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Abstract

Recent large vision—language models (LVLMs)
have demonstrated strong potential for device
control. However, existing research has pri-
marily focused on point-and-click (PnC) in-
teraction, while remote-control (RC) interac-
tion commonly encountered in everyday TV us-
age remains largely underexplored. To fill this
gap, we introduce TVWorld, an offline graph-
based abstraction of real-world TV navigation
that enables reproducible and deployment-free
evaluation. On this basis, we derive two com-
plementary benchmarks that comprehensively
assess TV-use capabilities: TVWorld-N for
topology-aware navigation and TVWorld-G
for focus-aware grounding. These benchmarks
expose a key limitation of existing agents: in-
sufficient topology awareness for focus-based,
long-horizon TV navigation. Motivated by this
finding, we propose a Topology-Aware Train-
ing framework that injects topology awareness
into LVLMs. Using this framework, we de-
velop TVTheseus, a foundation model special-
ized for TV navigation. TVTheseus achieves
a success rate of 68.3% on TVWorld-N, sur-
passing strong closed-source baselines such as
Gemini 3 Flash and establishing state-of-the-
art (SOTA) performance. Additional analyses
further provide valuable insights into the devel-
opment of effective TV-use agents.

1 Introduction

When discussing how Large Vision—Language
Models (LVLMs) operate in user interface (UI) en-
vironments, existing work predominantly assumes
a point-and-click interaction paradigm (Wang et al.,
2025a,b; Ye et al., 2025), where a cursor or fin-
gertip directly selects on-screen targets. How-
ever, this assumption does not generalize to smart
televisions (TVs), a widely deployed and increas-
ingly common media platform (Strategy Analytics,
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Inc., 2021), where interaction is mediated through
remote-control navigation (Hong and Rivoal, 2019)
rather than direct pointing. TV interfaces are in-
herently focus-based: navigation is performed by
pressing directional keys on the remote control
(e.g., the UP button), which move a discrete high-
light across UI elements, and actions are executed
only on the currently focused item (Fig. 1).

This interaction paradigm gives rise to require-
ments that differ fundamentally from pointer-based
UI controls. Effective TV navigation hinges on
focus awareness, which involves localizing the
currently highlighted element within the global
screen layout rather than detecting clickable ele-
ments in isolation, and fopology-aware planning,
which entails perceiving the underlying UI topol-
ogy and navigating through discrete, button-driven
focus transitions over multiple steps. Yet, existing
GUI control benchmarks for LVLM agents remain
largely dominated by pointer primitives, leaving
evaluation settings that capture the demands of TV
navigation scarce.

To fill this gap, we introduce TV World, an of-
fline graph-based abstraction of real-world TV nav-
igation. TV interaction is driven by a small set of
discrete remote-control keys and spans a limited set
of stable UI screens, which makes a graph formula-
tion natural: each UI state corresponds to a node,
and each key press induces a transition recorded
as a directed edge, enabling TV navigation to be
captured as a finite graph. Based on this abstrac-
tion, we systematically traverse real TV interfaces
via remote-control interaction to construct high-
fidelity navigation graphs. Building on TV World,
we derive two complementary benchmarks tailored
to TV interaction. TVWorld-N is an offline in-
teractive TV navigation environment for evaluat-
ing agents’ topology-aware planning under focus-
based remote-control, supporting both textual and
visual goals. Operating purely on static graph as-
sets, it is fully replayable and deployment-free (e.g.,
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Figure 1: Illustration of focus-based remote-control TV interaction: discrete key presses (e.g. LEFT/UP/0K) move a
highlight across Ul elements, inducing UI state transitions toward the target. This process can be formulated as path
finding on a topology graph whose nodes are Ul states and edges correspond to key-induced transitions.

no VMs/emulators), and enables millisecond-level
interaction, avoiding the instability and overhead of
online GUI benchmarks (Xie et al., 2024; Rawles
et al., 2024). Complementarily, TVWorld-G evalu-
ates focus-aware grounding by requiring the agent
to localize the currently highlighted element within
the global screen layout using bounding-box anno-
tations, directly reflecting the focus-based nature
of TV control.

TVWorld further exposes a critical limitation of
recent GUI agents: while they excel at pointer-
based interaction, they struggle with the focus-
based, long-horizon navigation required by TV
control. We attribute this failure to the lack of
topology awareness, namely the ability to perceive
focus structure and navigate through Ul state tran-
sitions. To address this bottleneck, we design three
types of topology-driven training traces that ex-
plicitly target fundamental behaviors in TV nav-
igation, including goal-directed focus transitions,
recovery from detours, and escape from stalled
states. These traces form the basis of a two-stage
Topology-Aware Training framework that systemat-
ically builds focus awareness and topology-aware
planning. Using this training strategy, we develop
TVTheseus, a foundation model specialized for TV
navigation. Comprehensive experiments demon-
strate the effectiveness and robustness of our ap-
proach: TVTheseus achieves a success rate of 68.3
on the out-of-domain TV World-N benchmark, out-
performing strong closed-source baselines such as
Gemini 3 Flash and GPT-5 mini, and attains SOTA
performance on TVWorld-G with an accuracy of
81.8 despite receiving no grounding-specific super-
vision, reflecting strong topology-aware planning
and focus-awareness capabilities.

The contributions of this work are three-fold:
1) we introduce TVWorld, a static benchmark
for interactive TV navigation, together with two
complementary evaluation suites; 2) we propose
a Topology-Aware Training framework tailored
to focus-based TV interaction; and 3) using this
framework, we develop TVTheseus, a foundation
model for TV navigation, whose effectiveness is
validated through extensive empirical evaluation.

2 Related Work

Graph-based methods. Graphs provide a con-
venient abstraction for different domains, includ-
ing materials science (Butler et al., 2018; You
et al., 2018), engineering (Darvariu et al., 2021;
Yang et al., 2023), and networking security (Ny-
berg and Johnson, 2023; Xu et al., 2022). Specif-
ically, robotics frames motion planning as search
on configuration graphs (Hossain et al., 2024; Shah
et al., 2021). Knowledge-graph reasoning casts
question answering as multi-hop traversal (Xiong
et al., 2017; Das et al., 2017). For GUI agents,
interfaces are often represented as DOM or state
graphs, where edges correspond to actionable el-
ements (Jia et al., 2019; Gur et al., 2018; Adamo
et al., 2018; Pan et al., 2020; Zhang et al., 2025c;
Xu et al., 2025); In the TV auto testing domain,
prior work uses crawlers to construct Ul graphs to
generate test sequences (Firat et al., 2022; Ahmed
et al., 2020; Bures et al., 2020). There has been al-
most no systematic exploration of training LVLMs
with graph-based reinforcement learning in remote-
control scenarios.

LVLM for GUI Control. Work on GUI agents
spans the web (Zhang et al., 2025b; Abuelsaad
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et al., 2024), mobile device (Li et al., 2024a; Pa-
poudakis et al., 2025), and desktop control (Zhang
et al., 2025a; Zhao et al., 2025). One research
direction enhances inputs with Ally trees (Wu
et al., 2024), Set-of-Marks (Agashe et al., 2024),
or DOM (Schiepanski and Pié€l, 2025) to supply
models with fine-grained UI details. Another ap-
proach employs control based solely on screen-
shots to directly determine action positions from
pixels (Hong et al., 2024; Li et al., 2024b; Shaw
et al., 2023; Wang et al., 2025c; Gou et al., 2024;
Ye et al., 2025; Chen et al., 2024). This method is
versatile across tasks and devices, and particularly
useful when structural inputs are absent or imprac-
tical (Cheng et al., 2024; Xie et al., 2024), making
it a promising long-term path for transferability.
Despite these advances, current LVLM agents still
operate mainly in a point-and-click paradigm on
cursor or touch interfaces, while remote control sce-
narios such as TVs remain largely underexplored.

Training Methods for GUI Control. GUI-
control agents are commonly trained with su-
pervised fine-tuning (SFT), often augmented
with chain-of-thought, to improve action predic-
tion (Baechler et al., 2024; Ye et al., 2025; Lu
et al., 2025b; Zhang et al., 2024, 2025d). Beyond
SFT, which depends on large annotated datasets,
recent work frames GUI control as a reinforcement-
learning problem via reward design and policy op-
timization (Lu et al., 2026; Luo et al., 2025; Liu
et al., 2025; Zhou et al., 2025; Lee et al., 2025; Lu
et al., 2025a; Li et al., 2025), enabling greater sam-
ple efficiency and stronger generalization to novel
tasks. Complementary efforts explore multi-agent
RL and the integration of external tools (Lu et al.,
2025c; Singh et al., 2025; Zeng et al., 2025).

3 TVWorld

This section introduces TVWorld, which trans-
forms real-world remote-control TV interaction
into an offline asset for LVLM-based agent naviga-
tion. We first formulate TV navigation as a graph
search over Ul states and define TV-specific tasks
(Sec. 3.1). We then describe our on-device data col-
lection pipeline for graph construction (Sec. 3.2).
Based on the resulting graphs, we introduce two
benchmarks: TVWorld-N for end-to-end topology-
aware navigation (Sec. 3.3) and TVWorld-G for
focus-aware grounding evaluation (Sec. 3.4).

3.1 Task Formulation

Remote-control navigation can be modeled as a
discrete state—action trajectory. Actions come from
a small, fixed set of keys, and a state is represented
by a screenshot together with its visible focus high-
light. After each key press, the Ul renders a new
screen: sometimes the focus shifts within the same
page, and sometimes the interface switches to an-
other page. This “one key, one transition” view
is naturally captured by an action-labeled directed
multigraph, where nodes are Ul states and edges
are key-triggered state changes.

TV Navigation Graph. We define the TV Navi-
gation Graphas G = (V,E, ) withE C Vx AxV.
Here V contains all UI states reachable from an an-
chor screen (e.g., Home) by feasible key sequences;
each v € V is a Ul state that contains one screen-
shot with its focus highlight. A is the set of atomic
remote actions. An edge (u, a,v) € £ means that
pressing a € A at state u yields the next state
v. We write the transitionas 7" : V x A — V
with T'(u,a) = v whenever (u,a,v) € £. Each
node carries a label A : V — L given by \(u) =
(S(u), A(u), m(u)), where S(u) is the screen-
shot, A(u) C A lists valid actions at u, and m(u)
is optional metadata (e.g., text cues or a view-tree).

Action Set. The action set of TVWorld com-
prises 9 kinds of actions: UP, DOWN, LEFT, RIGHT,
EXIT, OK, HOME, SETTING, and FINISH. The func-
tionalities of these actions are summarized in Ap-
pendix A.

Topology-Aware Navigation. TV topology-
aware navigation can be modeled as a partially
observable Markov decision process (POMDP)
(S,0,A,T),where S denotes the TV environment
states, O denotes observations (e.g., screenshots
and textual cues), A is the set of remote-control ac-
tions (see Appendix A), and T is the state transition.
At timestep t, the agent receives an observation
ot € O composed of a task instruction I (visual or
textual), the current TV screenshot, and optionally
a history of previous observations. Based on o, the
agent selects a remote-control key action a; € A,
such as UP or DOWN. Executing a; updates the envi-
ronment to a new state s;y; € S and produces a
subsequent observation o.41 € O (e.g., a refreshed
screenshot). This agent—TV interaction proceeds
until the agent emits the terminal action FINISH or
a predefined step budget is exhausted.
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Focus-Aware Grounding. Focus-aware ground-
ing aims to localize the currently focused (high-
lighted) Ul element on a TV interface. Formally,
given a TV GUI screenshot S and an instruction 7,
an agent 7 predicts the focused element’s location
as a bounding box b = (z1,y1, x2,y2) ~ w(S, I),
where (z1,y1) and (22, y2) denote the top-left and
bottom-right coordinates of the focused element.

3.2 TVWorld Toolkit

We deployed an automated UI data collection sys-
tem on physical smart TVs using an MT9655-
based 4K platform, and adapted it to two product
lines: TCL TV' and Google TV?. We designate
the TCL TV platform for training, while reserving
the Google TV platform exclusively for evaluation.
The substantial differences in UI styles, layouts,
and design elements between the two platforms
enable a rigorous assessment of the agent’s ability
to generalize to out-of-domain Ul environments;
examples are provided in Appendix G. The data ac-
quisition client communicates with the device via
Android Debug Bridge (ADB) and a capture card
to obtain UI hierarchy snapshots, focus metadata,
and screenshots, which are logged per session for
traceability. The system interfaces with the televi-
sion through a hardware-level serial remote-control
interface, which injects directional and other key in-
puts to induce Ul state transitions under real-world
interaction conditions. Through this combined soft-
ware—hardware architecture, the system enables
end-to-end capture of interaction trajectories and
user interface representations.

Graph Collection Pipeline. We build directed
TV navigation graphs via BFS exploration starting
from the homepage. Each node corresponds to a UI
state, identified by the screen together with its fo-
cused element; the node also stores structured meta-
data and the associated view-tree dump. For every
node, we expand the graph using a fixed, ordered
sequence of remote-control key events. When a
keypress changes the state, we either create a new
node or match it to an existing one, and then add a
directed edge labeled with that key. The crawl ex-
plicitly avoids a small set of sensitive entry points
(e.g., factory reset and language switching), which
are masked for safety. After collection, profes-
sional TV engineers assign standardized, unam-
biguous names to nodes so that labels align with

'TCL QD-Mini LED TV
24K Ultra HD Smart Google TV
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Figure 2: Overview of the TVWorld graphs collection
pipeline. We perform BFS exploration on physical TV
devices (TCL TV and Google TV) to construct initial Ul-
state graphs, while recording screenshots and view-tree
metadata. Graphs are then refined through automated
consistency checks and human inspection, producing
finalized graphs together with the offline interactive
environment for evaluation/training and grounding data.

Table 1: Statistics of TV World.

Platform Scenario Nodes Edges
Train

TCL TV Config 282 1,508
Test

Google TV Config 169 878
Google TV Display 62 276
Google TV Audio 24 104
Google TV Apps 33 147
Google TV Channels 32 145

page semantics and avoid duplicates.

Graph Quality Assurance. Each generated nav-
igation graph undergoes a structured quality assur-
ance process that integrates automated validation
with expert review. Specifically, we perform (i)
transition integrity checks, which identify missing
inverse links (e.g., an UP move from node u to
node v without a corresponding DOWN). (ii) naming
and hierarchy verification, which flags duplicated
node identifiers and inconsistencies in navigational
relations (e.g., nodes connected via LEFT or EXIT
whose names do not indicate the expected sub-level
relation). (iii) human-in-the-loop validation, where
all automatically flagged issues are examined and
resolved by TV engineers who confirm node defini-
tions, edge semantics, and local navigation behav-
ior. Following these corrections, a senior engineer
conducts an end-to-end audit of the full graph to
confirm global consistency in topology, naming
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Table 2: Comparison of mainstream GUI evaluation benchmarks.

Benchmark Platform Interactive Env. Deploy-Free Replayable #Tasks Real-World Metadata Easy Task Gen.
AitW (Zhang et al., 2024) Mobile X v v 2346 v X X
AndroidControl(Li et al., 2024a) Mobile X v v 15283 v v X
GUIOdyssey(Lu et al., 2025d) Mobile X v v 8334 v X X
MiniWoB++ (Liu et al., 2018) Web v X v 114 X v X
‘WebArena (Zhou et al., 2023) ‘Web v X v 812 v v X
OSWorld (Xie et al., 2024) Desktop v X X 369 v v X
WindowsAgentArena(Bonatti et al., 2024)  Desktop v X X 154 v/ v X
Online-Mind2Web (Xue et al., 2025) Web v X X 300 v v X
AndroidWorld (Rawles et al., 2024) Mobile v X X 116 v v X
TVWorld-N (Ours) TV v v v 500 v v v

hierarchy, and directional behavior, and to ensure
that the final graph is coherent and reliable.

TVWorld Statistics. Using the proposed graph
collection pipeline, we construct 6 directed TV nav-
igation graphs spanning 5 Ul scenarios: CONFIG
(system-level configuration and global settings),
Di1SPLAY (display and rendering), AUDIO (audio-
related capabilities), APPS (app entry points and
privacy), and CHANNELS (hardware-interface com-
ponents). All graphs are strongly connected, i.e.,
for any pair of nodes, there exists a directed path be-
tween them. Beyond graph topology, each node is
associated with rich UI metadata, including screen-
shots, view-tree structures, focus-related informa-
tion, and other attributes. For data splits, we use the
graph collected from TCL TV for training, and re-
serve the remaining 5 graphs collected from Google
TV for comprehensive evaluation. Detailed per-
graph statistics are reported in Table 1.

3.3 TVWorld-N

Based on the TV navigation graphs collected from
Google TV, we construct TVWorld-N, an offline
interactive TV navigation environment designed for
comprehensive evaluation of agents’ TV navigation
capability. A comparison with mainstream GUI
benchmarks is reported in Table 2.

Offline Interactive Environment. TVWorld-N
provides a reproducible offline interactive TV navi-
gation environment by leveraging our high-fidelity
data collection pipeline, which establishes a one-to-
one correspondence between real TV device states
and graph nodes, as well as between device-level
state transitions and graph edges. Through this
construction, a complex real-world TV interaction
environment that typically requires physical hard-
ware, heavy software stacks, and non-trivial deploy-
ment is faithfully and almost entirely preserved in
a lightweight, static graph representation. Conse-
quently, evaluation can be conducted using only
static assets, without running or maintaining inter-

active systems such as operating systems, virtual
machines, mobile emulators, or browser automa-
tion frameworks. The static nature of the environ-
ment further guarantees reproducibility and enables
millisecond-level interaction during evaluation.

Task Construction. We formulate the topology-
aware navigation task as a goal-directed remote-
control navigation episode. Given an instruction
that specifies a target page, the agent starts from
an initial page and iteratively generates actions to
interact with the dynamic environment, exploring
the UI and moving the focus until the target node
is reached. For each task, we randomly sample
two distinct nodes from the graph as the start page
and the goal page. For the goal specification, we
consider two complementary formats: a textual
goal defined by the name of the target node, and
a visual goal represented by a screenshot of the
target Ul state. Accordingly, we construct both
text-based instructions, such as “I want to go to
Privacy—Microphone page,” and vision-based in-
structions, such as “<image>Navigate to the page
shown in the image.” For each graph, we sample
50 unique start—goal node pairs, resulting in a total
of 500 TV navigation tasks across all graphs.

34 TVWorld-G

Based on TVWorld, we construct a focus-aware
grounding dataset termed TVWorld-G. For each
node in the Google TV navigation graphs, we
parse the corresponding view-tree and extract the
bounding box of the currently focused element, rep-
resented as (z1,y1, T2, y2) in screen coordinates,
where (z1, 1) and (22, y2) denote the top-left and
bottom-right corners, respectively. All extracted an-
notations are manually verified and corrected when
necessary to ensure quality. Finally, TVWorld-G
contains 187 samples for grounding evaluation.
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Stage I: Topology-Priming SFT
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Figure 3: Overview of topology-aware training for TVTheseus. Stage I uses topology-priming SFT by distilling
topology-aware behaviors and injecting them into the base model using three trace types: geodesic guidance, detour
reflection, and stagnation escape. Stage II then applies topology-augmented RL with trace-specific rewards that
promote goal-directed progress while discouraging detours and stagnation; example traces appear at the bottom.

4 Topology-Aware Training

Dependable TV navigation requires TV-use agents
to reason over focus-based Ul transitions in a goal-
directed manner, while remaining robust to naviga-
tion errors such as detours and stalled states. We
collectively refer to this interaction-level compe-
tence as topology awareness. To embed this latent
capability into TV-use agents, we introduce a two-
stage training approach that first injects topology-
aware inductive biases via topology-priming super-
vised fine-tuning (Sec. 4.1), and then progressively
consolidates them through topology-augmented re-
inforcement learning (Sec. 4.2), as illustrated in
Fig. 3. Through this training paradigm, we obtain
TVTheseus, a foundation model specialized for
robust and generalizable TV control.

4.1 Stage I: Topology-Priming SFT

In our early experiments, we observe that exist-
ing open-source models often fail to exhibit topol-
ogy awareness, leading to brittle behavior in focus-
based TV navigation. To address this, we lever-
age natural-language reasoning (Lu et al., 2025d;
Wang et al., 2025b) as a mechanism for shaping
the agent’s internal understanding of UI dynamics.
Concretely, at each time step ¢, we constrain the
model to produce a paired output (2, a}), where
ay denotes the reference key action and z; pro-
vides structured reasoning for that action. Build-
ing on this formulation, we introduce a topology-
aware priming framework that instills such rea-
soning through three types of step-level rationales:
Geodesic Guidance, Detour Reflection, and Stag-
nation Escape. Below, we describe the construc-

tion of these traces and the synthesis of the corre-
sponding rationales z; for a given start—goal pair

(u,9):

Geodesic Guidance Traces. We follow a clean
geodesic route on the navigation graph from a start
node to a goal node by computing the shortest path
p*. For each step ¢ in p*, we endow z; with (i)
a description of the current Ul state and focused
element and (ii) an explanation of a locally plau-
sible move that makes progress toward the goal.
Instead of encouraging explicit topology memoriza-
tion, these traces emphasize learning state transi-
tions under key presses and maintaining an explicit
notion of goal-directed progress.

Detour Reflection Traces. Real-world TV nav-
igation often deviates from the shortest path, as
an incorrect key press may move the agent farther
from the goal, resulting in a fopological detour. For
a node u;, we define a detour action ag,, as any ac-
tion that increases the shortest-path distance to the
goal, i.e., dsp (T (us, afar), g) > dsp(us, g). Starting
from the shortest path, we deliberately insert such
a detour and then return to the original node before

. . Qf; Qpack ay
continuing: u; —— Uy ——s Uy — Upyq1. For

action ay, we design z; to reflect on the detour and
justify a corrected move, explicitly discouraging re-
peating ag,, and favoring an action consistent with
goal-directed progress.

Stagnation Escape Traces. We observe another
common failure mode in TV navigation, where cer-
tain key presses do not trigger any state change. In
such cases, the agent may repeatedly issue the same
invalid key and become trapped in a local loop. To

35964



capture this behavior, we insert an invalid action
ainy into an otherwise valid navigation segment:

wp 20 gy SN u¢4+1. At this point, z; is designed
to recognize that the Ul remains unchanged and to
reason about the need to abandon the ineffective
action, favoring an alternative key that leads to an
actual transition.

We use Gemini 3 Pro Preview (Google, 2025)
to synthesize the three types of rationales z;; ex-
amples of the synthesized data are provided in
Appendix J. Through supervised fine-tuning on
these structured rationales, the base LVLM ac-
quires foundational topology-aware capabilities for
focus-based TV navigation. We refer to the result-
ing model after this stage as TVTheseus-Base.

4.2 Stage II: Topology-Augmented RL

After topology-priming SFT equips the base LVLM
with a strong initial policy, we introduce a second
stage, Topology-Augmented Reinforcement Learn-
ing, to further consolidate topology-aware behav-
iors through interaction-driven optimization.

4.2.1 Reinforcement Learning Formulation

As introduced in Sec. 3, TVWorld provides a fully
offline, replayable interactive environment with
millisecond-level response, enabling stable and ef-
ficient reinforcement learning without physical de-
vices or online deployment. Within this environ-
ment, we construct interaction episodes on the train-
ing graphs following the same three trace patterns
introduced in Stage I (Sec. 4.1), allowing the agent
to explore alternative behaviors and receive feed-
back from state transitions. We adopt GRPO (Shao
et al., 2024) as the optimization algorithm and ini-
tialize the policy from TVTheseus-Base. Details of
GRPO are provided in Appendix F.

4.2.2 Topology-Aware Reward Design

In remote-control TV navigation, each valid key
press induces a transition along an edge of the TV
navigation graph, potentially moving the interface
closer to, unchanged from, or farther away from
the goal node. We exploit this structural property
to design topology-aware rewards. These rewards
guide the agent’s behavior by examining the change
in graph distance to the goal between the current
node u; and the node v’ reached after executing a
model-suggested action, that is, d(u, g) — d(u’, g).

Trace-Specific Reward Design. Our shaping re-
ward assigns higher values to actions that make

goal-directed progress (reducing d(-, g)), a small
positive value to distance-preserving moves, and
lower values to actions that move away from the
goal. We further incorporate trace-dependent penal-
ties to correct common failure modes: Detour
Reflection discourages returning to the previously
identified detour branch, while Stagnation Escape
discourages repeating the invalid action. Complete
reward definitions are provided in Appendix D.

Distance Definition. We instantiate the distance
metric as the hitting time d(u, g) = hg(u), which
measures the expected number of steps for a ran-
dom walk starting from node w to first reach the
target node g. Let A denote the adjacency matrix
of the navigation graph, where A, counts feasi-
ble actions from u to v, D = diag(}_, Auv), and
P = D 'A. With hy(g) = 0, the hitting time
satisfies hg(u) = 14 >, Py hg(v). Detailed dis-
tance definitions and alternatives are provided in
Appendix E.

We combine the topology-aware reward with
a format-validity reward into a single scalar ob-
jective: R = PBiopoLiopo + Brorm Rrorm- Together,
these rewards provide dense and structured feed-
back that reinforces topology-aware behaviors with-
out relying on fixed reference actions or auxiliary
verifiers (Bonatti et al., 2024; Chen et al., 2025;
Devidze et al., 2021). By aligning reinforcement
learning objectives with the topology-aware reason-
ing patterns introduced during Stage I, this design
further unlocks the latent topology awareness of the
LVLM, yielding policies that are more robust and
better reflect real-world remote-control navigation.

5 Experiments

5.1 Experimental Setup

Training Settings. We adopt Qwen3-VL-8B-
Instruct (Bai et al., 2025) as the base model.
At each time step ¢, the input is x; =
(S, St—1:t—54> t—1:t—5,, 1), including the current
screenshot Sy, up to 4 historical screenshots (0g =
4), the full action history (6, = t), and the in-
struction /. All experiments are conducted on 8x
NVIDIA A100 GPUs. Further details on the train-
ing data and the two-stage training setup are pro-
vided in Appendix C and Appendix B, respectively.

Evaluation. We evaluate our TVTheseus on two
tasks: Topology-aware Navigation and Focus-
aware Grounding.
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Table 3: Comprehensive evaluation on TVWorld-N across five out-of-domain scenarios. Boldface indicates the best
performance. For TVTheseus, we report the mean over three independent runs. Detailed results for each individual

run are provided in Appendix Table 10.

Model Instr Type Config Display Audio Apps Channels Overall
Closed-Source Model e - - - - -
P text-base A . . . .
GPT-5 mini vision-based 60.0 540 520 78.0 82.0 60.2
. text-based 46.0 66.0 58.0 62.0 74.0
Gemini 3 Flash vision-based 54.0 68.0 620 80.0 94.0 66.4
Claude Haiku 4.5 dobeed 20 100 120 300 300 254
General Open-source Model
N I N
Qwen3-VL-32B-nstruct ({XEORSCd, 380 259 360 800 539 390
PnC-specific model based 00 10 - - 00
Ve text-base . A . N .
UI-Tars-1.5-7B vision-based 0.0 0.0 0.0 40 0.0 1.6
text-based 0.0 2.0 8.0 4.0 18.0
OpenCUA-7B vision-based 0.0 20 6.0 6.0 40 5.0
text-based 0.0 2.0 10.0 2.0 16.0
GUI-Owl-7B vision-based 2.0 0.0 2.0 10.0 10.0 54
text-based 2.0 18.0 22.0 20.0 26.0
GUI-Owl-32B vision-based 40 10.0 6.0 200 26.0 154
RC-specific model
P ﬁ +6.7 +9.3 +2.0 +5.3 +8.0
TVTheseus (Ours) text-based 413255 627 16.7 86.0_% ¢ 70757 760 4 o 68.3+g'$
vision-based 627753 607733 580700 0 g27703 827733 -

Topology-aware Navigation. Evaluation is con-
ducted on TVWorld-N, which consists of 5 naviga-
tion graphs, each containing 100 tasks with both
text-based and vision-based instructions (Sec. 3.3),
totaling 500 tasks. We compare TVTheseus with (i)
closed-source models (GPT-5 mini (OpenAl, 2025),
Gemini 3 Flash (Google, 2025), Claude Haiku
4.5 (Anthropic, 2025)), (ii) general-purpose open-
source LVLMs (Qwen3-VL-8B-Instruct, Qwen3-
VL-32B-Instruct (Bai et al., 2025)), and (iii)
pointer-based UI control models (UI-Tars-1.5-
7B (Seed, 2025), OpenCUA-7B (Wang et al.,
2025b), GUI-Owl-7B, GUI-OwI-32B (Ye et al.,
2025)). All models are evaluated with a maximum
horizon of 50 steps, image resolution 1024 x 576,
up to 4 historical screenshots, and the full action
history. We report Success Rate (SR), defined as
finishing on the target page.

Focus-aware Grounding. We evaluate focus lo-
calization on TVWorld-G, which contains 187 sam-
ples, comparing TVTheseus with general-purpose
LVLMs (Qwen2.5-VL-7B-Instruct, Qwen3-VL-
8B-Instruct, Qwen3-VL-8B-Thinking (Bai et al.,
2025)) and pointer-based grounding models
(InfiGUI-R1-3B (Liu et al., 2025), GUI-R1-3B,
GUI-R1-7B (Luo et al., 2025), GUI-Owl-7B, GUI-
Owl-32B (Ye et al., 2025)). All models use an
input resolution of 1024 x 576. Performance is
measured by Acc@0.5 (IoU > 0.5).

5.2 Main Results

Interactive TV Navigation Evaluation. Ta-
ble 3 reports results on TVWorld-N. TVTheseus
achieves the best overall performance, outperform-
ing all baselines, including the strongest closed-
source model, Gemini 3 Flash. On previously un-
seen TV platforms, TVTheseus markedly improves
over its base model, Qwen3-VL-8B-Instruct, with
success rate increasing from 20.0 to 68.3. Ap-
pendix I provides a qualitative case study illus-
trating the behavioral differences before and after
training. This result demonstrates strong out-of-
domain generalization enabled by our two-stage
Topology-Aware Training. In comparison, the
strongest general-purpose open-source model (i.e.,
Qwen3-VL-32B-Instruct) reaches a success rate of
39.0, substantially lagging behind closed-source
models such as Gemini 3 Pro and GPT-5 mini.
Models trained for point-and-click (PnC) interac-
tion (e.g., GUI-Owl and OpenCUA) degrade sub-
stantially in the remote-control (RC) TV setting,
highlighting the mismatch between pointer-based
assumptions and focus-based TV navigation. Per-
formance also varies consistently across scenarios:
most models perform better on Apps and Channels,
while Config remains the most challenging. This
pattern suggests that TVWorld-N is a discrimina-
tive benchmark that effectively distinguishes gen-
uine topology-aware navigation from superficial
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interaction heuristics.

Focus-Aware Grounding Evaluation. Table 4
reports focus-aware grounding performance on
TVWorld-G. Although TVTheseus is not trained
with any grounding-specific supervision, it outper-
forms its base model (i.e., Qwen3-VL-8B-Instruct),
by 3.7 points, achieving the best overall Acc@0.5
of 81.8. This result indicates that strong topol-
ogy awareness acquired in TV environments trans-
fers to improved focus localization. We also ob-
serve that Qwen3-VL-8B-Thinking performs 8.6
points worse than Qwen3-VL-8B-Instruct, suggest-
ing that explicit multi-step reasoning may not be
necessary for this task. Consistent with navigation
results, PnC-specific models underperform general-
purpose LVLMs, further reflecting the fundamen-
tal mismatch between pointer-based and remote-
control interaction paradigms, which impose dis-
tinct capability requirements on LVLM agents.

Table 4: Focus-awareness performance on TV World-G.

Model Acc@0.5
General Open-source Model
Qwen2.5-VL-7B-Instruct 66.3
Qwen3-VL-8B-Instruct 78.1
Qwen3-VL-8B-Thinking 69.5
PnC-specific model

InfiGUI-R1-3B 56.7
GUI-R1-3B 49.2
GUI-R1-7B 65.2
GUI-Owl-7B 39.5
GUI-Owl-32B 54.0
RC-specific model

TVTheseus (Ours) 81.8

5.3 Ablation Study

Effect of the Topology-Aware Training Strategy.
Table 5 shows that the two training stages play com-
plementary roles. Stage I (SFT) establishes core
topology-aware behaviors and strong focus aware-
ness, while Stage II (RL) further improves long-
horizon planning and recovery. Although Stage II
introduces a mild trade-off in focus grounding, the
impact is limited, and the model gains substantially
stronger topology-aware navigation capability.

Table 5: Impact of two-stage topology-aware training.

Training Strategy TVWorld-N TVWorld-G

— 20.0 78.1
+Stage I 48.0 83.4
+Stage I & Stage 11 68.3 81.8

Additional Experiments. We report additional
experiments in Appendix H. These include abla-
tions on rationale types, distance definitions, and
reward formulations, as well as analyses of how im-
age resolution and the number of historical screen-
shots affect model performance.

6 Conclusion

In this work, we present TV World, a comprehen-
sive and static interactive resource that fills a criti-
cal gap in remote-control-based TV agent develop-
ment. By providing a unified set of benchmarks, an
effective training framework, and a specialized TV
foundation model, we establish essential building
blocks for studying TV-use agents under remote-
control interaction paradigms. We hope this work
will spur further study of GUI agents in remote-
control settings and catalyze broader research on
this interaction paradigm.

Limitations

This work studies TV-use agents at a practical
model scale representative of current deployable
systems, rather than conducting an exhaustive scal-
ing analysis of substantially larger pretrained mod-
els. While scaling effects are not explored, we
expect the main findings on topology-aware train-
ing and evaluation to generalize beyond model
size. In addition, to support responsible data col-
lection and release, we mask a small number of
sensitive system-level entry points during graph
construction. While a small portion of nodes are
masked, the vast majority are preserved, retaining
the core interaction structure, navigation topology,
and focus-based control dynamics of real-world
TV deployments.
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A Action Set

TVWorld supports 8 discrete button actions. We
further introduce a FINISH action to signal task
completion, resulting in a total of 9 actions in the
action space. The complete action space and their
functionalities are detailed in Table 6.

B Training Setup Details

Stage I (SFT). We randomly sample 500 traces
from the TCL TV navigation graph, yielding 8,490
training instances (6,490 Geodesic Guidance, 1,000
Detour Reflection, and 1,000 Stagnation Escape).
Training uses the official Qwen3-VL codebase (Bai
et al., 2025) with DeepSpeed ZeRO-1, a learning
rate of 1 x 1076, global batch size 64, weight de-
cay 0, and a maximum of 589,824 vision tokens.
Training runs for 5 epochs (about 27 GPU hours).

Stage II (RL). We sample 1,000 traces, result-
ing in 17,825 training instances (11,825 Geodesic
Guidance, 4,000 Detour Reflection, and 2,000
Stagnation Escape). Reward weights are set to
Bropo = 0.95 and Srorm = 0.05. Training is per-
formed with the VeRL framework (Sheng et al.,
2025) and vLLM (Kwon et al., 2023), using a
global batch size of 64, rollout size 8, and 600
optimization steps (about 280 GPU hours).

C Training Data Description

A path from u to g is denoted by p =
(ug, ag,u1, ..., up—1,ar—1,ur) with ug = wu,
ur, = g. Its length is len(p) = L, and II(u — g)
denotes the set of all finite paths from u to g.
We denote the shortest path connected » and ¢

as argmin len(p).
pell(u—g)
Our training data graph G is collected from TCL

TV. We select start—goal pairs (ug, g) and build a
path,

*

P :(USZUU,GB,...,Uizg). (1)

From each timestep ¢ on p*, it can form a training
sample

& = <St, Hy, I), S = S(Uf)a

* *
Ht = (at_(;a, e 7at717 St—5s’ .. .,St_l),

2)

where Sy is the current screenshot, H; concatenates
the last §, actions and dg screenshots, and [ is an
instruction specifying the final goal g.

D Trace-Specific Topology-Aware
Reward Functions

This Appendix section details the trace-specific
topology-aware shaping rewards used in Stage I
For a state—action pair (u¢, a) within a given trace,
the reward is computed from the resulting node v/,
reached after taking action a at u;, by comparing
the graph-based distances d(u’, g) and d(uy, g). In
this way, each reward component reinforces its
corresponding topology-aware behavior through
goal-directed progress.

For Geodesic Guidance Traces, we directly en-
courage topology-consistent progress by favoring
actions that reduce the distance to the goal:

17 d(u/7g) < d(ut7g)7
Rgeo(uta a; g) =402 d(u/,g) = d(ut, g), (3)
0, d(u',g)>d(u,g),

For Detour Reflection Traces, at the revisited
node u;, we preserve the preference for moving
closer to the goal while explicitly discouraging
returning to the previously identified detour branch:

1, du,g) < d(ut,g),

. - 02, d(u',g) == d(’U/t,g),
Rdet(uta a; g) )01, d,g) > d(us,g), aF# atar,
07 d(ul7g) > d(ut7g)a a = Gfar.

“)

For Stagnation Escape Traces, we focus on the

second visit to u; following an invalid key press.

Let aj,y denote the stagnating action. The reward

penalizes repeating a;,y while continuing to shape
behavior toward goal-directed progress:

1, d(u/ag) < d(Ut,g),

v )02, d/,g) =d(ut,9), a# am,

Rsta(utv a; g) o, d(u',g) =d(ut, 9), a = Giny,
0.1, d(v,g) > d(ut,g)

E Distance Families for Topological
Shaping

This Appendix section formalizes several com-
monly used graph-distance functions d(-, g) that
capture the notion of topological proximity and can
be used to construct topology-aware rewards.
Recall that Eqgs. (3-5) reward an action precisely
through how it changes the distance to the goal
node g. Therefore, we introduce a few graph-based
distance families that can serve as d(-, g), using a
unified notation throughout. Let the TV naviga-
tion graph be a labeled directed multigraph G =
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Table 6: The functionality of different actions in TVWorld.

Action ‘ Functionality
uP ‘ move the focus upward
DOWN ‘ move the focus downward
LEFT ‘ move the focus to the left or return to the parent directory menu
RIGHT ‘ move the focus to the right or enter the highlighted item
0K ‘ confirm the current selection or enter a highlighted item
HOME ‘ return to the home screen
EXIT ‘ exit the current page or return to the parent directory menu
SETTING ‘ open the settings screen
FINISH ‘ indicate that the navigation task is completed

(V,E,\) with a transition map 7' : V x A — V,
and let n = |V)|.
Define the adjacency matrix A € R"*" by

Ay £ HCLZ (u7a7v) = g}‘:

so Ay, counts the number of labeled edges from
utow. Let Arey 2 AT, ie., (Arev)uv = Apy. Let
ey € R"™ denote the standard basis vector with a
1 at the coordinate corresponding to node g. In
all experiments, the TV state-transition graph is
strongly connected. Below are four common dis-
tance definitions.

E.1 Shortest-Path Distance

A natural choice is the directed shortest-path dis-
tance
min

len(p),
pEll(u—g) ()

dsp(u, g) =

which measures the minimum number of actions
required to reach the goal node g from state u along
directed transitions.

E.2 Hitting Time
Definition. Let

D = diag(ZAw), P = DA

be the forward row-stochastic random-walk ma-
trix that chooses uniformly among feasible labeled
edges. Make g absorbing by replacing row g of
P with e) (so Pyy =1, Py, = 0 for v # g). Let
g = V\ {g} and write the block Q £ P;; as the
(n—1) x (n—1) submatrix obtained by deleting the
row and column of g in P. The hitting-time vector

hg € R™ is the solution to the Dirichlet problem
with hy(g) = 0 and

hg(u) = 1+2Puvhg(v) foru # g.

Equivalently,
(I-Q)hy(g) =1,  hy(g)=0.
We set
it (u, g) = hg(u).
Interpretation. dy;(u, g) is the expected num-

ber of remote steps required by an uninformed ran-
dom policy to reach g from w. It therefore reflects
exploration difficulty: narrow funnels, dead ends,
and high-branching detours inflate dy,;; even when
dsp, is small (Blum et al., 2020).

E.3 Soft Shortest-Walk

Definition. Let A € R™*" be the adjacency ma-
trix. For a temperature § > 0, define the dis-
counted adjacency

WaePA  zEI-W)TN =) W
k=0

(6)
where we assume p(1¥) < 1 so the Neumann se-
ries converges. We define the soft shortest-walk
distance

1
dsofe(u, g) = 3 10g Zug.- (7
Since (W*),, = e Pk(A¥),,, we have

Zug = Z eiﬁk (Ak)ug = Z eXp(_ﬁ|ﬂ-|)7

k>0 TU—g
®)
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where 7 ranges over all (action-labeled) walks from
u to g and |7| is its length. Therefore, dsof(u, g)
can be viewed as a log-sum-exp relaxation of the
shortest-walk length over all walks.

Interpretation. Let m = min{k > 1

(A¥),y > 0} be the shortest-walk length from u to
g. Then,

dsoe(u,g) = m — % log(Z(Am+t)ug e‘ﬂt) <m. (9)
t>0

Walks that are k steps longer receive at most a
relative weight e =7, so sufficiently longer walks
are exponentially suppressed. In particular, if there
are Ny, = (A™),4 shortest walks and longer walks
contribute little, then dgof(u, g) =~ m — % log Ny,.
Moreover, increasing any entry of A (e.g., adding
edges or increasing counts) can only increase Z,4,
and thus can only decrease dgof(u,g). Finally,
since (A*),, > 0 iff there exists a directed walk
of length k£ from u to g, m equals the directed
shortest-path length from u to g. Hence dgot can
be interpreted as a soft version of the shortest path:
as 3 — 00, dsofi(u, g) — m.

E.4 Personalized PageRank

Definition. Construct the forward row-stochastic
random-walk matrix P = D~'A from the adja-
cency A. For each seed u, the personalized PageR-
ank (PPR) vector p,, € R" solves

Py = ey + (1—a)PTpu

where « € (0, 1) is the restart probability. We then
define the forward PPR distance to target g by

dppr(uag) é 1_pu(g)'

Interpretation. p, denotes the stationary visit
distribution of a random walk on the forward graph
that, at each step, returns to the current-state seed
u with probability . Consequently, p,, can be
interpreted as an exponentially discounted combi-
nation of the ¢-step walk distributions originating
from u, where the contribution of longer walks de-
cays exponentially. In this way, p,(g) reflects the
long-run visitation frequency of node g under an
uninformed exploration process rooted at u, mak-
ing it a measure of proximity (Tong et al., 2006;
Andersen et al., 2006). We then define the dis-
tance dppe(u, 9) = 1 — py(g), so that nodes that
are visited more often are regarded as closer.

F Group-Relative Policy Optimization

This appendix specifies the Group-Relative Policy
Optimization (GRPO) objective used in the sec-
ond stage of Topology-Aware Training (Sec. 4.2),
where the agent is rewarded by topology-aware
rewards derived from the TV navigation graph
(Sec. 4.2.2).

Structured generation and executable interface.
For each training example, the agent takes & =
(St, Hy, I) as input (defined in Appendix C) and
generates a response that includes both a rationale
and a single executable remote-control key:

Ty = 2t <answer> Q¢ </answer>

e ~ mo(re | Se, Hy, I). (10)
The action token a; is then executed in the environ-
ment. Concretely, a response is considered well-
formed if (i) the tags are balanced, (ii) there is
exactly one <answer> span. This makes output va-
lidity a learnable preference signal during training,
without hard-coding a constrained decoder at test
time.

Sampling a group and computing rewards. Fix
the context (S, Hy, I) at node uj. GRPO generates
a group of K candidate responses {r(k)}szl ~ Ty,
extracts their actions {a(*)}, and applies one envi-
ronment step transition to get «/(¥). Each candidate
is assigned two reward components:

R, € {0,1},

(11)
where Ry, is the topology-aware shaping reward
defined in Appendix Sec. D (with trace-specific in-
stantiations such as Rgeo, Rget, Rsta), and Rﬁfr)m =
1iff »*) is well-formed (balanced tags, exactly one
<answer>).

We combine them into a single scalar score,

k *
Rt(op)o = Rtopo(ut ) a(k)§ 9),

R(k) = ﬁtopoRt((fgo + ﬁforngfr)m’ (12)

so that the policy is simultaneously encouraged to
(i) take keys that make measurable progress on the
TV graph and (ii) emit reliably executable outputs.

Group-relative advantages. Unlike value-based
methods, GRPO normalizes scores within the sam-
pled group for the same context:

R®) —

g

AR = : (13)
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where 1 and o are the mean and standard deviation
of {R(k)}szl. This turns raw rewards into a scale-
free, variance-reduced advantage: candidates are
compared only against their peers under the same
(St, Hy, I), which is precisely what we need when
supervision comes from graph transitions rather
than a single reference action.

GRPO objective loss

tokenized as {r
portance ratio

Let the k-th response be
| . Define the per-token im-

) _ mo(ri | 50, H 1,r8)) |
‘ 7T001d< ’St,Ht, ( ))

Tt
GRPO optimizes a clipped surrogate and regular-
izes the policy toward a reference model mr to
prevent uncontrolled drift:

(k)

o 2 clipl™ 1—¢, 14¢€). (14
st 2 min (vf" 4®) ) (15)
£GRPO =E &E~D T Z Z
r0my(le) K G P91 4
— AL KL(7g || 7ref) }-
(16)

The A®*) is computed once for each sampled re-
sponse and then applied to all of its tokens via the
importance ratio. As a result, the update rewards
full generations that (a) stay executable under our
parser and (b) produce a one-step transition that
enhances the topology-based progress signal. This
aligns with the remote-control scenario: what ul-
timately matters is generating a valid key at every
step and making steady progress along the latent
UI graph, while still permitting diverse natural-
language rationales during training.

G Comparison of TV UI Layouts

Fig. 6 provides a qualitative comparison of the UI
layouts of Google TV and TCL TV. The two in-
terfaces differ notably in icon appearance, overall
layout aesthetics, and menu structure. This cross-
platform variation naturally leads to a distribution
shift in UI states, making it a suitable scenario for
evaluating out-of-domain generalization in TV nav-
igation.

H More experiments

Effect of Different Rationale Types. As de-
scribed in Sec. 4.1, we employ three types of step-
level rationales during Stage I training. Table 7
reports an ablation study on text-based navigation
tasks in TVWorld-N. Removing rationale supervi-
sion yields the lowest success rate of 36.8 (exper-
iment (1)). Adding Geodesic Guidance alone im-
proves performance to 42.4 (experiment (2)), while
further incorporating Detour Reflection or Stagna-
tion Escape leads to consistent gains (experiments
(3)—(4)). The best performance is achieved when
all three rationale types are combined (experiment
(5), 46.8). These results indicate that the three ra-
tionale types are complementary, with stagnation
handling playing a particularly important role in
remote-control TV navigation.

Table 7: Ablation of Stage I Rationale Types for Text-
Based Instructions on TVWorld-N. GG, DR, and SE
denote Geodesic Guidance, Detour Reflection, and Stag-
nation Escape, respectively.

‘ Rationale Types | SR

(1) - 36.8
2) GG 42.4
3)| GG&DR | 4238
@) GG & SE 46.4

(5) | GG & DR & SE | 46.8

Effect of Different Distance Metrics. We per-
form an ablation over various distance metrics in
Stage II to examine their influence on training, as
reported in Table 8. Shortest-path, Soft Shortest-
Walk, and Hitting Time yield comparable SR, with
Hitting Time performing marginally better, while
Personalized PageRank (PPR) trails substantially.
We attribute Hitting Time’s modest advantage to
its definition as the expected first-arrival time un-
der random walks, which yields a more globally
informative topological signal than metrics based
solely on shortest paths. By contrast, PPR incorpo-
rates a restart mechanism that effectively assumes
a certain probability of “teleportation” back to the
starting point, a behavior that does not align with
TV Ul interaction patterns (e.g., after pressing HOME
from a deep page, returning to the same deep state
is often non-trivial); as a result, the induced dis-
tance signal conflicts with the TV interaction logic,
leading to a pronounced drop in performance.
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Table 8: Ablation of the distance metric in the Stage II
on TVWorld-N.

. . SR
Distance Metric text-based  vision-based
Shortest-path 66.4 67.2
Soft Shortest-Walk 65.6 68.4
Personalized PageRank 60.8 59.2
Hitting Time 67.2 68.8

Effect of Topology-Aware Reward Design. As
introduced in Sec. 4.2, we employ trace-specific re-
ward designs in Stage II, assigning different reward
functions to different trace types. The detailed for-
mulations are provided in Appendix D. As a base-
line, we adopt the reward design used for Geodesic
Guidance traces as a standard reward, denoted as
Rga(ut, a; g), which assigns rewards solely based
on changes in the distance to the goal:

L d(u',g) <d(us,g),

g
RStd(ut7 aﬂg) = {027 d(u 79) = d(ut7g)7
07 d(u/7g) > d(ut7g)7

an

Table 9 compares the standard reward with our pro-
posed topology-aware reward. Across both text-
and vision-based instructions, topology-aware re-
wards consistently yield higher success rates. This
result indicates that incorporating trace-specific
topology signals provides more fine-grained re-
ward guidance, enabling the agent to learn stronger
topology-aware navigation behaviors.

Table 9: Ablation of the reward design in the Stage II
on TVWorld-N.

. SR
Reward design ‘ text-based  vision-based
standard reward 64.0 67.6
topology-aware reward 67.2 68.8

Effect of the Per-Image Visual Token Limit. In
our default setting, each input image is resized to
1024 x 576, corresponding to 576 visual tokens af-
ter processing by our model. Fig. 4 reports model
performance under different per-image visual to-
ken limits. Increasing the token limit from 288 to
576 yields a substantial performance gain for both
text-based and vision-based instructions, indicating
that sufficient visual capacity is crucial for captur-
ing salient UI details. Beyond this point, further
increasing the token limit brings slight degradation,
suggesting diminishing returns and potential noise
introduced by overly fine-grained visual represen-
tations.

SR
75 7
=0O— text-based
=}~ vision-based
70
—]
O oy
65 i TTO0-—__
] / - i
/ =0
/
/
604 /
]
d
55 1
288 576 1152 2304

Max Visual Tokens

Figure 4: Model performance on TVWorld-N under
different visual token budgets.

Effect of the Number of Historical Screenshots.
TV navigation inherently involves long-horizon in-
teractions, while screenshots introduce a substan-
tial number of visual tokens, making it imprac-
tical to retain all historical screenshots as model
input. In our default setting, we retain 4 historical
screenshots. Fig. 5 illustrates the effect of vary-
ing the number of historical screenshots on model
performance. We observe that using 4 historical
screenshots yields the best performance, while both
increasing and decreasing this number lead to per-
formance degradation.

SR

=0~ text-based
72.5 4 |== vision-based

75.0

70.0 4

67.5

65.0

62.5 4

60.0 1

57.5 1

1 2 4 6

# Historical Screenshots

Figure 5: Model performance on TVWorld-N under
different numbers of historical screenshots.

Detailed Results on TVWorld-N. Table 10
reports the detailed results of TVTheseus on
TVWorld-N.
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Table 10: Detailed results of 3 independent runs of TVTheseus on TV World-N.

Setting  Instr Type  Config Display Audio Apps Channels Overall
Turn 1 text-based 36.0 64.0 88.0 76.0 72.0 67.2
4 vision-based  64.0 54.0 64.0 84.0 78.0 68.8
Turn 2 text-based 40.0 52.0 88.0 68.0 72.0 64.0
vision-based  58.0 64.0 480 82.0 84.0 67.2
T 3 text-based 48.0 72.0 82.0 68.0 84.0 70.8
U2 Vision-based 660 640  62.0 820  86.0 72.0
A text-based 41.3 62.7 86.0 70.7 76.0 67.3
V& yision-based 627 607 580 827 827 69.3

I Case study

TVWorld Environment. Fig. 7 shows a case
study on focus-based TV navigation for the instruc-
tion “Go to External Inputs—HDMI 3,” comparing
TVTheseus (topology-aware trained) with Qwen3-
VL-8B-Instruct (untrained baseline) from the same
initial UI state. TVTheseus plans a coherent se-
quence that navigates the settings hierarchy into Ex-
ternal Inputs, shifts focus step-by-step to HDMI 3,
and ends with FINISH; when a key press causes no
state change, it adapts by trying alternative actions
instead of repeating the ineffective one, demonstrat-
ing reliable topology-aware planning. In contrast,
the untrained model repeatedly issues actions with
no transitions, stays near the initial state, and shows
limited understanding of focus-based UI dynamics
and global planning.

Physical Environment. Fig. 8 showcases a case
study of TVTheseus on a physical Google TV. No-
tably, TVTheseus completes the task via a sequence
of 17 real-world interactions, thereby validating its
transferability to physical environments.

J Training Data Example

We present three categories of topology-priming
SFT training data: Geodesic Guidance in Fig. 9,
Detour Reflection in Fig. 10, and Stagnation Es-
cape in Fig. 11. Each instance contains chain-of-
thought reasoning, records of past actions, and both
historical and current page screenshots.

K Responsible NLP Research
Considerations

K.1 Potential Risks

If deployed on real devices, agents trained with
TVWorld could be exploited to automatically ac-

cess and change privacy- or account-related set-
tings (such as permissions, parental controls, or
password options), potentially causing privacy or
security harms. We partly reduce this risk by mask-
ing a limited set of sensitive entry points during
graph construction and release, and we advise us-
ing access controls and explicit user confirmation
for any deployment on real devices.

K.2 Intended Use & Artifact Use

TVWorld (and TVWorld-N/TVWorld-G) and
TVTheseus are intended for research on focus-
based remote-control TV navigation, including
controlled training and benchmarking of agents
in an offline, replayable environment. They are
not intended for deployment on unauthorized con-
trol of devices, or attempts to access restricted
system functions. We use existing models and
tools strictly in accordance with their intended re-
search/benchmarking usage and applicable terms;
we do not provide the system with any personal
user data. We recommend that any derivatives of
the released assets remain limited to research con-
texts.

K.3 AI Assistants Elaboration

In this work, we employed Al assistants strictly
as supporting tools for tasks including grammar
correction, language refinement, and logo image
generation. The authors thoroughly evaluated and
revised all outputs provided by these tools and re-
tain complete responsibility for the accuracy, in-
tegrity, and content of the final manuscript.

K.4 Ethics and Reproducibility Statement

We study offline, replayable TV-navigation agents
using TVWorld/TVTheseus, constructing static
graphs and screenshots to support reproducible
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evaluation. =~ We have checked that the col-
lected/used data do not contain any personally iden-
tifiable information, including identifiable personal
names, and do not include any private or sensitive
user information. All external datasets, models,
and tools used in this work are properly cited and
employed in full compliance with their licenses,
terms, and intended-use policies. As such, we do
not anticipate potential ethical risks arising from
the dataset or experimental protocol. To further
support transparency and reproducibility, we pro-
vide the codebase and a subset of data resources
as illustrative examples, and we will open-source
the full dataset and related resources on public plat-
forms such as GitHub and/or Hugging Face under
the CC BY 4.0 license.
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Figure 6: Comparison of Ul style between two different TV models: Google TV and TCL TV.
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Task: Go to External Inputs-HDMI 3

TVTheusis

Brightness

The user instruction fargets \"External Inputs-HDMI 3\", which is unrelated to
the current \"Brightness\" settings menu, indicating the need o leave this
specific submenu. Since the current focus is deep within the brightness options
(Micro Contrast), pressing EXIT is the most direct way fo backtrack out of this
menu structure and navigate fowards the main input settings.<answer>EXI T
answer>

Settings Channels & Inputs

The current focus is on 4 Channels & Tnputs\" in the left sidebar of the
Settings menu, which need® to be entered to access the \"External Inputs\"
section visible on the right ®ressing RIGHT will move the f
into the detailed opfns panel on the right side of 'hz

from the.

Channels

EEEEEa,,
“aaa,

The current focus is on \"Channels\" within the \"Channels & Inputs\" menu,
but the farget destination is \"Externa which is located directly
below the
Tnputs,\" allowing access to the HDMI seftings <answersDOWN¢/answer>

nt selection. Pressing DOWN will move the focus to \"External

External Inputs HDMI 3

The current focusis n \'HDME 31" within the \"Extecral Inputs\” menu,
which matches the target destination. Since the desired item is
highlighted, pressing FINISH confirms that the navigation goal has been
>FINISH/answer>

successfully reached

‘Y Qwen3-VL-8B-Instruct

Brightness

@ISO o

To navigate from \"Settings-Display & Sound-Picture-Brightness-Micro
Contrast\" to \"External Inputs-HDMI 3,\" T need fo exit the current
brightness settings page and go back to the main settings menu. The \"Micro
Contrast\" option is currently selected, so pressing the BACK button (which is
represented by the LEFT button in this context) will take me out of this
submenu and closer to the main settings menu where I can find the \"External
Tnputs\" section \n\nanswer>LEFT</answer>

Figure 7: Case study comparing TV navigation trajectories before (Qwen3-VL-8B-Instruct) and after topology-

aware training (TVTheseus).

Home “ Home
PR T S gy
J = LN N R

XXX X

The previous DOWN press did not change®he screen, indicating it was
neffective for navigating away from the clirrent Home launcher view. Since
the target \"External Inputs\" is likely locdted within the system settings

menu rather than the app gri

en the general configuration options.canswe

The user is currently on the Home screen with the focus on the TV icon, but
the target destination is within the \"Seftings\" menu structure. Since the
\"Settings\" option (represented by the gear icon) s located in the middle-
right area of the current grid layout, pressing DOWN s necessary o navigate.
towards it.canswer>DOWN/answer>

pressing SETTGNG is a reasonable next move to

TTING</answer>

The previous RIGHT press did not cha ndic
inef fective for navigating this overlay. Since the v lnp\ns\" option s visible
within the settings panel, pressi
Inputs menu and progre selecting HDM 3.canswer>OKs/an:

g it was The current screen displays the \"All settings\" quick menu overlay, which
contains direct access to system configurations. The target destination is
\"External Inputs-HDMI 3\", and the \"Inputs\" option is clearly visible within
this menu, making it the logical next step to select.canswersRIGHT</answer>

K is a reasonable next move to enter the

External dev
control (CEC)

Channels & Inputs External Inputs

\" which contains the target options The user wants to navigate tg \"HDMI 3\" within the \"External Inputs\"

the ght-hand list menu, but the current focus igon \"External devices control (CEC)\" o the top
ated, allowing the user fo subsequently select of the list. Since the farget itggn \'HDMI 3\" is located further down the list
sing DOWN is require ocus towards it.<answer>DOWNL/

s info t

fu

where \"HDMI 3\" is

it.<answersRIGHT</answer>

External Inputs HDMI 2 HDMI 1

ansm =

uunin

The current focus is on \"HDM 2\" within the External Inputs menu, but the The current focus is on \"HDMI 1\" in the External Inputs menu, but the
farget destination is \"HDMI 3\". Since \"HDMI 3\" is located ly below farget destination is \"HDMI 3\". Since \"HDMI 3\" is located further down

rrently selected item in the list, pressing DOWN will the list igh the items towards the
er>DOWN:/answer> farget sclection sanswer-DOWN«/answer>

ocus to

correct farget.<ans

Brightness

<answersLEFT</answer> <answersLEFT</answer>
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Task: Go to HDMI 1-Game Console

« TVTheusis

Device Lock

current screen displays the \"Device Lack\" toggle switch, which is an
unrelatedsettingfor the frget desinaion VHDME 1-Gane GoraileX” ressng

T il move the focus out of thi speific option ar rvigate back o the main
menu structure there gznzmlmsphy or input seftings can be.
found.<answer>LEF T</answer

Settings

The target \"HDMI 1\" is likely located within the \"Channels & Inputs\"
section, which is positioned above the currently focused \"Accounts & Profiles\"
item. Therefore, pressing UP is necessary to navigate fowards the \"Channels
Inputs\" menu option.<answer»UP</answer>

Settings Channels & Inputs

The current focus is on \"Channels & Inputs\" in the Settings menu, and the

right ponel diploys it ai-optios includrg \External Tnpts " ressing
RIGHT will move focus into his mer orec, llowing access to npat-specifi
settings where \"HDMI 1\" can be selected <answe r»k[’» {T</answ

External Inputs External devic
control (CEC)

Privacy

The current screen s the \"Privacy\" menu where the focus is on \"Device
Lack,\" but the farget IHDME L:Game Consile\* s lkely located in.a cfferent
mai category such os \'Dispay " or \'Input:\" Therefare, pressing LEFT
necessary o navigate out of the current sub-menu back to the parent settings
whare other aptions can be selocted <aniwersLEF T4 anowero

Settings rk & Inter

The current focus s on \"Network & Infernet\", but the farget destination

involves HDMT connections which are typically found under \"Channels &
puts\". Since \'Chamels & Tnputs " s lcated dirctly above the curent

selection in the menu list, pressing UP will shift the focus fo the c

category <answersUP</answer

Channels & Inputs Channels

The current focus is on \"Channels\" within the \"Channels & Inputs\" menu, but
the target \"HDMI 1\" is located under the \"External Inputs\" section,

Therefore, pressing DOWN is required to move the focus from \"Channels\" to
\"External Tnputs\" to access the relevant inp
settings <answersDOWN</ans:

External Inputs. HDMI 1

Settings Privacy

TM current focus is on \"Privacy\" within the main Settings menu, but the
+ destination \"HDMI 1-Game Console\" is likely located under an option
e \'Disply & Sound\" or \"System\". Since \1Display & Sound\" s visble
rectly above the current selection, pressing UP is necessary fo navigate
towards that category<answer>UP</answer>

Settings

The target \"HDMI 1-Game Console\" is typically located within the \"Channels
&Trputa\’ men, whichis positioned above the curently focused \'Disply &
Sound\" option. Therefore, pressing UP is necessary fom s

VDisplay & Sounch 1o \-Channels & Tnputs\: canswersUF

Channels & Inputs External Inputs

The current focus is on \"External Tnputs\" within the \"Channels & Inputs\"
menu, and the target \"HDMI 1\" i visible in the submenu to the right. Pressing
RIGHT will move the focus from the main menu item into the list of external
inputs, allow 1t selection of \"HDMI 1\".«answer>RIGHT</answer>

HDMI 1

The current focus is on \"External devices control (CEC)\" within the \"External

Inputs\" menu, but the farget \'HOMI 1\" is the ﬂrsv item in the list below it.
/N will move the tion from CEC to \"HDMI 1\", which is the

specific entry requested by the user instruction<answerDOWN¢/answer>

HDMI 1

Since the target \"Game Console\" is located further down in the list, pressing
WN s a reasonable next move fo shift the focus away from the currently
selected item and owards the desired option.<answer>(

OWNe/answer>

The cuent focus s on \"HDM 1\" i the left sidebar, and the right panel
displays the configuration options for the currently selected input. To change
the seting from \"Cable\" fo \"Game Console\" as requested, h

navgate info the input select
RIGHT.«an mRIGHT</answer>

v must
area, which requires moving the focus

HDMI 1

The current focus is on \"Blu-ray\" within the HDMI 1 settings menu, and the
farget \"Game Cnm\e\" is located further down the list. Therefor
DOWN is required to nay hrough the options towards the
destination <answer>DOWRI/answe

re, pressing

HDMI 1

The current focus is on \"DVD\" within the HDMI 1 menu, and the target item
\"Game Console\" is located divectly below it. Pressing DOWN will move.the
selection from \'DVD\" fo \"Game Console\", positioning the user at the desired
destination <answer>DOWN</answer>

irrent screen shows the \"HDMI 1\" menu with the \"Game Console\"

opmn aeady ighlghted, which matches mn.m\ targeh of the user
instruction. Since the
foindicate con

d item is selected omect action
e task is FINTSH <answersFINESHe/anow

letion of

The current focus is on the \"Show this input\" toggle at the top of the HOMT 1
sertings,whle the turgetapton \'Game Corml! s cated near the bottu of
the list. Navigating down allows the user to cycle through the list items a

reach \"Game Console\". Therefore, pressing DOWN i fhe correct action fo
move fowards the target selection<answersDOWN</ans,

HDMI 1

The current focus is on \"Cable\" within the HDMI 1 menu, and the target
option \"Game Console\" is located wo items below the current selection.

Therefore, pressing DOWN is necessary fo move the focus fowards
ifem answersDOWRK/answer

target

Figure 8: An illustration of TVTheusis controlling a physical TV set.
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Geodesic Guidance Data Example

[
{

"conversations": [

"from": "human",

"value": "You are a TV GUT agent. You are assigned a navigation task where you need to locate a specific
page. Given your action history and the corresponding screenshots, determine the next remote control input
required to accomplish the task.\n\n## Available Remote Control Buttons\nUP  # Move the focus
upward\nDOWN  # Move the focus downward\nLEFT  # Move the focus to the left or return to the parent
directory menu\nRIGHT # Move the focus to the right or enter the highlighted item\nOK  # Confirm the
current selection or enter a highlighted item\nHOME  # Return to the home screen\nEXIT # Exit the current
page or return to the parent directory menu\nSETTING # Open the settings screen\nFINISH # Indicate that
the navigation task is completed\n\n## Note\n- For each step, choose one button from the list of available remote
control buttons to execute.\n- You may include your reasoning, but your final chosen button must be wrapped in
<answer></answer>. e.g., <answer>UP</answer> \n\n## User Instruction\nSwitch to Settings-Bluetooth-Second
device of the Available device.\n",

"mask": O

),

{
"from": "human",
"value": "<image>",
"mask": O

),

{
Ilfromll: "gPT",
"value": "<answersHOME</answer>",
"mask": 0

)

{
"from": "human",
"value": "<image>",
"mask": O

),

{
Ilfromll: IlngII’
"value": "<answer>sSETTING</answer>",
"mask": O

)

{
"from": "human",
"value": "<image>",
"mask": O

},

{
llfromll: Ilngll’

"value": "The current focus is on the \"Settings\" icon (gear symbol) within the quick settings overlay,
which serves as the gateway to the full system configuration. Pressing OK will open the main Settings menu, allowing
access to the Bluetooth options required by the user instruction.canswer>OK</answer>",

"mask": 1

}

image": [
"/image/screenshot_20251021000906787.png",
"/image/screenshot_20251020185130340.png",
"/image/screenshot_20251020185144908.png"

]

]

ype:

Figure 9: Example training data for Geodesic Guidance Traces.
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Detour Reflection Data Example

[
{

"conversations": [

"from": "human",

"value": "You are a TV GUI agent. You are assigned a navigation task where you need to locate a specific
page. Given your action history and the corresponding screenshots, determine the next remote control input
required to accomplish the task.\n\n## Available Remote Control Buttons\nUP # Move the focus
upward\nDOWN  # Move the focus downward\nLEFT  # Move the focus to the left or return to the parent
directory menu\nRIGHT # Move the focus to the right or enter the highlighted item\nOK  # Confirm the
current selection or enter a highlighted item\nHOME  # Return to the home screen\nEXIT # Exit the current
page or return to the parent directory menu\nSETTING # Open the settings screen\nFINISH # Indicate that
the navigation task is completed\n\n## Note\n- For each step, choose one button from the list of available remote
control buttons to execute.\n- You may include your reasoning, but your final chosen button must be wrapped in
<answer></answer>. e.g., <answer>UP</answer>.\n\n## User Instruction\nStart on Settings-About-TV Name, then
navigate to Settings-Image-White Balance-Restore the 2-point default value using the remote buttons.\n",

"mask": 0

L

{
"from": "human",
"value": "<image>",
"mask": 0

L

{
"from": "gpt",
"value": "<answersLEF T</answer>",
"mask": 0

I3

{
"from": "human",
"value": "<image>",
"mask": 0

I3

{
Ilfr‘omll: Ilgp.rlll
"value": "<answer>UP</answer>",
"mask": 0

L

{
"from": "human",
"value": "<image>",
"mask": 0

L

{
Ilfr‘omll: Ilgp,rlll
"value": "<answer>DOWN«</answer>",
"mask": 0

L

{
"from": "human",
"value": "<image>",
"mask": O

L

{
Ilfromll: Ilng",

"value": "The previous UP action navigated from the About section to the Customization menu, which led
away from the target Image settings, and the subsequent DOWN action returned the focus to the About section.
Since moving UP previously caused a deviation, repeating that action should be avoided on this screen. Instead,
pressing DOWN again is a reasonable move to continue scrolling through the sidebar options in search of the Image
settings.<answer>DOWN</answer>",

"mask": 1

}

],

"image"l [
"/image/screenshot_20251020185728880.png",
"/image/screenshot_20251020185234116.png",
"/image/screenshot_20251020185700845.png",
"/image/screenshot_20251020185234116.png"

L
"type": "BackNode"

Figure 10: Example training data for Detour Reflection Traces.
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Stagnation Escape Data Example

[
{

"conversations": [

“from": "human",

"value": "You are a TV GUI agent. You are assigned a havigation task where you need to locate a specific
page. Given your action history and the corresponding screenshots, determine the next remote control input
required to accomplish the task \n\n## Available Remote Control Buttons\nUP  # Move the focus
upward\nDOWN  # Move the focus downward\nLEFT  # Move the focus to the left or return to the parent
directory menu\nRIGHT # Move the focus to the right or enter the highlighted item\nOK  # Confirm the
current selection or enter a highlighted item\nHOME  # Return fo the home screen\nEXIT  # Exit the current
page or return to the parent directory menu\nSETTING # Open the settings screen\nFINISH # Indicate that
the navigation task is completed\n\n## Note\n- For each step, choose one button from the list of available remote
control buttons to execute.\n- You may include your reasoning, but your final chosen button must be wrapped in
<answer></answer>. e.g., <answer>UP</answer>\n\n## User Instruction\nSwitch to Settings-General-Quick
instructions-Red key binding.\n",

"mask": O

},

{
"from": "human",
"value": "<image>",
"mask": 0

1

{
llfr‘omll: llgp?lll
"value": "<answer>OK</answer>",
"mask": 0

L

{
"from": "human",
"value": "<image>",
"mask": O

3

{
llfr‘omll: llnglll
"value": "<answer>RIGHT</answer>",
"mask": 0

I3

{
llfromll: "humﬂn",
"value": "<image>",
"mask": O

},

{
llfr‘omll: l'gpf"’

"value": "The previous RIGHT press did not change the screen, indicating it was ineffective for navigating
out of the current \"Image\" settings menu. Since the goal is to reach \"General\" settings, which is a different
category in the left sidebar, pressing LEFT is a reasonable next move to return focus to the sidebar so a different
category can be selected.canswer>LEFT</answer>",

"mask": 1

}

1,

Ilimage": [
"/image/screenshot_20251020224717471.png",
"/image/screenshot_20251020211652371.png",
"/image/screenshot_20251020211652371.png"

1
"type": "SelfloopNode"

Figure 11: Example training data for Stagnation Escape Traces.
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