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Abstract

Autonomous GUI agents have achieved near-
perfect task completion on touchscreen bench-
marks by tapping directly at target coordi-
nates. However, smart televisions, game con-
soles, and set-top boxes require users to nav-
igate with a directional pad (D-PAD), turn-
ing element selection into a planning problem
over an unknown focus-transition graph. We
study autonomous task completion on stream-
ing TV devices, where an agent navigates 68
streaming applications using only D-PAD in-
puts to perform four tasks: login, reaching
subscription plans, content search, and set-
tings navigation. We formalize this setting
as a partially observable Markov decision pro-
cess and compare two architectures using three
open-weight vision-language models (Google
Gemma 3 at 4B and 27B parameters, and Al-
ibaba Qwen3-VL at 235B): (i) a VLM that
maps screenshots directly to D-PAD actions,
following the paradigm that dominates current
benchmarks, and (ii) a system that maintains
an explicit model of focus transition dynamics
via Bayesian belief updates and graph-based
path planning. The dynamics-aware system
improves login success for every model tested,
by a mean of 8.8 percentage points, and for the
Gemma models its relative advantage widens
on tasks requiring extended navigation. The
benefit is inverse to model scale, ranging from
16.2 points for the 4B model to 2.9 points for
the 235B model. A 4B model with dynamics
awareness (32.4%) outperforms a 27B model
without it (26.5%), indicating that transition
knowledge can outweigh a 6.75× increase in
model parameters.

1 Introduction

When a person picks up a television remote and en-
counters an unfamiliar streaming application, they
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adapt within seconds. They press the down arrow,
observe the highlight moving to the element below,
and immediately form a prediction: pressing down
again will likely continue in the same direction. If
the prediction is violated (the focus jumps to a side-
bar, or wraps around to the top), they update their
mental model. Within a minute, they have internal-
ized enough of the interface’s transition dynamics
to navigate purposefully.

What exactly is this person learning? Not what
a login button looks like. Not the goal of their
task. They are learning how this specific applica-
tion responds to directional inputs: which elements
connect to which, and where focus travels for each
button press.

The dominant paradigm for GUI agents treats
this as a visual question-answering problem: given
a screenshot, output the action that leads toward
the goal. On touchscreen devices this paradigm
works well, because reaching any visible element
is a single tap at its coordinates. Recent systems
achieve 94–100% on AndroidWorld (Rawles et al.,
2025): askui’s VisionAgent reaches 94.8% with
a single model and zero fine-tuning (askui, 2025),
and Minitap achieves 100% through multi-agent
decomposition (Favreau et al., 2026). On the desk-
top, OSWorld (Xie et al., 2024) has seen similarly
rapid progress, with leading systems now exceed-
ing the reported human baseline. The challenge on
these platforms is largely perceptual: identifying
which element to interact with.

Television interfaces are fundamentally differ-
ent. A typical directional-input remote has seven
buttons: four directional arrows, select, back, and
home. Reaching a visible element requires travers-
ing an unknown graph of focus transitions through
a sequence of directional presses. The agent can
see the target element on screen, but seeing it is in-
sufficient. It must predict or discover the sequence
of inputs that moves focus from its current posi-
tion to the target. This transforms the problem



from classification into sequential planning under
uncertainty, and planning requires a model of the
environment’s dynamics.

This problem arises concretely in streaming ap-
plication certification, where applications must
pass functional tests before publication to users.
Manual testing with physical remotes is expensive
and slow; application-specific scripts break when-
ever an interface changes. Automating certification
requires an agent that navigates arbitrary appli-
cations it has never seen before, with unknown
layouts, unknown focus behavior, and unknown
login flows.

Contributions. (1) We formalize D-PAD navi-
gation as a POMDP with three layers of partial
observability and show that touchscreen agent ar-
chitectures fail in this setting (§3). (2) We describe
a deployed system combining VLM reasoning with
explicit dynamics modeling: an AOSP-derived tran-
sition prior, Beta-Binomial belief updates, and A*
path planning (§4). (3) We compare this system
against a vision-only baseline using three open-
weight VLMs from two model families across 68
applications and four tasks on physical devices (§5).
(4) We show that dynamics knowledge provides
consistent improvements regardless of model fam-
ily or scale, and that a 4B model with dynamics
outperforms a 27B model without.

2 Related Work

The study of autonomous GUI agents sits at the
intersection of several research threads that have
evolved substantially over the past decade.

From reinforcement learning to language
model agents. Early work on GUI automation
framed the problem as reinforcement learning. An-
droidEnv (Toyama et al., 2021) provided an RL
environment for Android, and Humphreys et al.
(2022) demonstrated data-driven computer control
using behavioral cloning from human demonstra-
tions. These approaches required extensive interac-
tion data and struggled to generalize across applica-
tions. The advent of large language models shifted
the paradigm: rather than learning policies from
scratch, agents leverage the broad world knowl-
edge of pretrained models. SeeAct (Zheng et al.,
2024) demonstrated that GPT-4V could navigate
real websites in a zero-shot setting when properly
grounded, and Mind2Web (Deng et al., 2023) estab-
lished benchmarks for web navigation with cached

environments. This transition from learned policies
to prompted reasoning is now the dominant ap-
proach, with top systems relying on frontier VLMs
with no task-specific training.

Benchmarks and their saturation. OSWorld
(Xie et al., 2024) introduced a scalable desktop
environment supporting 369 tasks across Ubuntu,
Windows, and macOS with execution-based evalua-
tion. AndroidWorld (Rawles et al., 2025) provided
a dynamic mobile benchmark with 116 parame-
terized tasks across 20 real applications, where
reward signals derive from system state rather than
text matching. Both have been rapidly saturated:
on AndroidWorld, multiple systems exceed 97%,
and Minitap achieves 100% (Favreau et al., 2026).
OSWorld has seen comparably rapid progress,
with successive leaderboard updates showing large
jumps in reported success rates. Critically, ev-
ery top-performing system uses touch or mouse
interaction, where transition dynamics are trivial.
Until recently, no benchmark evaluated agents on
directional-input interfaces where transition dy-
namics are nontrivial.

Directional-input and TV agents. Concurrent
work addresses this setting: TVWorld (Ma et al.,
2026) builds an offline graph abstraction of TV nav-
igation with benchmarks and a specialised model,
and TVAgent (Liu et al., 2026) a lightweight vision-
language model for TV interfaces. Agent+P (Ma
et al., 2025) is the closest touchscreen analogue of
our planner, modelling transitions as a UI Transi-
tion Graph for symbolic planning. These systems
plan over a graph built offline or during training;
we construct it from the current screen and correct
it online, which is what allows previously unseen
applications without a per-application model.

Architectural paradigms. Our survey of top
AndroidWorld agents reveals two dominant
paradigms. The first comprises single VLM agentic
loops: askui’s VisionAgent achieves 94.8% with a
single model, screenshot-only input, and zero fine-
tuning (askui, 2025). The second comprises multi-
agent frameworks with specialized roles: Mini-
tap orchestrates six agents via task decomposition,
with ablation studies showing that decomposition
alone contributes +21 points over a single-agent
baseline (Favreau et al., 2026). Trained models
such as UI-TARS-2 (ByteDance Seed, 2025) use
reinforcement learning with proximal policy opti-
mization for end-to-end agent training. A notable



finding is that most top agents use zero training or
fine-tuning: architecture and prompt design domi-
nate over model training for touch interfaces. None
of these systems models transition dynamics, be-
cause on touch interfaces the mapping from an
action to its target is direct.

Modular design and visual grounding.
UGround (Gou et al., 2025) advocates mod-
ular GUI agent design: a monolithic model is
unlikely to capture all environmental complexities,
so planning should be separated from grounding.
They train a universal visual grounding model on
10M web elements that generalizes across plat-
forms. SeeClick (Cheng et al., 2024) demonstrates
that grounding can be trained from synthetic data.
Our architecture follows this modular philosophy,
but the specialized module is temporal (predicting
focus transitions) rather than spatial (mapping
descriptions to coordinates).

World models for GUI navigation. The WMA
Web Agent (Chae et al., 2025) trains a world model
to predict next observations for web navigation
and plans against it. We share that premise, and
like it we consume structured observations: the
AOSP focus algorithm we build on is defined over
view-hierarchy geometry. What differs is the role
the model plays. In a browser any visible element
can be clicked directly, so predicting transitions
refines an action that is already available. Under
directional input an element cannot be addressed
directly at all and must be reached by a traversal,
which makes a transition model a precondition for
acting rather than a refinement of one.

Open-weight vision-language models. We
evaluate Google’s Gemma 3 (Gemma Team, 2025),
providing efficient multimodal models from 4B
to 27B parameters designed to run on consumer
hardware, and Alibaba’s Qwen3-VL (Qwen Team,
2025), offering strong spatial grounding and
GUI understanding at 235B parameters. Using
open-weight models enables full reproducibility of
our experimental results.

3 Problem Formulation

3.1 D-PAD Navigation as a POMDP

We model the problem as a POMDP
〈S,A,O, T,R, γ〉. The state S captures the
full application configuration (screen, focused
element, internal state). The action space consists

of D-PAD directions plus text input:

A = {UP, DOWN, LEFT, RIGHT,

CENTER, BACK, TEXT(v)}

Observations combine a screenshot Ov and an ac-
cessibility tree Os (possibly empty). The transition
function T is unknown, reward is sparse (1 on task
completion), and γ = 1.

3.2 Three Layers of Partial Observability

Sensory. Screenshots show everything but en-
code no structure. Accessibility trees provide meta-
data (element types, bounds, focus state) but are
incomplete for WebView or Canvas applications,
which in the limiting case expose a single opaque
container node with no focusable children.

Transitional. Android defines a default Focus-
Finder algorithm scoring candidates by:

score(es, ec, d) = 13 ·∆2
major + ∆2

minor (1)

where ∆major is edge-to-edge distance along the
navigation direction and ∆minor is perpendicular
center distance. The 13× weight favors elements
directly ahead, with beam-overlap providing prior-
ity. This prior is correct for ∼80% of transitions
but apps routinely override it with custom focus
handling.

Task-structural. The instruction names a termi-
nal condition (“log in”) rather than a procedure. It
does not enumerate the intermediate screens, spec-
ify which field to complete on each, or indicate how
many steps remain, so the agent must infer this la-
tent subgoal structure online and revise it as new
screens appear. This layer is not specific to direc-
tional input. High-level instructions that must be
decomposed into multi-screen action sequences are
the standard formulation in web and desktop GUI
agent benchmarks (Deng et al., 2023; Zheng et al.,
2024; Xie et al., 2024), and hierarchical planning
failures are a recognised source of long-horizon
agent error. We list it not as a novel observation but
because it compounds with the two layers above:
an agent that misjudges which subgoal it is pur-
suing will also misjudge which element to move
toward, and under directional input that error costs
an entire multi-step traversal rather than one mis-
placed tap.



3.3 Why Touchscreen Solutions Fail

On touchscreens, reaching element ej is one action:
TAP(xj , yj). On D-PAD interfaces, it requires solv-
ing a shortest-path problem on the unknown focus
graph G = (V,E). The agent must either explore
to discover G, predict it from a prior, or navigate
without any model.

4 System Design

We compare two systems using the same VLM
for task reasoning but differing in within-screen
navigation.

4.1 Vision-Only Baseline

A VLM in an agentic loop: capture screenshot,
send to VLM with task description and conversa-
tion history (last 10 pairs), receive a single D-PAD
action, execute. Limited to 40 steps per attempt.
Representative of systems achieving 94–100% on
AndroidWorld.

4.2 Dynamics-Aware System

Our proposed system separates high-level task rea-
soning from low-level navigation planning. The
VLM receives structured element representations
(identifier, type, text content, bounding box, and
focus state) rather than raw screenshots, and selects
a target element along with an action type such as
focus or text entry. This structured input reduces to-
ken consumption by approximately 3× compared
to screenshot-based conversations.

Once a target element is selected, the POMDP
engine plans and executes the D-PAD sequence
to reach it (Algorithm 1). The engine maintains
a directed graph where each edge carries a Beta-
Binomial belief distribution over the probability
that pressing a given direction from one element
moves focus to another. Edges are initialized from
the AOSP FocusFinder prior (α=2, β=1 for pre-
dicted transitions, α=1, β=2 otherwise), giving a
starting probability of 0.67 for predicted edges. The
engine then finds the shortest path via A* search
with edge costs equal to 1/Pedge. This cost is a
heuristic ordering rather than an expected number
of attempts: an unexpected transition moves focus
elsewhere instead of leaving the agent able to retry
the same edge, so 1/Pedge should be read as penal-
ising low-confidence edges, not as a calibrated retry
count. After each executed action, the system ob-
serves which element actually received focus and
updates the relevant belief parameters: if pressing

Algorithm 1 POMDP Navigation Engine

Require: Elements {e1, . . . , en}, focused ef , tar-
get e∗

1: Build graph G using AOSP FocusFinder
(Eq. 1)

2: Init beliefs: α=2, β=1 (predicted); α=1, β=2
(others)

3: path← A*(G, ef , e
∗, cost=1/Pedge)

4: if path found and minPedge ≥ τ then
5: Execute path; update beliefs from each ob-

servation
6: else
7: Execute least-attempted direction; update

beliefs
8: end if
9: return current focus element

direction d from ei lands on the predicted ej , incre-
ment αd

ij ; otherwise increment βdij and increment

αd
ik for the transition ei

d−→ ek that was actually
observed. This conjugate update converges quickly,
typically requiring only 2–3 observations to correct
an incorrect prior.

P (ei
d−→ ej | obs) =

αd
ij

αd
ij + βdij

(2)

When path confidence falls below threshold
τ = 0.27, the engine switches to exploration mode,
executing the least-attempted direction to gather
new observations. When the accessibility tree is
degenerate (fewer than 2 focusable elements), the
system falls back to vision-only mode identical to
the baseline.

5 Experiments

5.1 Setup

We evaluate on 68 streaming applications on phys-
ical streaming TV devices with confirmed email-
and-password login paths and usable test creden-
tials, selected from 136 candidates. Exclusions
include applications offering device pairing only
(10), OTP authentication (5), geo-restricted content
(3), infrastructure failures (6), and those for which
valid test credentials could not be provisioned. We
test four tasks of increasing navigational complex-
ity: login (5–8 steps), plans (login followed by
4–8 additional steps to reach the subscription plans
page), search (login followed by 15–25 steps in-
cluding on-screen keyboard entry), and settings (lo-



Screenshot

VLM

D-PAD Action

TV Device

(a) Vision-Only Baseline

Screenshot + UI Dump

Element Extraction

VLM POMDP Engine

D-PAD Sequence

TV Device

elements focus graph

target e∗ A* path

belief update

(b) Dynamics-Aware System

Figure 1: (a) The vision-only baseline sends screenshots to a VLM, which outputs one D-PAD action per step.
(b) The dynamics-aware system extracts structured elements from the accessibility tree, uses a VLM to select the
target element, and employs a POMDP engine with a learned focus graph to plan the optimal D-PAD sequence.
Belief updates from observed transitions (dotted red) continuously refine the dynamics model.

gin followed by 8–12 steps through sidebar menu
navigation).

We evaluate three open-weight multimodal
VLMs: Qwen3-VL at 235B parameters (Qwen
Team, 2025), and Gemma 3 at both 27B and 4B
parameters (Gemma Team, 2025). All models are
accessed through a managed inference API that
provides a uniform request interface across model
families. Experiments run on 9 physical stream-
ing TV devices distributed across 3 host machines.
The vision-only baseline is allowed 40 steps per
attempt; the dynamics-aware system receives 15
reasoning calls of approximately 3 actions each.

Success is scored from the recorded trajectory
rather than from in-process signals: every run per-
sists a screenshot, a UI hierarchy dump, and the
model input and output at each step. For login
the trajectory must show credentials being entered,
since several applications render browsable content
without a session, so a post-login-looking screen
alone is not evidence of authentication. We report
pass@1 task success rate across a total of 1,632
test runs (3 models × 2 systems × 68 applications
× 4 tasks).

5.2 Login Results

Table 1 shows that dynamics awareness improves
login success for all three models, though the mag-
nitude varies more than fivefold. The largest gap

Table 1: Login pass@1 on 68 streaming applications.

Model / System Pass@1 ∆ (pp)

Qwen3-VL 235B / POMDP 38.2%
+2.9

Qwen3-VL 235B / Vision 35.3%

Gemma 3 27B / POMDP 33.8%
+7.4

Gemma 3 27B / Vision 26.5%

Gemma 3 4B / POMDP 32.4%
+16.2

Gemma 3 4B / Vision 16.2%

(+16.2 pp) occurs with Gemma 3 4B and the small-
est (+2.9 pp) with Qwen3-VL 235B. This ordering
is inverse to parameter count: the benefit of an ex-
plicit dynamics model shrinks as the base model
grows. We read the small Qwen3-VL gain as ev-
idence that large-scale spatial grounding training
partially, though not wholly, internalizes the transi-
tion patterns that smaller models lack.

We hypothesize that Qwen3-VL’s GUI-focused
pretraining (Qwen Team, 2025), which included
large-scale element localization and spatial reason-
ing tasks, allows it to implicitly predict where focus
will move based on element layout alone. In effect,
the model has learned an approximate dynamics
prior from its training data, reducing the marginal
benefit of our explicit AOSP-derived prior. How-
ever, this capability has not transferred to smaller



models (Gemma 3 at 4B and 27B), suggesting it
requires both scale and targeted training data.

5.3 Multi-Task Results

Table 2: Pass@1 (%) across four tasks for the model
with the largest dynamics gap (Gemma 3 4B) and the
largest model (Qwen3-VL 235B).

Gemma 3 4B Qwen3-VL 235B

Task POMDP Vision POMDP Vision

Login 32.4 16.2 38.2 35.3
Plans 26.5 10.3 23.5 22.1
Search 22.1 8.8 19.1 20.6
Settings 19.1 7.4 16.2 14.7

The dynamics gap widens with task complex-
ity for the Gemma models (Table 2); for Qwen3-
VL 235B it remains small and reverses on search.
For Gemma 3 4B, the relative advantage grows
from 2.0× on login to 2.6× on settings. Both
harder tasks place more focus transitions between
the initial state and the goal: Search involves an
on-screen keyboard, and Settings requires travers-
ing 4–7 screens with ambiguous labels. Longer
traversals give an incorrect transition prior more
opportunities to send the agent off path.

5.4 Dynamics Knowledge vs. Model Scale

Gemma 3 4B with dynamics (32.4%) outperforms
Gemma 3 27B without it (26.5%) despite a 6.75×
parameter gap, and this holds across all four tasks.
The comparison should not be overstated. Within
the dynamics-aware system, login results order
with scale (38.2%, 33.8%, and 32.4% for 235B,
27B, and 4B respectively), though on the other
three tasks the 4B counts exceed the 27B counts
(Table 3), so single-run differences of a few ap-
plications can invert adjacent rankings. A transi-
tion model does not substitute for capacity outright.
What it does is close most of the distance: sup-
plying a 4B model with dynamics recovers more
ground than a 6.75× parameter increase does with-
out one.

6 Discussion and Conclusion

We presented a controlled study of autonomous
navigation on directional-input devices, comparing
vision-only and dynamics-aware architectures us-
ing three open-weight VLMs across 68 applications
and four tasks on physical hardware.

Central finding. Transition dynamics knowl-
edge, largely independently of visual understand-
ing, is a primary bottleneck for cross-application
D-PAD navigation. A 4B model with an explicit
dynamics model outperforms a 27B model rely-
ing on vision alone, and every model we tested
improved when given one. The benefit is largest
for the smallest model and smallest for the largest,
which suggests that scale partially substitutes for
an explicit transition model without replacing it.
The relative gap widens with task complexity, con-
firming that structured environment models grow
in value with navigational depth.

What the comparison isolates. The two sys-
tems differ in representation as well as plan-
ning, necessarily so: a transition model needs sta-
ble element identities as graph vertices, which a
screenshot-to-keypress loop does not maintain. The
comparison is therefore architectural, and we can-
not attribute the gap to transition modelling alone.
Three observations still point at dynamics: the base-
line’s prompt already encodes geometric navigation
toward an identified target; its characteristic fail-
ures are dynamical rather than perceptual, pressing
the spatially intuitive direction and having focus
move elsewhere; and for the smaller models the
gap grows with the number of transitions to the
goal, which a representation advantage would not
predict. Isolating the components requires an inter-
mediate condition, structured input with geometric
rather than belief-based movement, which we did
not run.

Industry applications. Automated navigation
on constrained-input devices has broad applica-
bility beyond application certification. Accessi-
bility testing tools could verify that applications
are navigable by users who rely on switch controls
or keyboard-only interaction. Quality assurance
pipelines for game consoles, automotive infotain-
ment systems, and medical device interfaces face
the same challenge of validating navigation flows
across diverse UIs without application-specific
scripts. The modular architecture (general-purpose
VLM plus domain-specific dynamics model) pro-
vides a template for these applications: the VLM
handles task understanding while the dynamics
model adapts to each new interface through online
learning.

Future directions. A complementary direction
to explicit dynamics modeling is learning a trans-



ferable dynamics prior from interaction data, re-
placing the hand-crafted AOSP FocusFinder with
a learned model that generalizes across applica-
tions. Our results with Qwen3-VL suggest that
sufficiently capable VLMs may internalize some
transition patterns through training, though this has
not emerged at the 27B scale.

Limitations

Our transition prior (AOSP FocusFinder) is correct
for approximately 80% of focus transitions. The
remaining 20% require online Bayesian adaptation
that operates within a single session and does not
transfer across applications. Applications produc-
ing degenerate accessibility trees (WebView, Can-
vas, Jetpack Compose) force fallback to vision-only
mode, eliminating the dynamics advantage. Our
evaluation uses a single device family of streaming
TV devices operated by a directional-input remote;
results may differ on other form factors. The 68-
app test set represents a convenience sample of
applications with valid test credentials rather than
a statistically representative sample.

Ethics Statement

All experiments were conducted on physical de-
vices in a controlled laboratory environment using
dedicated test accounts created for this research.
No personal or customer data was accessed, col-
lected, or processed at any point. Login credentials
used in the experiments belong to test accounts
provisioned specifically for automated certification
testing and are not associated with real users.

The intended application of this work is auto-
mated quality assurance: verifying that applica-
tions function correctly before release. We note
a dual-use consideration: automated navigation
of application interfaces could in principle be ap-
plied to circumvent usage controls or automate in-
teractions against a service operator’s terms of use.
We regard automated testing as the intended use,
and we do not release the credentials, application-
specific configurations, or device provisioning re-
quired to reproduce the deployment at scale.

Our focus-transition implementation is derived
from the Android Open Source Project, used under
the Apache License 2.0. We evaluate only open-
weight models, used in accordance with their re-
spective licenses. We report results for every model
and configuration evaluated, including those for
which the improvement was marginal.
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constant from the Android source code.

For DOWN: a candidate ec is valid if
es.bottom < ec.bottom and (es.top < ec.top or
es.bottom ≤ ec.top). Beam overlap holds when
ec.right > es.left and ec.left < es.right. Anal-
ogous conditions apply to other directions with
appropriate axis transposition.

For RIGHT: a candidate is valid if es.right <
ec.right and (es.left < ec.left or es.right ≤ ec.left).
Beam overlap requires ec.bottom > es.top and

ec.top < es.bottom. The major axis distance is
ec.left− es.right and the minor axis distance is the
absolute center-to-center offset on the perpendicu-
lar axis.

B On Modular Design for GUI Agents

Our architectural choice to separate task reason-
ing from dynamics modeling follows the argument
by Gou et al. (2025): a monolithic model, regard-
less of future scale, is unlikely to fully encapsulate
the diverse complexities across all environments.
The digital world comprises billions of applica-
tions, each with dynamic states and idiosyncratic
semantics (uncommon icons, custom focus behav-
ior, counter-intuitive navigation patterns). A gen-
eralist agent therefore requires a modular system,
orchestrating a foundation model with specialized
modules.

In UGround, the specialized module is a spa-
tial grounder mapping text descriptions to pixel
coordinates. In our framework, it is a temporal
dynamics model predicting focus transitions given
state and action. Both serve the same architectural
purpose: providing domain-specific knowledge to
a general-purpose reasoning model, enabling effec-
tive action without requiring the foundation model
to internalize every environmental detail.

The empirical evidence from both our work and
the broader GUI agent landscape supports this phi-
losophy. On AndroidWorld, the top-performing
systems are modular frameworks rather than mono-
lithic fine-tuned models. On our D-PAD bench-
mark, the modular dynamics-aware system outper-
forms the monolithic vision-only approach across
model scales. The question of what to modularize
depends on the bottleneck: for touchscreen inter-
faces, it is spatial grounding; for constrained-input
interfaces, it is transition dynamics.

C Full Multi-Task Results

Table 3: Pass@1 success counts for all model, system,
and task configurations. Each cell is out of n = 68
applications; the 24 cells together comprise all 1,632
runs, of which 332 succeeded (20.3% overall).

Model System Login Plans Search Settings

Qwen3-VL 235B POMDP 26 16 13 11
Qwen3-VL 235B Vision 24 15 14 10
Gemma 3 27B POMDP 23 15 12 10
Gemma 3 27B Vision 18 11 9 8
Gemma 3 4B POMDP 22 18 15 13
Gemma 3 4B Vision 11 7 6 5
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