths and limitations
in tasks requiring interactive intelligence. Beyond this, we
also conduct some experiments with a leading video gener-
ation model to probe its world modeling ability.

4.1. Experimental Setup
Models Evaluated: We selected a representative set of
state-of-the-art LMMMs, categorized into two groups:

1/ General-purpose proprietary models: These are lead-
ing closed-source models known for their powerful general
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reasoning abilities. We evaluated Claude Sonnet 4 [2]; and
both Gemini 2.5 Flash and Pro [6]. Claude Sonnet 4 ac-
cepts text and static images as input, while Gemini 2.5 ac-
cepts video inputs in addition to text and images.

2/ General-purpose open models: To represent the fron-
tier of publicly available research, we evaluated Gemma3-
4B [11]; and both Qwen3-VL-8B-Instruct and 235B-
Instruct [31]. Gemma3 is a free-weight model with the
same structure as Gemini, but but supports only text and
image inputs. While a key advantage of Qwen3-VL is its
native support for text, image, and video inputs, making it
well-suited for full range of tasks in SWITCH.

Evaluation Protocol: Each model was evaluated on all
tasks compatible with its input modalities. Consequently,
Claude Sonnet 4 and Gemma3-4B were benchmarked on
image-based tasks, while Gemini 2.5 series and Qwen3-VL
series were evaluated across the full suite of tasks, including
those with video. For each question, we provided the model
with the multimodal context (text, image, and/or video) and
the multiple-choice questions in a zero-shot setting. The
model’s task was to select the correct answer from the pro-
vided options. Illustrative examples of our question-answer
pairs and their prompts are provided in Figure 1.

Implementation Details: We use accuracy as the pri-
mary evaluation metric and we evaluate each baseline offi-
cial implementation or API. All evaluation scripts and an-
notations are to be publicly released for transparency.

4.2. Observations and Challenges

The overall performance results of the evaluated models
across tasks are summarized in Tables 3 and 43. To investi-
gate the root causes of the observed performance degrada-
tion, we conducted a detailed qualitative analysis of failure
cases4. We structure our findings into a progressive hier-
archy of cognitive deficiencies, ranging from fundamental
state estimation to complex situated adjustment.

1/ Weakness in Fine-grained State Estimation. The pri-
mary source of error (52.97%) lies in the precise identi-
fication of physical states. While models generally suc-
ceed in recognizing target objects (e.g., identifying a de-
vice or switch), they exhibit significant instability in de-
termining their fine-grained statuses. This instability con-
tributes to performance degradation when adding additional
visual context (e.g., Task 3 Qwen3-VL-8b-Instruct drops

3Regarding Task 5 (limited to N = 102 samples), we note two specific
patterns: (1) Claude Sonnet 4 and Gemini 2.5 Pro achieve identical accu-
racy (Table 3 for Tasks 5.a and 5.b), but fail differently (dynamic details
vs. spatial reasoning); (2) Gemini 2.5 Flash outperforms Pro (Table 3 for
Task 5.a) by avoiding Pro’s over-complication of verification logic and bias
toward physical actions (e.g., "move") over passive checks (e.g., "wait"),
instead relying on more direct reasoning.

4Additional detailed examples are provided in Appendix C.

from 65.37% (IT) to 40.52% (IV), Task 4 Gemini 2.5 Pro
drops from 74.05% (IT) to 42.41% (II)).

(1) General State Misclassification: We observe fre-
quent errors where the model correctly locates the object
but fails to distinguish its current physical mode. As shown
in Figures 7 and 8, models frequently misjudge basic states,
such as determining whether water is flowing versus static.

(2) Task-Induced Hallucination: A more critical pat-
tern involves models being biased by textual instructions.
As shown in Figure 9, when prompted to "Turn on the
light," the model erroneously categorizes a "Turn off" ac-
tion as "Turn on," ignoring the visual contradiction in the
switch’s position. This highlights a deficiency in grounding
binary states under the effect of instruction bias.

2/ Deficiencies in Causal Reasoning and Device Logic.
A distinct subset of failures (11.39%) arises when models
struggle with the causal logic of specific devices, often con-
fusing visual correlations with functional causality. In ele-
vator navigation scenarios (Figure 11), models frequently
interpret a "lit display arrow"—a feature merely correlated
with movement—as a signal that the elevator has been
"called." Conversely, they ignore the "lit button," which is
the true indicator of a registered request. Consequently,
models incorrectly predict "Wait" rather than "Press but-
ton", demonstrating a superficial understanding of device
mechanics.

3/ Failure in Adaptive Adjustment and Situated
Grounding. A significant portion of failures (35.64%) oc-
curs when models possess both correct perception and gen-
eral common sense but fail to adaptively adjust their policy
based on specific environmental constraints or viewpoints.

(1) Physical Affordance Mismatch: Models often ap-
ply generic solutions without considering physical accessi-
bility. In Figure 12, the model suggests "pressing the power
button" for an air conditioner—a valid action for a standing
unit—despite visual input showing a wall-mounted unit in-
stalled out of reach. The model fails to switch to the feasible
action: "finding a remote control."

(2) Viewpoint Adaptation: Models lack the meta-
cognitive ability to recognize when their current viewpoint
is insufficient. In elevator waiting scenarios (Figure 13),
where the field of view is narrow or obstructed, the optimal
policy is to "move back" to check availability. However,
models typically default to a passive "wait", failing to ac-
tively adjust their position to a better visual information.

4.3. Probing World Modeling in Generative Models
To push beyond discriminative QA and its limitations, and
to directly probe the internal world models of generative
systems (e.g., [1, 10, 21]), we conducted further exper-
iments on a state-of-the-art video generation model. We
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selected Google’s Veo3 [12] as a representative model and
tested its ability to simulate physical-temporal TCI-related
dynamics in two settings:

State Transition Prediction: Analogous to Task 4, the
model is provided with an initial frame and a textual de-
scription of an action, tasking it to generate the subsequent
frames depicting the outcome. For instance, in the top-left
example in Figure 4, when given an image of a washing ma-
chine and the instruction "Turn on the washing machine",
Veo3 generates a coherent sequence of future frames.

Action Generation: Analogous to Task 3, the model is
given the initial and final frames of the state change with a
high-level action description. The task is to generate the
intermediate video showing the specific action that con-
nects them. As an example, for the microwave shown in
the bottom-right corner of Figure 4, the model receives the
first and last frames along with the action "Use microwave
to heat food" and is expected to generate the intermediate
frames.

Analysis of the generated results reveals several funda-
mental error patterns, indicating limitations in the model’s
physical and causal understanding (see Figure 4 for exam-
ples):

1/ Common Sense Violation: A frequent failure mode is
the model’s inability to maintain physical realism and log-
ical consistency, leading to the generation of implausible
and nonsensical scenarios. As shown in the top-left of Fig-
ure 4, these violations can be categorized as follows: (1)
Violations of Physical Constraints: The model disregards
fundamental real-world principles. For example, it gener-
ates a video of a washing machine’s drum rotating while
the door is wide open—a clear breach of physical safety
interlocks. (2) Violations of Physical Inconsistency: The
model fails to maintain the physical consistency of objects.
In the light switch example, it generates an "Unreasonable
deformation" of the solid switch panel. (3) Violations of
Functional Logic: The model produces functional impos-
sible outcomes. The elevator case exhibits multiple such
failures: illuminating both the up and down indicators si-
multaneously, generating a nonsensical scene where a cable
car appears inside the elevator cabin, and displaying floor
numbers in a non-sequential illogical order.

2/ Incorrect UI Comprehension: The model fails to
correctly interact with the appropriate UI elements. This
includes attempting to raise a table or turn on an air condi-
tioner by pressing an incorrect area on the respective control
panels (shown in the bottom-left cases of Figure 4).

3/ Unnatural Behavior: The model performs actions in
a manner that is inefficient, or unlike how a human would.
The bottom-left example of "3/ Unnatural Behavior" in Fig-
ure 4 shows the use of a microwave by trying to rotate the
two knobs at the same time with one hand.

4/ Incorrect Action Flow: The model executes a logi-

cally incoherent sequence of actions or violates necessary
preconditions, such as performing the "Turn on" action for
an air conditioner incorrectly three times or dispensing wa-
ter from a machine with no cup present (even if explicitly
mentioned in the instruction) in the top-right cases of Fig-
ure 4.

5/ Hallucination: The model exhibits a tendency to
fabricate visual content that does not exist in the input and
contradicts physical reality. As shown in the bottom-right
cases of Figure 4, these hallucinations can be categorized
as follows: (1) Fabrication of UI Elements: Generating
non-existent markings or indicators. For example, it gen-
erates inconsistent and non-existent markings on a washing
machine’s dial, creates a false indicator "up" on a stand-
ing desk’s control panel, and adds phantom numbers to a
microwave’s timer knob (which are also inconsistent). (2)
Generation of Spurious Objects: Introducing contextu-
ally irrelevant objects into the scene. A clear example is
the generation of a roll of toilet paper attached to an office
air purifier when the task prompt was to "Raise the table",
or transforming an air-purifier into a printer as the camera
view pans.

5. Conclusion
In this work, we introduce SWITCH, a benchmark effort de-
signed to evaluate how models perceive, reason about, and
act upon semantic TCI interactions and their effects in real-
world contexts. Unlike prior datasets and benchmarks that
focus either on fully virtual simulations or object-centric
physical interactions only, SWITCH targets a critical but
overlooked scenario in embodied AI — the interactive layer
between humans and smart environments and their appli-
ances/devices, mediated through TCIs (i.e., switches, but-
tons, and control panels). Through five systematically de-
signed tasks, SWITCH examines complementary dimen-
sions of embodied interactive intelligence — from per-
ceiving UI semantics and generating purposeful actions, to
predicting causal state transitions and verifying task out-
comes. Our evaluation across multiple mainstream LM-
MMs reveals consistent weaknesses in understanding af-
fordances, anticipating environmental effects, and verifying
causal consequences, highlighting key challenges toward
achieving well grounded world models.

By open-sourcing SWITCH-Basic and its evaluation
toolkit, we aim to provide a standardized, extensible plat-
form for studying perception-action reasoning in multi-
modal embodied agents. We believe SWITCH helps bridge
digital and embodied intelligence, advancing models to not
only describe the world, but also understand, control, and
verify interactions with it effectively. As the first phase of
an expanding benchmark, future iterations of SWITCH will
substantially scale diversity and introduce more advanced
scenarios (e.g., error recovery, delayed verification), incor-
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porating community feedback to cover increasingly chal-
lenging settings. For further discussion on evolving the
benchmark, please see Appendix D.
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A. Additional Qualitative Examples

Figure 6 illustrates a complex, multi-step task (printing a
document) to demonstrate complex interaction reasoning.
Unlike the single-step task shown in the main text, this ex-
ample requires sequential Semantic UI Comprehension to
interpret changing interface layouts, and the execution of
corresponding Action Generation steps. Throughout the
process, the model observes state transitions as the UI up-
dates after each interaction, requiring adaptive planning
based on visual context. Finally, through Result Verification
Planning, the agent repositions to check the printed output,
completing the full perception–action–verification loop in a
dynamic, real-world setting.

B. Successful Response Rates of Baselines with
Videos

Table 5 presents the successful response rates (%) of vari-
ous baseline models when evaluated on video-based ques-
tions. Each value indicates the percentage of questions for
which the model was able to return a valid response. This
table provides additional details on model robustness and
response consistency in the video setting.

C. Case Study Examples

In this section, we provide detailed visualizations of the
failure cases and organize these examples according to the
three primary cognitive deficiencies discussed in the Sec-
tion 4.2.

1/ Weakness in Fine-grained State Estimation: Mod-
els struggle to identify precise physical states despite cor-
rectly locating objects.
• General State Misclassification: Figures 7 and 8 illus-

trate the difficulty in distinguishing dynamic fluid states
(flowing vs. static), leading to incorrect action choices.

• Task-Induced Hallucination: Figure 9 demonstrates
how instruction bias (e.g., "turn on") overrides visual evi-
dence, causing the model to hallucinate an "on" state even
when the switch is visually being turned "off". Similarly,
Figure 10 shows multiple models failing to identify the
functional state of a light switch.
2/ Deficiencies in Causal Reasoning and Device Logic:

Models often confuse visual correlations with functional
causality.
• Elevator Logic: Figure 11 shows Claude Sonnet 4 and

Gemini 2.5 Flash misinterpreting a "lit display arrow" as
a signal that the elevator is called, ignoring the "lit button"
which is the true causal indicator.

• State Transition Prediction: Figures 14 (Printer) and 15
(AC Fan) highlight failures in predicting the key immedi-
ate visual outcome of an action, such as paper appearing
in the output tray or the fan speed indicator changing.

3/ Failure in Adaptive Adjustment and Situated
Grounding: Models fail to adapt generic knowledge to spe-
cific environmental constraints.
• Physical Affordance Mismatch: Figure 12 reveals

a critical failure where top-tier models (Gemini 2.5
Pro/Flash, Qwen3-VL) suggest "pressing the power but-
ton" on a wall-mounted AC unit that is physically out of
reach, ignoring the need for a remote control.

• Viewpoint Adaptation: Figure 13 demonstrates a lack of
meta-cognitive awareness, where models fail to recognize
the need for an intermediate "adjust view" action to gain
better visual information before proceeding.

D. Benchmark Evolution
The current release of SWITCH represents only the first
phase of our benchmark. In the upcoming stages, we plan to
expand both the scale and diversity of the dataset. Specif-
ically, we aim to increase the coverage of TCI-centric en-
vironments by incorporating a broader range of device in-
teraction scenarios, as well as multiple variants of similar
devices with distinct layouts, control mechanisms, and ca-
pabilities.

Crucially, we will also include evaluation beyond the
current discriminative QA format, enhance the evaluation
dimensions of existing tasks, and propose metrics to more
precisely evaluate models’ world modeling and ground abil-
ities. In Task-Oriented Visual Question Answering, for ex-
ample, future extensions will assess models’ ability to per-
form context-aware inference — evaluating whether models
can infer (TCI and world) states from indirect environmen-
tal cues when the interface itself is partially occluded or not
directly visible.

As the collected dataset grows, we intend to partition it
into training, validation, and test splits, enabling the com-
munity to use SWITCH not only for evaluation but also for
training or adaptation of novel models.

Moreover, since many real-world interactions require
multi-step operations before their outcome can be verified,
the current benchmark data includes fewer Result Verifica-
tion samples compared to other tasks. As we expand it,
the number and diversity of verification examples should
increase accordingly, allowing more comprehensive assess-
ment of models’ ability to reason about important delayed
or multi-stage effects.

A focus point for next iterations is also to cover cases
of adapting to incorrect actions and adapting to retry.
SWITCH-Basic currently only covers 5 instances of situa-
tions where an interaction needs to be canceled or restarted.

Finally, we will introduce multi-level difficulty settings
across tasks, designed to more comprehensively evaluate
models’ reasoning depth, generalization, and adaptability.
We envision SWITCH evolving into a collaborative pro-
gressively richer and more diagnostic-oriented benchmark
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Figure 5. Example tasks modeled in SWITCH. Device Instruction (Goal) - Interface Understanding & Action - Effect / Verification.

Figure 6. Example of a multi-step document printing task demonstrating complex interaction reasoning. Given the a user instruction,
the agent must perform sequential Semantic UI Comprehension to interpret changing interface layouts, and execute corresponding Action
Generation steps (A1–A4). Throughout the process, the model observes state transitions as the UI updates after each interaction, requiring
adaptive planning based on visual context. Finally, through Result Verification Planning, the agent repositions to check the printed output,
completing the full perception–action–verification loop in a dynamic, real-world setting.

for studying the foundations of interactive and embodied
intelligence in multimodal models.
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Models 1/ Task-Aware VQA 3/ Action 4/ State Transition Prediction 5/ Verification

(b) Goal-Oriented Reasoning (a) Planning (b) Expected State Prediction

Question Format VT VT IV VV VT VI VT IV VV VT VI

Gemini 2.5 Flash [6] 100.00 100.00 99.02 98.67 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Gemini 2.5 Pro [6] 100.00 100.00 98.69 99.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Qwen3-VL-8B-Instruct [31] 100.00 100.00 97.71 97.67 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Qwen3-VL-235B-Instruct [31] 100.00 100.00 97.71 97.67 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Table 5. Percentage of questions for which a valid response was successfully returned. VT: video in question, text choices as answers, IV:
image in question, video choices as answers, VV: video in question, video choices as answers, and VI: video in question, image choices as
answers.

Figure 7. An example of Qwen3-VL-235B-Instruct on Task 3/ Action Generation in question format: Image in question, text as option.
The model failed to recognize that "The water is not flowing down", thus giving the incorrect answer.
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Figure 8. An example of Claude Sonnet 4 on Task 3/ Action Generation in question format: Image in question, text as option. The model
failed to recognize that "The water is flowing down", thus chose the wrong answer "D. Turn on the dispenser.".
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Figure 9. An example of Qwen3-VL-8B-Instruct on Task 3/ Action Generation in question format: Image in question, videos as option.
The model mistakenly identified the actions in the first two options as turning on the light, leading to the wrong answer.
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Figure 10. An example of Claude Sonnet 4, Gemini 2.5 Flash and Gemma3-4B on Task 2/ UI Comprehension in question format: Image
in question, text as option. The model fails to identify that only the right light switch is on and only the upper part of the light switch is
functional, thus choosing an incorrect answer.
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Figure 11. An example of Claude Sonnet 4 and Gemini 2.5 Flash on Task 3/ Action Generation in question format: Image in question, text
as option. The model failed to recognize that the true indicator of a called elevator is the "lit button", not the upward arrow on the elevator
screen.
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Figure 12. An example of Gemini 2.5 Flash, Gemini 2.5 Pro, Qwen3-VL-8B-Instruct and Qwen3-VL-235B-Instruct on Task 3/ Action
Generation in question format: Video in question, text as option. The model failed to realize the "power button" is out of reach for this
wall-mounted AC and should switch to "find a remote control".
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Figure 13. An example of Gemini 2.5 Flash, Qwen3-VL-8B-Instruct and Qwen3-VL-235B-Instruct on Task 3/ Action Generation in
question format: Video in question, text as option. The model fails to recognize that a procedural action is needed between pressing the
button and waiting, to adjust the view for better visual information.
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Figure 14. An example of Claude Sonnet 4 on Task 4/ State Transition Prediction in question format: Image in question, images as option.
The model failed to recognize that the completion of printing is indicated by paper coming out of the printer’s output tray, which is exactly
what option B depicts.
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Figure 15. An example of Claude Sonnet 4 on Task 4/ State Transition Prediction in question format: Image in question, images as option.
The model fails to predict that the immediate outcome of increasing the fan speed is the change in the visible fan speed indicator displayed
in the top-left part of the screen, thus chose the wrong option "A".
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