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ABSTRACT

Mobile GUI agents execute natural-language instructions through sequences of
interface actions, but long-horizon execution remains vulnerable to silent transi-
tion failures, state drift, and ineffective recovery. A plausible action may fail to
produce the intended state transition, causing subsequent decisions to be condi-
tioned on a state that was never reached and allowing these errors to compound
over time. Existing systems often address such failures through online reflection
or auxiliary verification, introducing additional reasoning and model calls during
execution. We introduce TRAVEC, a framework that moves transition prediction,
verification, and recovery from the deployment-time execution loop into training.
The key abstraction is an evidence-grounded transition contract, which specifies
the task-relevant state change expected after an action, the observable evidence
used to verify that change, and an optional recovery conditioned on transition fail-
ure. From heterogeneous mobile GUI trajectories, we construct 550K verifiable
supervision items and use them to train a Contract Policy and a Verifier that audit
self-generated trajectories and retain audited training steps. The resulting audited
experience is then used to optimize the Action Policy through supervised learn-
ing and offline GRPO. These auxiliary components are used only during training;
deployment retains a single action-only policy with no additional verification or
free-form reasoning. Across four offline and two online benchmarks, TRAVEC
achieves strong performance across tasks while retaining low inference latency,
suggesting that transition-aware supervision can be incorporated into policy learn-

ing while retaining action-only deployment.

1 INTRODUCTION

Graphical user interfaces (GUISs) are the primary
means through which people access mobile ap-
plications, desktop software, and web services,
making them a natural environment for agents
that translate natural-language instructions into
digital actions (Wang et al., 2024b; Tang et al.,
2025). In particular, mobile GUI agents exe-
cute multi-step tasks through repeated cycles of
interface perception, planning, and action gen-
eration (Tang et al., 2025; Zhou et al., 2026a).
However, a plausible action is not necessarily a
successful one: it may be correctly formed and
targeted yet fail to induce the intended state tran-
sition because of overlays, focus shifts, or de-
layed interface updates. If the agent proceeds
as though the action succeeded, subsequent de-
cisions are conditioned on a state that was never
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Figure 1: Representative failure modes in long-
horizon mobile GUI interaction: (C1) plausible
actions can fail silently, (C2) state changes may
not indicate task progress, and (C3) recovery at-
tempts may fail to resolve execution errors.

reached. Figure 1 illustrates three representative failure modes in long-horizon mobile GUI interac-
tion: silent transition failures, state drift despite observable changes, and ineffective recovery. Over
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extended trajectories, such local failures can accumulate and ultimately lead to task failure (Rawles
et al., 2025; Yu et al., 2026).

Existing GUI-agent supervision is largely organized at two levels. Action-level grounding and imi-
tation data teach a policy what to do and where to act (Hong et al., 2024; Cheng et al., 2024), while
trajectory-level environments provide task-level signals of overall task completion (Xie et al., 2024;
Rawles et al., 2025; Lai et al., 2026; Liu et al., 2026b). What remains less explicit is the local tran-
sition between these two levels: given the current interface and an action, what task-relevant change
should occur next, and what evidence would verify that change? Without such a target, a policy may
observe either no state change or an unintended one and still continue as if the action had succeeded.

Recent work addresses action consequences through state-transition or world-model pretraining (Liu
etal., 2026c¢; Li et al., 2025b), process rewards and visual state comparison (Chen et al., 2025; Qian,
2026), and state-aware reflection or recovery (Guo et al., 2026b; Zhang et al., 2026; Guo et al.,
2026a). However, transition prediction, outcome verification, and recovery are often developed as
separate components and, in many systems, remain part of the execution loop, where additional rea-
soning and model calls increase per-step latency (Huang et al., 2026). This raises a natural question:
can these capabilities be unified as training-time supervision and removed from deployment?

We answer this question with an evidence-grounded transition contract. Rather than predicting the
full next screen, a contract captures only the task-relevant consequence of an action: the current state
and preconditions, expected state change, observable evidence, and an optional recovery. Post-action
observations serve only as privileged training information for contract construction and validation;
they never enter the Action Policy’s decision-time input. The contract therefore provides a unified
training interface for transition prediction, outcome verification, and failure-conditioned recovery.
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Figure 2: Overview of TRAVEC. Transition prediction, outcome verification, and failure recovery
are incorporated into training through evidence-grounded contracts and process-audit signals. De-
ployment retains only a single action-only policy, with all auxiliary components removed.

Building on this representation, we introduce TRAVEC, a transition-aware training framework for
mobile GUI agents, illustrated in Figure 2. We construct 550K verifiable supervision items using
deterministic state differencing, evidence-grounded multimodal annotation, counterfactual recov-
ery generation, and model-independent validation. A Contract Policy predicts expected transitions
before execution, while a Verifier evaluates realized outcomes afterward; together with a trajec-
tory Critic, they audit self-generated interactions and curate them into training data for policy opti-
mization. The Action Policy is then optimized through supervised learning and offline GRPO with
action-alignment and audited process signals. All auxiliary components are used only during train-
ing. At deployment, TRAVEC retains a single Action Policy that emits one executable action per
step without auxiliary verification or free-form reasoning. Our contributions are threefold:

* We develop a scalable automated pipeline for constructing transition-aware GUI supervision. Us-
ing evidence-grounded transition contracts, deterministic state differencing, multimodal annota-
tion, and counterfactual recovery generation, the pipeline produces 550K verifiable supervision
items capturing expected state changes, observable evidence, and failure-conditioned recovery.

* We introduce a training-time process-audit framework that combines a Contract Policy, a Verifier,
and a trajectory Critic to audit self-generated interactions and curate training data for supervised
learning and offline GRPO.
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* We train TRAVEC as a standalone action-only policy, using transition verification and recovery
only during training. Across six offline and online benchmarks, TRAVEC improves grounding
and closed-loop execution while retaining low inference latency without auxiliary verification or
free-form reasoning at deployment.

2 RELATED WORK

2.1 GUI GROUNDING, PLANNING, MEMORY, AND RECOVERY

Navigating ambiguous graphical interfaces necessitates robust visual grounding and sequential plan-
ning capabilities. Early methodologies primarily optimized spatial resolution and visual-token effi-
ciency to bridge the gap between natural-language instructions and local interface elements (Hong
et al., 2024; Cheng et al., 2024; You et al., 2024; Lu et al., 2024; Gou et al., 2025; Wu et al., 2025;
Lin et al., 2025). Building upon this perceptual foundation, native action models emerged to support
cross-platform action generation and trajectory learning (Xu et al., 2024; Qin et al., 2025; Liu et al.,
2026d; Ye et al., 2025; Xu et al., 2026a). To manage the compounding complexity of long-horizon
tasks, contemporary architectures frequently incorporate episodic memory, semantic retrieval, and
explicit System-2 reflection (Wang et al., 2024a; Li et al., 2024b; Agashe et al., 2025a;b; Qin et al.,
2025; Wang et al., 2025; Zhou et al., 2026b; Liu et al., 2026a; Xiao et al., 2026; Lu et al., 2026).
However, many of these orchestration mechanisms retain additional memory, reflection, or verifica-
tion components during execution, which can increase per-step inference cost. TRAVEC instead
emphasizes transition-aware supervision that integrates prediction, verification, and recovery within
a unified training framework.

2.2 AUTOMATED EXPERIENCE, REINFORCEMENT LEARNING, AND EFFICIENT EXECUTION

The scalability of GUI agents increasingly relies on automated environment exploration and syn-
thetic trajectory generation (Sun et al., 2025; Mu et al., 2025; Cheng et al., 2026). To align these
generated experiences with successful task outcomes, recent frameworks apply rule-based reward
shaping or partially verifiable Group Relative Policy Optimization offline (Luo et al., 2025; Zhang
et al., 2025; Yang et al., 2026; Lu et al., 2025b). Recent systems further expand this learning
paradigm by integrating dynamic task generation and post-hoc evidence auditing (Lai et al., 2026;
Xu et al., 2026b; Liu et al., 2026b; Li et al., 2026). Recent efforts to reduce inference latency in-
clude context compression and anticipated decoding (Huang et al., 2025; 2026; Dong et al., 2026).
TRAVEC takes a complementary approach by moving transition prediction, evidence-grounded
verification, and recovery supervision into the training pipeline. As a result, deployment retains a
single action-only policy without auxiliary verification or free-form reasoning.

3 METHOD

TRAVEC is built around a central principle: represent each action with an evidence-grounded tran-
sition contract, use these contracts to audit collected interaction experience, and distill the audited
experience into an action-only policy. We realize this principle through automated transition super-
vision, role-specialized adapters, and process-audited optimization.

3.1 PROBLEM FORMULATION

We model goal-conditioned GUI interaction as a partially observable decision process. The obser-
vation o; = (I, Uy, X;) comprises a screenshot, available interface structure, and extracted text.

During attempt k of task ¢, the Action Policy conditions on screenshot I;, goal g, action history
(<k).
(<k) —
Toa(ar | g, Lo, heym; =), ar = (a, ). (1)
Here «; and 1 denote action type and arguments. We maximize E[Y (7)] for binary task outcome
Y (7). Deployment requires one valid action per step with empty hints and no auxiliary model calls.

ht = (a1, ...,at—1), and earlier-attempt hints 7

A transition contract specifies expected consequences and recovery:

¢t = (51, Dt ey di, Bty pr). )
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Its components are task state s;, precondition p;, action a;, expected change cft, observable evidence
FE:, and recovery specification p;. Recovery binds a failure trigger to a corrective action, expected
change, and evidence. The Contract Policy models g (¢: | g, 0¢, ht, a) before execution. After
execution, the Verifier models Vjp,, (yy | g,0¢,c¢t,0e41,dy, xt) using the observed difference d; =
D(o4,04+1) and validation indicators x;. The output 3} = (v, v, k¢) comprises quality scores, a
verdict, and confidence x; € {0, 1,2, 3,4}, with

_ fmt |, act , state , delta , progress _ recovery  safe , eff 8
Vt_(vt 7Ut avt 7Ut 7vt avt 7vt 7Ut )6{071a25374} . (3)

These candidate-specific scores measure format validity, action validity, state grounding, delta evi-
dence, task progress, recovery quality, loop safety, and cost efficiency. Recovery requires an active
failure trigger; loop safety distinguishes ineffective cycles from justified retries. Higher scores indi-
cate stronger support. Appendix A.l specifies the contract constraints.

3.2 AUTOMATED DATA ANNOTATION AND GENERATION
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Figure 3: Automated construction of verifiable transition supervision. Deterministic state differenc-
ing, evidence-grounded annotation, counterfactual generation, and model-independent validation
produce 550K annotations spanning transition contracts, state supervision, hard negatives, failure
recovery, preference pairs, and verifier calibration for downstream policy training.

Multimodal labeling and deterministic validation yield 550K annotations, as shown in Figure 3. We
unify AndroidControl, AITW, AMEX, CMGUI, MobileViews, ScreenSpot, and ScreenSpot-Pro.
ScreenSpot and ScreenSpot-Pro are held out for evaluation and contribute no training examples.

Contract annotation. Deterministic extraction produces a state estimate s; and transition differ-
ence d; for each observed transition x;. Multimodal annotation then generates a candidate contract
¢ = Ac(xy,5,d;). A contract is accepted only if its action is semantically equivalent to the
demonstrated action and its structure, evidence, and recovery specification pass validation. State
and preconditions are derived from the current observation, while subsequent observations super-
vise expected changes and evidence without entering the policy input. Static grounding samples
provide localization evidence.

Negative, recovery, and calibration supervision. Rule-based action perturbations produce syn-
tactically plausible hard negatives. The annotator predicts their likely failures, observable triggers,
and minimal recovery branches. Observed and counterfactual failures retain separate provenance.
Preference pairs contrast accepted contracts against negatives under the same decision input. Pos-
itive transitions, counterfactual negatives, and observed failures provide verifier calibration targets.
Appendix A.2 details the transition representation and annotation procedure.

3.3 SUPERVISED TRAINING OF ROLE-SPECIALIZED ADAPTERS

Each role uses a Qwen3.5-9B backbone W with LoRA parameters ¢, as shown in Figure 4. Action
SFT learns ¢S5 by minimizing cross-entropy over normalized action completions with a frozen
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Figure 4: Three-stage policy optimization framework. Role-specialized SFT initializes the Ac-
tion, Contract, and Verifier policies, resettable rollouts collect and audit interaction experience with
transition-aware signals, and offline GRPO optimizes the Action Policy with a six-component re-
ward combining reference alignment and process-grounded signals.

vision encoder. The auxiliary policies initialize from gb(co) = ¢§9 ) = qﬁFT and train independently.
The Contract Policy learns contracts and recovery from decision-time information. The Verifier
learns post-action assessments from contracts, observed transitions, and validation indicators. Their
parameters remain separate during rollout.

3.4 PROCESS-AUDITED OFFLINE GRPO

Rollout and audit. We collect K = 4 attempts on each of 400 AndroidWorld training tasks,
resetting the initial state between attempts. The Action Policy proposes actions, the Contract Policy
predicts contracts, and the Verifier assesses transitions. A fixed multimodal trajectory Critic assesses
success Yi(k) € {0,1} and step reasonableness zlc tj(k) € {0,1} from goals, actions, and visual
execution evidence.

Step selection combines Critic approval, execution validity, and a veto for high-confidence verifier
rejection:
k C,(k) _E,(k V,(k V,(k k . k
zi(’t) = zi’t( )zi’t( )(1 — bi’t( )), bi’t( ) — 1[1/2»(’3 = reject A /ﬁlg’t) > 3. )
Here 2z indicates successful execution without errors or action invalidity. Critic hints n§<k) describe
prior failures and behavior to avoid. They exclude correct next actions and are initially empty.

Offline sample selection. We retain tasks with Critic-assessed empirical success rates below 1

across the four attempts. For attempt length Ti(k), we define
(k)
2 ox .
Ek) — Ztiz,t(k), k-;" — arglmax(Yi(k), qz(k)a _Tz(k)) (5)
max(1, ") K
Selection prioritizes success, retained-step fraction, then shorter length. Selected steps form
ol x k) _
Darpo = {(257,af,mig) : 20y =1}, (6)

The fixed input 2P°! contains the goal, screenshot, action history, and collection-time hints. The
reference a* and audit context m are retained (Appendix A.3).

Six-component reward. Following adaptive action scoring (Liu et al., 2026b), a candidate ¢ =

(6, 1)) is compared with the retained action a* = (a*, 9*):

Ttype = 1[64 = Oé*], Targ = TtypeSa* (¢, ¢*) @)
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So+ measures type-specific argument similarity; invalid completions receive zero reward. Within the
shared audit context m, each candidate receives a separate contract and evidence-grounded process
assessment:

Ted = (,Ustate + vdelta)/& Troe = vrecovery/47 (8)
Tpl = (,Uprogress + Usafe)/s’ Tenv = (Zexec + Zchange)/2- (9)

All scores are candidate-specific. State Delta assesses grounded preconditions and transition evi-
dence. Recovery measures correction of a pre-existing failure and is zero without an active trigger.
Progress/Loop assesses unfinished requirements and avoidance of evidenced ineffective cycles, al-
lowing justified retries, backtracking, and waiting.

The binary indicators zexec and Zchange require candidate-attributable execution success and task-
relevant outcome evidence under the same decision state. Unrelated changes earn no outcome credit;
waiting and termination need not change the screen.

The verifier-derived process rewards are normalized to [0, 1], while 7y, is the average of two binary
indicators. We combine them as

R= WtypeTtype + WargTarg + WsdTsd + WrecTrec + Wp1Tpl + WenvTenv- (10)

Reference similarity affects only the first two terms; process credit can also be assigned to alternative
actions supported by execution evidence. Appendices A.4 and B.2 specify scoring rules and weights.

Optimization and deployment. The actor and fixed reference are initialized from Action SFT. For
each fixed input, the sampling policy 7y ,, generates G = 5 completions. Each completion receives
reward R; = R(a;,a*, m) and advantage A; = (R; — pr)/(cr + 107%), where g and op are
the mean and population standard deviation of the G rewards. With clipping radius ¢ = 0.2 and KL
coefficient Bk, = 0.01, we minimize

Lcrpo = —E

G L
1 1 <& , :
G > . > (mln{é},eAj’ clip(§e, 1 — €, 1+ €) A5} — BKLD{éi)] (D

j=1 "7 ¢=1

where L; is completion length and D{é regularizes against the fixed SFT reference. The token
probability ratio is
mo(aj.e | T, 05,<0)
o= - A .
oo (.0 | @, 05,.<0)
Collection alternates with offline optimization. Each round executes candidates separately from the
same decision-state snapshot, recording successor observations, execution outcomes, and verifier
scores. GRPO freezes candidates and evidence, using only complete records; new candidates enter
after the next collection round (Appendix A.5). Deployment uses only Tyrravec(at | g, It he, 0),
which emits one action per step.

(12)

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

We initialize TRAVEC from the post-trained Qwen3.5-9B multimodal model. Action, Contract,
and Verifier SFT use rank-16 LoRA, while GRPO uses rank-64 LoRA. The vision encoder remains
frozen throughout training. Additional optimization details are provided in Appendix B.1.

Benchmarks and metrics. We evaluate TRAVEC-9B on four offline and two online benchmarks.
The offline benchmarks include AndroidControl (Li et al., 2024a), GUI-Odyssey (Lu et al., 2025a),
ScreenSpot (Cheng et al., 2024), and ScreenSpot-Pro (SS-Pro) (Li et al., 2025a), while the online
benchmarks are AndroidWorld (Rawles et al., 2025) and MobileWorld (Kong et al., 2026). We report
action accuracy under high-level and low-level instructions on AndroidControl, type match, ground-
ing rate, and step success rate on GUI-Odyssey, target-hit accuracy on ScreenSpot and ScreenSpot-
Pro, episode success rate on AndroidWorld, and pass-at-one success rate on MobileWorld. Bench-
mark and evaluation details are provided in Appendix B.3.

Comparison models. Qwen3.5-9B serves as our multimodal base model (Qwen Team, 2026). We
compare TRAVEC-9B against seven publicly available 7B—8B GUI agents: Aguvis-7B-720P (Xu
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etal., 2024), GUI-R1-7B (Luo et al., 2025), ScaleCUA-7B (Liu et al., 2026d), GUI-Libra-8B (Yang
et al., 2026), OpenMobile-8B (Cheng et al., 2026), MemGUI-8B-SFT (Liu et al., 2026a), and
ForgeQwen3-8B (Liu et al., 2026b). Detailed descriptions are provided in Appendix B.4.

4.2 DATA COMPOSITION AND SAMPLING

Figure 5 summarizes the composition (a) Supervision composition N = 550,000
items, their data sources, and the - ; i
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Figure 5: Supervision composition, data sources, and hard-

Train-test separation. We main- case sampling statistics. Parser-only and evaluation-only
tain benchmark-specific separation sources are explicitly marked in panel (b).

between training and evaluation data.

AndroidControl supervision is constructed only from its training split, while all reported results use
the held-out test split. The 400 AndroidWorld tasks used for resettable rollout are disjoint from
the task templates used for evaluation, and MobileWorld is used only for evaluation. No evaluation
examples are used for SFT, hard-case sampling, or GRPO.

To increase exposure to challenging transitions during training, we identify 43,751 hard-case items.
Among them, 70.69% correspond to low-verifier-confidence cases, 21.77% to environment errors
or warnings, and the remainder to popup, keyboard, input, or stale-state cases. These samples are
upsampled during policy optimization to emphasize difficult transitions and execution failures.

4.3 OFFLINE BENCHMARK RESULTS

Table 1: Comparison with baseline GUI agents across offline benchmarks and inference efficiency.
High/Low denote action accuracy on AndroidControl under high-/low-level instructions. TM, GR,
and SR denote type match, grounding rate, and step success rate on GUI-Odyssey. HT denotes
target-hit accuracy on ScreenSpot and ScreenSpot-Pro (SS-Pro). Lat. and Tok. denote mean infer-
ence time and generated tokens per action. All models are evaluated under the same hardware and
benchmark settings. Best results are shown in bold, and second-best results are underlined.

Model AndroidControl GUI-Odyssey ScreenSpot  SS-Pro Efficiency
Hight Lowt TM?T GR?T SR*? HT 1 HT 1 Lat. | Tok. |
Aguvis-7B-720P 57.237 66914 74.137 70.541 53.373 78.852 20.936 2.853 34.505
GUI-R1-7B 22.464 42.436 70.889 58.397 42.590 85.849 28.716 6.224 32.096
ScaleCUA-7B 36.056 46.608 77.218 69.886 57.315 73.899 23340 3.591 35.800
GUI-Libra-8B 62.856 81.417 63.181 71.155 43.994 85.535 53.700 5.905 78.294
OpenMobile-8B 52.335 72502 67.164 59.893 42332  79.324 38.646 5.763 58.644
MemGUI-8B-SFT 58.061 77.424 68.932 62.140 45444 76965 39.216 12910 318.260
ForgeQwen3-8B 62.665 79.850 79.864 71.221 58.369 82.704 46.490 7.070 86.799
Qwen3.5-9B 34.379 52966 62.217 90.823 56.185 38.758 42.631 0.815 18.039
TRAVEC-9B (ours)| 64.309 93.337 79.588 91.006 72.212 92.689 67.805 0.786 17.152
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Table 1 shows that TRAVEC-9B ranks first on six of seven offline task metrics and second on
the remaining one. On AndroidControl, TRAVEC-9B reaches 64.309% and 93.337% accuracy
under High- and Low-level instructions, improving over Qwen3.5-9B by 29.930 and 40.371 per-
centage points and exceeding the strongest specialized baselines by 1.453 and 11.920 points, re-
spectively. On GUI-Odyssey, TRAVEC-9B reaches 79.588% type match, 91.006% grounding rate,
and 72.212% step success. Relative to Qwen3.5-9B, these correspond to gains of 17.371, 0.183,
and 16.027 points. It trails ForgeQwen3-8B by 0.276 points in type match while exceeding the best
specialized grounding and step-success results by 19.785 and 13.843 points.

TRAVEC-9B also achieves the best target-hit accuracy on both grounding benchmarks while re-
taining the lowest measured inference cost in the comparison. On ScreenSpot and ScreenSpot-Pro,
it reaches 92.689% and 67.805%, improving over Qwen3.5-9B by 53.931 and 25.174 percentage
points and over the strongest specialized baselines by 6.840 and 14.105 points, respectively. Un-
der the same hardware and benchmark settings, TRAVEC-9B requires 0.786 seconds and 17.152
generated tokens per action, compared with 0.815 seconds and 18.039 tokens for Qwen3.5-9B.
Aguvis-7B-720P is the fastest specialized baseline at 2.853 seconds per action, corresponding to a
72.4% lower mean inference latency for TRAVEC-9B under this evaluation setup.

4.4 ONLINE BENCHMARK RESULTS

Table 2 shows that TRAVEC-9B  Table 2: Comparison with baseline GUI agents on online
achieves the highest success rate benchmarks. AndroidWorld uses episode success rate,
among the compared systems on whereas MobileWorld uses pass-at-one success rate. Best

both online benchmarks. On An- and second-best results are shown in bold and underlined.
droidWorld, TRAVEC-9B reaches

35.345% episode success, improving AndroidWorld MobileWorld
over Qwen3.5-9B by 14.655 percent- Model
age points and exceeding the strongest SRT SRT
specialized baseline, ForgeQwen3-8B, Aguvis-7B-720P 9.483 1.709
by 0.862 points. On MobileWorld, GUI-R1-7B 12.931 3.419
TRAVEC-9B  achieves 15.385% ScaleCUA-7B 14.655 3.419
pass-at-one success, improving over 8Ul‘ﬁb§18213 %g?gg ggig
wen3.5-9B by 10.257 points and peniiooie- : 8.4/
glrpassing the ystrongest (F:)omparison ll;/IemGUI-S?-SS];:T giggg gggg
baseline, OpenMobile-8B, by 6.838 orgeQwen3- — :
points. Thus, TRAVEC-9B ranks first Qwen3.5-9B 20.690 5.128
among the compared systems under TRAVEC-9B (ours) 35.345 15.385

both online evaluation protocols.

The online benchmarks complement the offline evaluation by measuring closed-loop task comple-
tion in interactive environments rather than action prediction or grounding in isolation. Android-
World evaluates episode-level success in a dynamic Android environment, while MobileWorld uses
a distinct pass-at-one protocol for interactive mobile tasks. The results on both benchmarks therefore
complement the offline findings with evidence from multi-step interactive execution.

4.5 ABLATING TRAINING COMPONENTS

Table 3 shows that removing individual training components reduces performance across the offline
benchmarks, with Action SFT having the largest overall effect. Without Action SFT, AndroidCon-
trol High/Low drop by 14.856 and 19.167 points, while ScreenSpot-Pro decreases by 11.195 points.
Removing the Contract Policy or its explicit fields also produces clear reductions on AndroidControl
and ScreenSpot-Pro, whereas changes on ScreenSpot are comparatively small.

The AndroidWorld ablations show larger differences among the training components under closed-
loop execution. Removing Action SFT reduces success from 35.345% to 14.080%, followed by
removing recovery supervision at 17.816%, the trajectory Critic at 20.977%, and the Transition Ver-
ifier at 22.414%. Removing the Contract Policy yields 27.011%, whereas removing only its explicit
fields has a smaller effect at 32.759%. Together, these results indicate that multiple components
contribute to TRAVEC-9B, with the largest online drops observed when Action SFT, recovery
supervision, Critic-based filtering, or verification is removed.
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Table 3: Component ablations across offline and online benchmarks. We remove individual
training components from TRAVEC-9B and report performance on AndroidControl, ScreenSpot,
ScreenSpot-Pro, and AndroidWorld. Best and second-best results are shown in bold and underlined.

AndroidControl ~ ScreenSpot  SS-Pro  AndroidWorld

Model
Hight Low 1 HT 1 HT 1 SR 1

w/o Critic 58.048 82.097 92.452 63.061 20.977
w/o Contract 57.024  80.110 92.610 63.820 27.011
w/o Verifier 59.573  82.994 92.374 63.947 22.414
w/o Contract Fields 56.344 82.816 91.824 62.998 32.759
w/o Recovery 56.723  86.553 92.296 64.643 17.816
w/o Action SFT 49.453  74.170 89.937 56.610 14.080
TRAVEC-9B 64.309 93.337 92.689 67.805 35.345

4.6 ABLATING REWARD COMPOSITION

Table 4: Reward-composition ablation. Weights are ordered as Type, Argument, State Delta, Recov-
ery, Progress, and Environment. The final row reports the configuration adopted by TRAVEC-9B.
Best and second-best results are shown in bold and underlined.

AndroidControl ~ ScreenSpot SS-Pro
High1T Low?T HT 1 HT t

Reward weights

0.125,0.875,0,0,0,0 54.800 78.816  92.060  62.998
0.0625,0.4375,0.125,0.125,0.125,0.125 | 56.523 82.425 92453  63.820
0.025,0.175, 0.2, 0.2, 0.2, 0.2 55.631 82745  92.846  63.631
0,0,0.25,0.25,0.25, 0.25 55.952 81.152  92.060  63.188
0.10, 0.70,0.05, 0.05, 0.05, 0.05 64309 93337  92.689  67.805

Table 4 compares five reward compositions spanning action-only, process-only, and mixed objec-
tives. Across the tested configurations, performance does not vary monotonically with the total
weight assigned to process-based rewards. The adopted configuration achieves the best results
on AndroidControl High, AndroidControl Low, and ScreenSpot-Pro at 64.309%, 93.337%, and
67.805%, respectively, while ranking second on ScreenSpot at 92.689%. In comparison, the action-
only configuration is lower by 9.419, 14.521, and 4.807 points on the three metrics where the adopted
setting ranks first, while the process-only configuration is lower by 8.357, 12.185, and 4.617 points.

The intermediate mixtures show that the preferred weighting varies somewhat across benchmarks.
In particular, the configuration assigning 80% of its weight to process-based terms achieves the
highest ScreenSpot result at 92.846%, exceeding the adopted setting by 0.157 points, but performs
worse on AndroidControl and ScreenSpot-Pro. Among the five tested configurations, the adopted
80% action-matching and 20% process-based weighting ranks first on three metrics and second on
the remaining metric. We therefore use this configuration in TRAVEC-9B.

5 CONCLUSION

We introduced TRAVEC, a training framework for mobile GUI agents built around evidence-
grounded transition contracts that capture expected state changes, observable evidence, and failure-
conditioned recovery. These contracts support training-time transition prediction and post-action
verification, while auxiliary policies and a trajectory Critic audit self-generated interaction experi-
ence for policy optimization. The resulting TRAVEC-9B is deployed as a single action-only policy
without auxiliary verification, Critic calls, or free-form reasoning. Across four offline and two on-
line benchmarks, TRAVEC-9B ranks first on six of seven offline task metrics and on both online
benchmarks, while retaining the lowest measured inference latency in our comparison. Ablations
further indicate that both the training design and reward composition affect performance across the
evaluated settings. Overall, these results suggest that transition-aware supervision can be integrated
into policy learning while retaining action-only deployment.
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A  SUPPLEMENTARY METHOD DETAILS

A.1 TRANSITION CONTRACTS AND VERIFIER SCORES

The action history is h; = (ay,...,a;—1). Action types include click, long press, swipe, type, key
or system button, open, wait, and terminate. Arguments are type-specific and spatial coordinates are
normalized. A trajectory is 7 = (g, 01,a1,...,0T,aT,07+1).

The deterministic difference d; = D(ot,0441) tracks page or activity identity, text, focus, input
values, task variables, and blocking conditions, including the absence of observable change. A
contract contains up to three checkable evidence queries F;. Its optional recovery specification is

Pt = (¢t7a§ecvd;ech;ec)7 (13)

where ¢ is the failure trigger, a;°° the corrective action, diec the expected change, and E;°¢ the sup-
porting evidence. Validation indicators ; assess structural validity, coordinate bounds, admissible
action types, and consistency with the proposed action.

The Verifier returns quality scores, a verdict v; € {accept, partial, reject}, and confidence k; €
{0,1,2,3,4}. Its score vector is

_ fmt _ act , state , delta , progress  recovery _safe , eff 8
v = (v, v uE e oSt g , Uy Jupte vt ) € {0,1,2,3,4}1°. (14)

The dimensions assess each candidate’s format validity, action validity, state grounding, delta ev-
idence, task progress, recovery quality, loop safety, and cost efficiency. Higher scores indicate
stronger support. Recovery receives zero when no failure trigger is active before the candidate ac-
tion. Otherwise, it assesses whether the action restores required preconditions while preserving
completed task state. Loop safety v§* supplies the loop-avoidance score in rp1. It assesses avoid-
ance of evidenced ineffective cycles while accounting for changed preconditions and justified retries,

backtracking, or waiting. Repetition alone does not establish a loop.
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Five verifier dimensions enter the process rewards. Direct action matching supplies 7type and rarg,
while execution evidence attributable to the evaluated candidate supplies rq,y. Shared context does
not imply shared scores across candidate actions.

A.2 ANNOTATION REPRESENTATION AND PROCEDURE

The unified transition representation is

t §
Ty = (gvOt7htaataot-‘rlayterm?m;rc)? (15)

where yf°™ is the available terminal label and m;™ identifies provenance. Next observations and

transition differences are available only for samples with observed transitions. Static grounding
samples provide localization evidence.

Claude Opus 4.8 annotates transitions using the deterministic state estimate 5, and observed differ-
ence d,. Contract acceptance requires semantic action equivalence and valid structure, evidence,
and recovery specifications. For each accepted contract, rule-based perturbations of the target or ar-
gument generate up to four syntactically plausible hard negatives. The annotator specifies the likely
failure, an observable trigger, and a minimal recovery branch. Observed and counterfactual failures
retain separate provenance. Preference pairs share the same decision input, and calibration targets
cover all eight verifier dimensions.

A.3 TRAJECTORY AUDITING, HINTS, AND SELECTION

The trajectory Critic uses a fixed Qwen3.5-9B model without a task-specific adapter. It first describes
each action and its adjacent screenshot evidence, then assesses trajectory success and every step’s
reasonableness using these descriptions, execution records, and up to the last three screenshots.
After an attempt containing failures or rejected steps, it generates hints restricted to observed failures
and behavior to avoid. Correct next actions are excluded from the hints.

An attempt generates hints when the task fails, any step is judged unreasonable, or any step is

rejected by the execution or verifier checks. Hints accumulate across attempts as 775<k). The first
attempt has empty hints. Each offline sample preserves the hints available when its reference action
was collected. Deployment sets this input to §.

For the retention criterion, z” requires a successful execution response with no execution error or

action invalidity. A verifier rejection vetoes a step only when confidence is at least 3. An invalid
verifier assessment gives b¥ = 0.

We compute task success from all K = 4 attempts and retain tasks satisfying
| X
R AR (16)

K
k=1

For attempt length Ti(k)

k
q(k) _ Zt Zz'(,t)
’ max(1, Ti(k)) ’

Complete ties favor the earlier attempt. The policy input for each retained action is

, the retained-step fraction and selected attempt are

k: = aréel)r(lax(?z(k), qt(k)) _Tt(k)) : (17)
k

pol

Ty = (gi7Ii,t7hi,t;77£<ki)). (18)

Audit evidence m;; contains the contract, verifier scores, post-action observation, execution out-
come, and Critic judgment. These AndroidWorld rollouts supply reinforcement-learning experience
separately from the annotation sources.

A.4 ACTION SIMILARITY AND ENVIRONMENT EVIDENCE
The type-specific similarity S,~ uses distance-decayed point similarity for clicks and long presses,

direction matching for swipes, token-set F1 for typing, exact or containment matching for applica-
tion names, and type-specific argument matching otherwise.
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The action rewards are 7¢ype = 1[& = «*] and Targ = TtypeSar (1&7 1*). Invalid completions receive
zero total reward. For valid candidates, reference similarity affects only these two rewards.

Candidate-specific evidence. Audit evidence m supplies the current decision context, transition
constraints, failure triggers, and available execution records. The Contract Policy binds each can-
didate to its preconditions, expected change, and recovery specification. The Verifier checks these
claims against the task goal and grounded evidence. Generated expectations remain hypotheses;
agreement within a generated contract cannot establish transition correctness. All scores below are
computed separately for each candidate.

State Delta. The score v5'#'° assesses support for the candidate’s target, arguments, and precon-
ditions in the current interface. The score v9°!*® assesses evidence for its task-relevant expected
transition. Their normalized sum is r¢q = (vState + ydelta) /8 Nearby clicks can have similar argu-
ment scores yet activate controls with different functions, which this assessment distinguishes when
supported by evidence.

Recovery. The reward rpo. = v™®°°VY /4 evaluates the corrective action selected at the current
decision point. Credit requires an established failure trigger, restoration of a required precondition,
and preservation of completed task state. The score is zero when no trigger is active before the
candidate action. An action cannot earn recovery credit for resolving an obstacle that it creates
itself.

Progress and loop avoidance. The score vP"°8"*% assesses advancement toward unfinished task
requirements. The score v°*f¢ assesses avoidance of previously evidenced ineffective action or state
cycles; higher values indicate safer behavior. Assessment accounts for changed preconditions, per-
mitting justified retries, necessary backtracking, and waiting. Repetition alone is insufficient evi-
dence of a loop. The normalized reward is rp,) = (vPTo87S 4 ¢%afe) /8,

Environment. The binary indicator z.x. records successful execution of the evaluated candidate.
The binary indicator zchange records satisfaction of its task-relevant observable outcome criterion,
givVing reny = (Zexec + Zchange)/2. Criteria are action-specific: unrelated visual changes receive no
outcome credit, and valid waiting or termination need not produce a screen change. Both indicators
require execution records attributable to that candidate under the same decision state. An observed
successor state supports only the action that produced it; reference execution success and trajectory
success cannot be transferred to unexecuted alternatives.

The verifier-derived scores are normalized to [0, 1], while 7.y, is the average of two binary indica-
tors. Thus, all four process rewards lie in [0, 1]. The four process rewards have no action-similarity
multiplier. They can vary across candidates even when direct action-matching scores coincide, al-
though the component scores may remain correlated.

A.5 GROUP-RELATIVE OPTIMIZATION

The actor and fixed reference are initialized from the Action SFT policy:
Tg(0) = Tref = 779154FT- (19)

For each fixed input x, the sampling policy generates G = 5 completions. Parsing precedes scor-
ing, and invalid completions receive zero total reward. For each valid candidate, the Contract Pol-
icy constructs a candidate-bound contract and the Verifier assesses it against the shared context
and candidate-attributable evidence. These auxiliary assessments occur during candidate execution
collection, before the offline policy update. The resulting rewards are R; = R(a;,a*,m), with
candidate dependence carried by all six components. Their group statistics and advantages are

Rj — pr

1 2 1 2
N’RzégRj7 URZEE(RJ'*NR) ) Aj:W- (20)

For completion length L; and token index ¢, the probability ratio is
mo (a0 | @, a5 <0)
Tooa (@50 | ,,<e)

The sampling policy supplies the ratio denominator, and the fixed SFT reference supplies KL regu-
larization at the same token context. We use clipping radius € = 0.2 and KL coefficient Sk, = 0.01.

i = 1)
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Candidate execution collection alternates with offline policy optimization. At the start of each round,
candidates are sampled for each fixed decision input. Each candidate is executed separately after
restoring the same decision-state snapshot. The collection stage records its successor observation,
execution result, and verifier assessment, preserving their association with that candidate and state.

The candidate set and its evidence are then frozen for GRPO updates. Optimization uses only
candidates with complete execution records; missing evidence is neither replaced with zeros nor
masked. Newly sampled candidates enter optimization only after execution collection in the next
round. Thus, auxiliary scoring and environment interaction occur during collection, while offline
updates reuse the resulting candidate-specific records. Predicted outcomes cannot substitute for
observed execution evidence.

B EXPERIMENTAL CONFIGURATION AND IMPLEMENTATION DETAILS

B.1 IMPLEMENTATION AND TRAINING CONFIGURATION

We utilize the post-trained Qwen3.5-9B multimodal model (Qwen Team, 2026) as the common
base. Action, Contract, and Verifier SFT deploy rank-16 LoRA for two epochs guided by respective
learning rates of 2 x 1075,107%, and 10~5. GRPO leverages rank 64, four epochs, a learning rate of
1079, G = 5, a KL coefficient of 0.01, and a clipping radius of 0.2. Formal distributed training runs
across seven 8-GPU nodes equipped with EFA; evaluation scales across 15 8-GPU nodes utilizing
a single tensor-parallel-size-1 vLLM instance per GPU. External checkpoints strictly follow their
released prompts, parsers, coordinate conventions, and native direct-action pathways. We enforce
full sample reporting, rigidly reject runs exhibiting missing samples or API errors, and retain raw
predictions alongside per-task records.

B.2 REWARD WEIGHTS

The reward weights follow the order Action Type, Action Argument, State Delta, Recovery,
Progress/Loop, and Online Environment:

(Wtype, Wargs Wsd; Wree; Wpl, Wenv) = (0.1,0.7,0.05,0.05,0.05, 0.05). (22)

Each coefficient weights its corresponding normalized reward directly. Their effects on group-
relative advantages depend on the candidate score distributions and group normalization.

Trajectory auditing is detailed in Appendix A.3.

B.3 BENCHMARKS AND METRICS

We evaluate TRAVEC-9B on four offline and two online benchmarks. AndroidControl contains
demonstrations from 833 Android applications with explicit instructions, and we report action ac-
curacy over 9,980 test steps per split (Li et al., 2024a). GUI-Odyssey evaluates cross-application
mobile navigation over 83,885 steps spanning random, task, device, and app splits, with step suc-
cess rate, type match, and grounding rate as the evaluation metrics (Lu et al., 2025a). ScreenSpot
contains 1,272 grounding queries across mobile, desktop, and web interfaces (Cheng et al., 2024),
while ScreenSpot-Pro contains 1,581 queries from high-resolution professional applications (Li
et al., 2025a). We report target-hit accuracy on both benchmarks. AndroidWorld provides 116
reproducible task templates across 20 Android applications (Rawles et al., 2025). We evaluate three
independently instantiated episodes per template and report episode success rate. MobileWorld eval-
uates long-horizon cross-application workflows with reproducible backend verification (Kong et al.,
2026). Under a GUI-only interaction setting, we evaluate 117 tasks with one attempt per task and
report pass-at-one success rate.

B.4 COMPARISON MODELS

Qwen3.5-9B is a natively multimodal 9B foundation model with a hybrid linear and full-attention
backbone and serves as our base model (Qwen Team, 2026). We compare TRAVEC-9B against
seven publicly available GUI agents ranging from 7B to 8B parameters. Aguvis-7B-720P is a cross-
platform pure-vision agent trained with a two-stage grounding and planning pipeline (Xu et al.,
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2024). GUI-R1-7B applies GRPO with unified action-rule rewards on a curated dataset (Luo et al.,
2025). ScaleCUA-7B is trained on large-scale cross-platform computer-use data synthesized across
six operating systems (Liu et al., 2026d). GUI-Libra-8B combines action-aware supervision with
KL-regularized, partially verifiable reinforcement learning (Yang et al., 2026). OpenMobile-8B uses
mobile tasks and trajectories synthesized through targeted exploration and policy switching (Cheng
et al., 2026). MemGUI-8B-SFT incorporates long-horizon interaction histories through a Context-
as-Action framework (Liu et al., 2026a). ForgeQwen3-8B uses MobileForge to adapt the Qwen3-VL
checkpoint with automatically generated target-app tasks and hierarchical step-wise feedback (Liu
et al., 2026b).

C CASE STUDIES ON TRANSITION, DRIFT, AND RECOVERY

Figure 6 compares model predictions with ground-truth expert trajectories in three representative
mobile GUI interaction examples.

C.1 SILENT TRANSITION FAILURE

Panel (a) shows a scenario where the agent must save a specific location to a shared category. The
model predicts a tap targeting the map display controls, while the expert trajectory first navigates
back and then swipes left to expose the Save interface. The expert trajectory reaches an intermediate
interface state exposing the target Save action, whereas the model prediction selects a different
visible control.

C.2 STATE DRIFT AND TERMINATION

Panel (b) compares an additional model-predicted interaction with an expert termination after the
requested timetable has been displayed. By Step 5, the expert trajectory has reached the timetable
state and terminates, whereas the model predicts an additional tap targeting the operator icon. The
example highlights a difference in termination behavior after the requested interface state is reached.

C.3 FAILURE RECOVERY

Panel (c) compares a system-level backward prediction with the expert in-app navigation and dialog-
clearing sequence. From the unrelated mathematical exercise, the model predicts a system back
command, while the expert selects the native in-app back button, which opens a confirmation dialog.
The expert then selects the affirmative option and returns to the primary chapter list.
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Red: model prediction Blue: expert action / transition Teal: visible evidence

(a) Silent transition failure

Goal Step O Step 1
Save Qutub Minar to oo : ,_ov ity
"Delhi Wonder" in « Quub Miner x 4

the shared category.

Model prediction - Step O
Tap map layers

a )
33min 3min e

Targets map display controls.
The reference first leaves
the directions view.

Expert trajectory
Back — swipe left

Back restores the place page. \ (A
A left swipe exposes Save. r* N

31 min (14 ki
Valid syntax can still miss
the intended transition.

Directions view Place page restored

(b) State drift
Goal

View the train schedule

for the selected route.
Model prediction - Step 5 ;
Tap the Amtrak operator il ] ceesen

Step 3

Would keep interacting after  pyerrrm =
the requested schedule o whsomn
is already visible.

1he 1 min-Car - On demand

Hyatt Regency Galleria Houston

Hyatt Regency Galleria Houston
Gal

3 Bus  Twice daly

Expert trajectory I e T—— -—
Scroll down — tap train.
Then terminate (success)

Hyatt Regency Galleria Houston San Antonio

Hyatt Regency Galleria Houston

10 min - Wakk - On demand
3 - Bus « Twice daily

Opens the train timetable. ¢

— (B

Sfei 4

'San Antonio Amtrak Station

At Step 5, the expert stops.

Goal-state tracking must R

include when to stop.

Bloomington-Normal

Route overview Train segment found

(c) Recovery

Goal

View algebra chapter details
in the math app.

Step O Step 1

i 88 # @

smallest fraction from the

answers below

Model prediction - Step O
System Back

Differs from the reference
in-app Back action; its
outcome is not observed.
Expert trajectory

In-app Back — Yes

Back opens the quit dialog.
Yes dismisses it and returns
to the chapter list. % i

Clear the blocking dialog b ’

to resume task navigation.
e

Unrelated exercise

Quit confirmation

Figure 6: Counterfactual static case studies contrasting unexecuted GUI-agent predictions against
ground-truth expert trajectories. Red annotations denote model predictions, blue indicates expert

actions, and teal highlights visible evidence.

20

Steps are zero-based

Step 2
J:Z‘v owp
20 9 f

€ Qutub Minar x ¢

i O

Qutab Minar

Qutub Minar ' Qutub Minar Now
Directory -“ < e Addlat

L

Save action exposed

2>

Step 5

«

Train - San Antonio Amtrak Sta.

., 7:00AM-10:55 AM
2

27 hr 55 min|

Departng Saturday, Nov 4

»  7TO0AM-95SAM 27 hr 55 min
2

m— | Oeparting Sunday Nov S

w  GO0AM-95SAM
2

27 h 55 min

o 700AM-10:55AM 27 hr 5 min

Operators

2 FIND TICKETS NOW

Timetable visible

Step 2

e % | /740

W Frimary School

1 1
Decimals,
roots fractions

Py

-
&0 o

Leaderboord  Profile

Chapter list restored



Technical Report

D ANNOTATED SAMPLES

Figures 7, 8, 9, 10, 11, 12, 13, 14, 15, and 16 present ten illustrative audited contract annota-
tions selected to highlight complementary transition, verification, and recovery patterns. The exam-
ples span AndroidControl, AITW, and AMEX and cover seven action types: tap, type, wait,
long_press, swipe, back, and home.

Each example shows the observed state s;, the annotated action, the resulting state s;y;, and a
condensed transition contract. The contract summarizes the grounded task state, action precondi-
tion, semantic action, expected state delta, observable appear/disappear evidence (+/ —), recovery
branches, and verifier hints. Action targets are visualized directly on the interface using a red marker
for tap/long_press, ared arrow for swipe, and a red box for type.

The selected examples illustrate several behaviors targeted by TRAVEC: task progress without page
navigation, delayed outcomes requiring temporal verification, repeated or overshooting interactions,
recovery from unproductive states, and transitions that prepare later stages of a long-horizon task.
These cases show how transition contracts associate action semantics with observable state changes
and how recovery annotations specify corrective behavior when the realized transition deviates from
the intended one.

w9

Text is condensed for presentation, with truncations marked by ..
will be released in JSON format upon acceptance.

. Complete annotation records
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Goal

AndroidControl episode 12896 / step 13 tap

“I have to go to Brussels-Central for work-related reasons. Use the trainline app to locate a rail leaving after 6:00 PM

on November 14 from Brussels-Centraal to Beersel.”

Live times & tickets

from: Bruxelles-Central

o Beersel

835

€ BruxellesCentral » Beersel

swn12 | [ Mon13 Wed15 | [ Thute

Tue, Nov 14,2023

Outbound total

A Earlier trains

Outbound Tue,Nov14 600 PM 5:24PM -~ 6:21PM 8508’0 ’
Return + Addreturn SNCE 3966
8 Naomi = 57min View detai
Add loyatty cards & vouchers tap =
astest
—_—
@ 6:06 PM -+ 6:39 PM $5.80>
s $8.03
1c1939
More ways to pay
E] Pay with PayPal, Payment Cards and 33min View detai.
Google Pay
6:24PM - T7:21PM $5.80>
s $8.03
4, Bruxelles-Central a
¥ Beersel - NCB 39 ®
2 Delit . = s7min View detai
v
Brugge Fastest
7:06 PM -+ T7:39 PM $5.80>
s $8.03
1c 1940
Q = ®
search e u = 33min View detai

(a) State s; + action

(b) Next state s;41

(c) Generated contract annotation

MODEL STATE

‘Live times & tickets’ (search_form) app: Trainline

s ry: Trainline journey search form. from: Bruxelles-Central,
to: Beersel. Outbound date 'Tue, Nov 14’ at '6:00 PM'’. A large
green primary button labeled 'Find times and prices’ is centered
on screen, followed by a 'More ways to pay’ card ...

ey.elements: 'Find times and prices’ primary button (OCR node
...; from: Bruxelles-Central; to: Beersel

page:

PRECONDITION v satisfied conf. 0.95
The 'Find times and prices’ button must be visible and enabled,
with origin/destination/date populated.

’Find times and prices’ button visible near screen center;
from field shows 'Bruxelles-Central’; to field shows 'Beersel’

checks:

SEMANTIC ACTION
t tap point: (0.500, 0.516) ®

’Find times and prices’ primary green button
g ng: Ul_tree_t node id 18, bbox [0.038889,0.491667,0.
961111,0.54]

a

EXPECTED DELTA page-changed = true
Tapping the button submits the search and navigates from the
journey-search form to the outbound results/timetable page for
Bruxelles-Central — Beersel on Tue, Nov 14, 2023.

+Earlier trains +Outbound total +Tue, Nov 14,
2023
Find times and prices -Live times & tickets

RECOVERY BRANCHES

- After tap, screen still shows the search form ('Find times ... =
tap (0.500, 0.516)

- A blank or loading page appears with no train rows for a ... =
wait 2s

- A date picker, time picker, or station editor opened instead ... =

back

VERIFIER HINTS progress =

+ text_appeared:

ns

tbound total +text._appeared:

ge-next : list_view (train timetable / search results)

Figure 7: (AndroidControl, tap). Screenshots and the generated contract annotation (condensed);

item_id: bced4d0caad880af5ccafc5c40.
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Goal

AndroidControl episode 14311/ step 2 | type

“l want to find a 3 seater sofa set to give to my friend Abdul Karim on his birthday on the 21st of december.”

%19 T @ & ovn 9207 @ & o<
« Q [semn Amazon.in o) I &  Q 3seatersofa

Q  3seatersofa

Q 3 seater sofa covers

Q 3 seater sofa for living room

Q 3 seater sofa cover stretchable

Q3 seater sofa cover for living room

Q 3 seater sofa cuma bed

Q3 seater sofa throw cover

Q3 seater sofa set

Q3 seater sofa wooden

type
> Q 3 seater sofa runner

Search with photo (B searchwithcamera

asdf ghj kI

&8z |x c|lv bln m &

(a) State s; + action

(b) Next state s¢41

(c) Generated contract annotation

MODEL STATE
page_type: search-screen-with_keyboard app: Amazon

: Amazon in-app search entry screen. The top search in-
put shows placeholder 'Search Amazon.in’ and is focused; the soft
keyboard is open; 'Search with photo’ and 'Search with camera’
options are shown above the keyboard. No results or ...

summar

PRECONDITION v~ satisfied
A focused, editable search field with the soft keyboard already
open is the standard precondition for a type action.

checks: search field focused; field editable; keyboard visible

SEMANTIC ACTION
:type text: ‘'3 seater sofa’’

: Amazon search input field (placeholder 'Search Ama-
at top of screen
nding: bbox [0.21, 0.

06, 0.97, 0.11]

EXPECTED DELTA page-changed = t rue
The typed text '3 seater sofa’ appears in the search field, the place-
holder is replaced, a 'Clear search keywords’ (X) button appears,
and an autocomplete suggestion list renders below the ...
evidence: text-appeared: 3 seater sofa; text-appeared: 3 seater
sofa covers

RECOVERY BRANCHES

- After typing, the search field still shows placeholder ... = tap
(0.500, 0.085)
= The field shows partial or altered text (not exactly '3 ... = tap

(0.930, 0.085)
- Keyboard is not visible, so typing cannot proceed = tap
(0.500, 0.085)

VERIFIER HINTS

+text '3

loop risk = Low
seater sofa’

no_change_risk = low
ible in search

evidence:

fi

st contains ‘3
seater ... +'’Clear search keywords’ button

search field still empty/placeholder
notes: press_enter is false; results/product page has NOT loaded.
Verifier must not accept 'search results appeared’ as ...

+au e suggestion

tocomp

present

Figure 8: (AndroidControl, t ype). Screenshots and the generated contract annotation (condensed);

item_id: 2c£51485dd9b973e83¢c97087.
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Goal

“Complete the breathing lesson on your own by doing it practically on the Insight Timer app.

(a) State s; + action

AndroidControl 'episode 12482 / step 2 ' wait

P

©

Congratulations!

BEGIN DAY 2

(b) Next state s¢41

(c) Generated contract annotation

MODEL STATE

page-type: media/meditation timer player app:
spotlightsix.zentimerlite2

summary: Full-screen meditation player over a mountain back-
ground with a singing-bowl icon. A timer reads '0:38’, a horizontal
progress seek bar is near its right end (content_description '94%’,
focused), and a central round Pause button (—) ...

com.

key_elements: id: 11; role: timer; text: 0:38; id: 12; role:
progress._seekbar; text: 94%; id: 13; role: pause_button
PRECONDITION v~ satisfied

A guided meditation/timer is actively playing (Pause button shown,
progress "94%); waiting lets the timed session run to completion.
checks: central Pause button visible in screenshot (indicates ..
progress seek bar at '94%’ near complenon prior history: tap play
then wait, so this wait continues ..

SEMANTIC ACTION

: wait

et : current meditation timer session

: Allow the in-progress breathing meditation to run to com-
pletion instead of interacting.

in

EXPECTED DELTA
+Congratulations!
2

-0:38 -94%

page_changed = true

+on completing day +BEGIN DAY

RECOVERY BRANCHES

After waiting the timer screen is unchanged (still shows ... =
wait
- The player shows a Play (triangle) button instead of Pause ... =
tap (0.500, 0.891)
« Screen changed to something other than the completion screen
.. = back
VERIFIER HINTS loop risk = 1ow no_change_risk = false
nce: +text ’‘Congratulations!’ present +text
pleting day 1’ ¢ +text ’BEGIN DAY 2’
present —timer "0:38’/’9 till present

Figure 9: (AndroidControl, wait). Screenshots and the generated contract annotation (condensed);

item_id: a4e5c920a70850d46d3a4debb.
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Goal

AndroidControl  episode 20089 / step 2 long_press

“There is a duplicate file of a Yerma pdf that | downloaded; delete the duplicate file from the Google Files app.”

< Downloads

(a) State s; + action

long.-press

1209 % @ & * -

x 1 §glec(ed

Download

3 minutes ago

20121106214533yermapdf_pdf
(1).pdf

oﬁa}ub ~eudha\ Pv()JP((L;u'P

93 kB, 57 minutes age

(0]

(b) Next state s¢41

(c) Generated contract annotation

MODEL STATE

: list_view app: Files by Google

Flles by Google 'Downloads’ list in list view un-
der a ’Today’ section, showing four files: WHO-2019-nCoV-
clinical-2023.2-eng.pdf (2.72 MB), two duplicate Yerma PDFs
'20121106214533yermapdf_pdf (1).pdf’ and ..

Downloads header with NaV|gate up’ back arrow

ary:

key_.elements:

; file row '20121106214533yermapdf_pdf (1).pdf, 235 kB’ ...; file
row '20121106214533yermapdf_pdf.pdf, 235 kB’
PRECONDITION v~ satisfied

checks: Target file row '20121106214533yermapdf_pdf (1).pdf" is

...; expert long_press point [0.518519, 0.35] falls inside that ...; In
Files by Google, long-pressing a file row is the ...
SEMANTIC ACTION
type: long.press point: (0.519, 0.350) ®
arget: duplicate Yerma PDF file row

'20121106214533yermapdf_pdf (1).pdf’ (235 kB) in the Down-
loads ...
intent: Enter multi-select mode with the duplicate Yerma PDF
selected so the delete/Move-to-Trash action becomes available.

EXPECTED DELTA page-changed = t rue
The list enters selection / contextual action mode: a contextual ac-
tion bar replaces the Downloads header, the long-pressed ’'(1).pdf’
row becomes selected, and delete/share actions appear.

+1 sele

Dow

RECOVERY BRANCHES
After the gesture the screen still shows 'Downloads’ header .
= long-press (0.519, 0.350)
’1 selected’ appears but the selected row title/subtitle is ...
tap (X) button in the ...’

- A PDF viewer / preview opens instead of selection mode. =-
back ‘return to the Downloads list’

=
‘Cancel

VERIFIER HINTS loop risk = 1c
3 +OCR/UI-tree cc ains

+'Move to

Tra

33yerm 1[,(1:,pzxf (1) .p

—'’Downloads’ t present

Do not treat pOSSIbIe,popup’ as a blocking modal; it is the
selection contextual action bar.

not

Figure 10: (AndroidControl, long_press). Screenshots and the generated contract annotation
(condensed); item_id: 5165dlel51752cac4ale8c38.
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Goal

AMEX episode c7882b1a075f.. / step 9 tap

“Open Booking.com. Search hotels in New York, from 1 November to 15 November. 2 guests and 2 children in 2
rooms with 2 single beds. Filters include balcony. Accept online payments. Sort by distance to downtown.”

84900 @

Select dates Select dates
Calendar I'm flexible Calendar I'm flexible
Sun Mon Tue Wed Thu Fri Sat Sun Mon Tue Wed Thu Fri Sat
20 21 22 23 24 25 26 tap 20 21 22 23 24 25 26
—
27 28 29 30 kil 27 28 29 30 kil
November 2024 November 2024
z ?
3 4 5 6 7 9 3 4 5 6 7 8 9

134

20 2

Exact dates ) (+1day ) (+2days ) (+3days ) (£7de

Select a check-out date

(a) State s; + action

134

20 2

((Bxact dates ) ((1day ) ( +2days ) ((+3days ) (27de

Nov 1- Nov 15 (14 nights)

Select dates

(b) Next state s¢41

(c) Generated contract annotation

MODEL STATE

page_type: date_picker_bottom.sheet app: com.booking
ary: Booking.com 'Select dates’ calendar bottom sheet is
open over a dimmed Stays search page. The 'Calendar’ tab is
active; November 2024 grid is visible. Nov 1 is highlighted blue as
the selected check-in date and the prompt 'Select a ...
keyelements: 'Select dates’ sheet title; Calendar / I'm flexible
tabs; November 2024 month grid

PRECONDITION v~ satisfied
checks : date-picker calendar sheet is open; check-in date Nov 1
already selected (blue); 'Select a check-out date’ prompt indicates
check-out is ...

SEMANTIC ACTION

type: tap point: (0.754, 0.731) ®

et : November 15 date cell in the calendar grid

nt: Tap the day '15'’ to set the check-out date, completing the
Nov 1 - Nov 15 range.

inte

Figure 11: (AMEX, tap).
item_id: 0€29249d359784689768be20.
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EXPECTED DELTA
True
+Nov 1

page_changed = false

Nov 15 +14 nights
—Select a check-out date

RECOVERY BRANCHES

- After tap, range summary does not show 'Nov 1 - Nov 15" and
.. = tap (0.754, 0.731)

- A different day range appears (e.g. Nov 1 - Nov 14 or Nov 1 - ...
= tap (0.754, 0.731)

- 'Select dates’ button remains greyed after selection = tap
(0.192, 0.396)

VERIFIER HINTS progress = positive loop risk = low
+’Nov 1 - Nov 15’ text +’14 nights’ text
+enabled blue ’Select dates’ button

s: Change is a within-sheet content/state update (range com-
pletion), not a full navigation; actual_delta labels ...

evidence:

not

Screenshots and the generated contract annotation (condensed);
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Goal
“turn on the 24-hour format for clock”

39 £ @ @

&

*a0

Date & time Q

Use network-provided
time

Use network-provided

time zone

(a) State s; + action

AITW  episode 180083870884.. / step 6 swipe

39 € @ @

&

*40
Q

Date & time

Use network-provided
time zone

swipe up
—_—

TIME FORMAT

Use locale default

(b) Next state s¢41

(c) Generated contract annotation

MODEL STATE

page-type: settings_page app: com.android.settings
summary: Android 'Date & time’ settings screen. Visible: 'Use
network-provided time’ toggle (on), Date 'May 11, 2022’, Time
'3:19 AM’, 'Use network-provided time zone’ toggle (on), Time
zone 'GMT-07:00 Pacific Daylight Time’. Back arrow and ...
key_elements: 'Use network-provided time’ toggle; Date ‘May
11, 2022’; Time '3:19 AM’

PRECONDITION v~ satisfied
checks: A vertically scrollable settings list with content below ...
SEMANTIC ACTION

type: swipe swipe: (0.426, 0.859) — (0.514, 0.308)

target : Date & time settings list
intent : Swipe up on the Date & time settings list to scroll down
and reveal the 'TIME FORMAT section, including the 'Use ...

Figure 12: (AITW, swipe).
item_id: b94aecl70aeb293c4b832cc?2.
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EXPECTED DELTA
+TIME FORMAT +locale +default
—network-provided -time

page-changed = true

RECOVERY BRANCHES

- After the swipe the same upper rows (Date / May 11, 2022) ...
= swipe up

- List overshot and the 'Use 24-hour format’ row scrolled past ...
=> swipe down

- 'Use 24-hour format’ toggle is visible but appears ...
(0.845, 0.578)

= tap

VERIFIER HINTS loop risk = false no-change.risk = false
+’Use 24-hour format’ present in OCR._next
+/TIME FORMAT’ present in OCR-next +'May 11, 2022’
absent in OCR.-next

notes: single scroll reveals target; a follow-up tap on 'Use locale
default’ then the 24-hour toggle likely needed

evidence:

Screenshots and the generated contract annotation (condensed);
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Goal

| AMEX ' episode 995b4b1d7e8b.. / step 6 type

“Open newsbreak. Search for recent environmental news. Follow the second associated account.”

(a) State s; + action

type

(b) Next state s;41

(c) Generated contract annotation

MODEL STATE

page.type: search.screen app: com.particlenews.newsbreak
summary: NewsBreak in-app search screen. The search field in
the top bar contains the query ’environment’ (text cursor after it),
with a back arrow at the left and a clear (x) icon at the right. Below
the field is an autocomplete suggestion ...

PRECONDITION v satisfied
checks : search field shows text ‘environment’; autocomplete sug-
gestion list visible below the field; history_actions include type 'en-
vironment’ into this field

SEMANTIC ACTION

type: type

target : search input field in the top bar

intent: Submit the already-typed query 'environment’ by press-
ing Enter to run the NewsBreak search.

Figure 13: (AMEX, type).
item_id: 5103471£383e2e6370f65fe2.
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EXPECTED DELTA page_changed = t rue
evidence: results tabs 'News’, 'Sources’, 'Ask LocalGPT’ visible;
"Sort by: Relevance’ control visible

RECOVERY BRANCHES

- Autocomplete suggestion list still visible and no results ... =-
type ‘search input field’

- Query text in the search bar changed to a suggestion label ...
= tap ‘clear (x) icon in the ...’

- Results page appears blank or shows only a loading spinner. =
wait

VERIFIER HINTS

evidence:

loop risk = 1ow no_change_risk = low
+'News’ /' Sources’ /' Ask LocalGPT’
tabs visible +result list of environment news
items visible +search bar retains ’environment’
—autocomplete suggestion list still shown
notes: Advances the search subtask; the goal’s "follow the sec-
ond associated account’ step still requires opening the Sources ...

Screenshots and the generated contract annotation (condensed);
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Goal

“Open Discord. Upload and send the most recent two photos to channel “holiday-plans” in server “Study Group”.”

AMEX episode 7272aff5d48f.. / step 3 ' back

FYrrl] B LT WwRoeHl - LT
& # general> Q F Friends
ML Q search &
sa Setup Progress
Qe O
+ @ Events
© weekend-music
# general
Welcome to Friends # games v
This is your brand new, shiny server.
# music
€ Set up your server ~ Voice Channels
9 back
> © Lounge
'Z» James Today st 1140 0 Stream Room
Where to eat
McDonald's O
Subway (@)
Ovotes - Thieft Show result
g James Today st 439 AN
P Let's gotomorrow
+ 8% &  Message #general ® ¢ a1

(a) State s; + action

(b) Next state s¢41

(c) Generated contract annotation

MODEL STATE

page-type: chat_-thread app: com.discord

summary: Discord viewing the ’#general’ text channel of the
’Friends’ server (top breadcrumb ’# general’). Content shows "Wel-
come to Friends / This is your brand new, shiny server., a 'Set up
your server’ card, a poll from James titled 'Where ...
key.elements: breadcrumb # general’ with back arrow at top-left;
"Welcome to Friends’ heading; poll 'Where to eat’ (McDonald’s /
Subway / Vote)

PRECONDITION v~ satisfied
The agent is inside the wrong channel (#general of 'Friends’) and
must navigate away to reach the correct server/channel. A back
press from a channel thread plausibly ...

checks: currently inside a channel thread view; back navigation
available (top-left arrow / system back); current channel is not the
target 'holiday-plans’

SEMANTIC ACTION

type: back

target: system/back navigation out of the '#general’ channel
thread

intent: EXxit the current channel view to reach the server and
channel list so the correct 'Study Group’ server / ...

Figure 14: (AMEX, back).
item_id: 6e5£f315f466979c0bcef9840.
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EXPECTED DELTA page_changed = true
The channel thread is replaced by the 'Friends’ server navigation
drawer: a 'Friends’ header with a Search box, a 'Setup Progress’
card, 'Text Channels’ (general, games, music), 'Voice ...
evidence: server/channel drawer visible with 'Friends’ header;
"Text Channels’ section listing general/games/music

RECOVERY BRANCHES
- After back the same '#general’ channel view is still shown =~
back

Back exits Discord entirely to the launcher home =- open_app
Navigation drawer is shown but the "Study Group’ (SG) server ...
= tap ‘’/SG’ (Study Group)

server ...’

VERIFIER HINTS

evidence:

loop risk = 1ow no-change_risk = 1ow
drawer header visible +’Text
+75G’
—-still inside ’#general’

+’Friends’

Channels’ list visible server icon visible
in server rail
thread

notes: single system back; reversible

channel

Screenshots and the generated contract annotation (condensed);
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Goal

AMEX episode 182a9ea23692.. / step 15 home

“Open Eventbrite. Set time to tomorrow. Clear all search filters. Select the third one in New York. Record its location

and time in Google Keep Notes. Add it to Favorites.”

v We've added the event to your shortlist

Q NewYork
@ ahrs

$ Refund policy

About this event

Business & Professional - Career

Read more

home
—

Location Show map

9@ New York
New York, Virtual Job Fair, New York, NY 10019

General Admission - Job Seekers

1

Free @

Reserve a spot

(a) State s; + action

°
&

Gallery

9 O

Chrome

Play Store

®

(b) Next state s¢41

(c) Generated contract annotation

MODEL STATE

page-type: product-detail app: com.eventbrite.attendee
summary: Eventbrite event detail page for a New York job-fair
event. A green success toast at top reads 'We've added the event
to your shortlist’. Below are event facts (location 'New York’, dura-
tion ’4 hrs’, refund policy), an ’About this ...

shortlist-added toast; location: New York; dura-

key-elements:
tion: 4 hrs

PRECONDITION v~ satisfied
PRESS_HOME is a global system action that is always available.
It is meaningful here because the favorites/shortlist subgoal is al-
ready reflected on screen and the next ...

Eventbrite event detail page is foreground; system nav-
no modal dialog

checks:
igation/home affordance is always available;
blocks navigation

SEMANTIC ACTION

type: home

target: system home button

intent: Leave the Eventbrite event detail page and return to the
launcher home screen, a preparatory navigation step toward ...

Figure 15: (AMEX, home).
item_id: 5e5ca51a438767a72724dc96.
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EXPECTED DELTA page-changed = t rue
App foreground changes from the Eventbrite event detail page to
the Android launcher home screen.

+launcher home screen +Google search widget
Gallery, Chrome, Play Store
—Eventbrite event detail content -shortlist toast

+app
icons:

RECOVERY BRANCHES

- After pressing home the Eventbrite page is still foreground ... =
home

- Launcher appears but the agent needs Google Keep, which is
... = open_app

- A different app (e.g., recent app) is shown instead of the ... =
home

VERIFIER HINTS progress = advances by ...
+ screenshot.next is launcher home
+page-changed true in actual-delta

loop risk = Low
evidence: (not
Eventbrite)
+image_similarity 0.316 confirms large visual

change

Screenshots and the generated contract annotation (condensed);
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Goal

“Open Castbox. Explore 'History’ category. Play the top podcast, then pause.”

o

Play Store

°
&

[

(a) State s; + action

swipe up
—

(c) Generated contract annotation

MODEL STATE

page_type: launcher_home app: com.android.launcher3
summary: Launcher home screen: legacy Google search widget
near top, two app shortcuts (Gallery, Play Store) mid-lower, and a
bottom dock (Phone, Messaging, Android/app, Camera). No app
drawer open yet.

key.elements: home screen wallpaper; Google search widget;
Gallery and Play Store shortcuts

PRECONDITION v~ satisfied conf. 0.82
On a launcher home screen an upward swipe from the lower area
opens the app drawer, which is the standard way to reach apps
without a home shortcut (Castbox).

checks: home screen visible (wallpaper + widget + dock); no app
drawer currently open; swipe originates in lower/central area

SEMANTIC ACTION

type: swipe swipe: (0.394,
0.298) app: com.android.launcher3
intent : open the app drawer to locate the Castbox app

0.853) — (0.560,

AMEX episode bdf0688f15c0.. / step 1 swipe
8060@O = - ow4dn
Q Search apps
@O » o
365Scores  All Email Amaze AP News  Appium...
@=wa n
BBCNews BBCSport belNSP. BlueMail Bundle
: 0060
Calendar Camera  Castbox  Chrome Clock
B & > E @
Contacts Contacts Dev Tools ESPN Everuts
006G ~0
Fasting ... Files Flipboard Formula1 Freeletics
~
“ L IC @
Gallery Gmail Google HomeW... Keep Not.
M= ©
(b) Next state s;41
EXPECTED DELTA page_-changed = true

Home wallpaper is replaced by the app drawer overlay: a 'Search
apps’ bar at top and an alphabetical app grid. Castbox app icon is
visible among the listed apps.

evidence: 'Search apps’ bar appears at top; alphabetical app
grid appears

RECOVERY BRANCHES

+ Still on home screen; app drawer did not open = swipe up

-+ App drawer opened but Castbox not visible in current view =-
tap (0.500, 0.083)

- Wrong page appeared (e.g. recent apps or notifications shade)
= back

VERIFIER HINTS

evidence:

loop risk = 1ow no_change_risk = false
+actual-delta.page-changed=true
similarity 0.441
screenshot_next drawer
AMEX sample: no OCR/UI tree; delta grounded on
screenshot comparison and actual_delta.page_changed. Castbox
icon ...

+image.
+Castbox icon visible in

no

Figure 16: (AMEX, swipe). Screenshots and the generated contract annotation (condensed);

item_-id: 974a3a3019blf3da3%adcdac.
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