VISTA: View-Consistent Self-Verified Training for GUI Grounding
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Abstract

When applying Group Relative Policy Opti-
mization (GRPO) for GUI Grounding, rollouts
are sampled from a single screenshot view;
groups often become either all failures on dif-
ficult instances or all successes on easy ones,
yielding no useful relative advantage. We pro-
pose VISTA (View-Consistent Self-Verified
Training), a GRPO-based training framework
that constructs each comparison group from
multiple target-preserving views of the same
GUI instance. Each view is generated by a
crop that keeps the target element visible and
remaps its box exactly, so model rollouts are
compared across semantically equivalent but
geometrically different inputs. To stabilize
short coordinate generation without turning re-
inforcement learning into unconditional imita-
tion, VISTA further adds a self-verified cross-
view anchor: an oracle answer optimized with
an advantage-weighted loss, excluded from the
group baseline and activated only when the
model has produced a maximum-reward rollout.
Across five GUI-grounding benchmarks and
multiple Qwen backbones, VISTA consistently
improves grounding accuracy. On ScreenSpot-
Pro, it raises Qwen3-VL 4B/8B/30B-A3B from
55.5/52.77/53.7 to 63.4/65.8/67.0. Robustness
analyses further show higher worst-view accu-
racy and lower prediction flip rates.

1 Introduction

GUI grounding enables autonomous agents to inter-
act with digital interfaces by mapping a screenshot
and a natural language instruction to a click co-
ordinate (Wang et al., 2025a; Zhou et al., 2025a;
Gu et al., 2025a; Wang et al., 2025¢). Compared
with general visual grounding, GUI grounding is
especially sensitive to localization errors, as Ul el-
ements such as icons, input fields, and buttons are
often small, densely arranged, and visually similar;
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a slight spatial mistake may activate the wrong ele-
ment and disrupt the subsequent workflow (Tang
et al., 2025b; Wang et al., 2025b).

Recent work has made significant progress
in applying Group Relative Policy Optimization
(GRPO) with verifiable rewards for GUI ground-
ing, where click correctness can be evaluated by a
rule-based point-in-box reward (Yang et al., 2025;
Luo et al., 2025; Tang et al., 2025a).

However, as illustrated in Figure 1, directly ap-
plying GRPO to GUI grounding exposes two forms
of reward degeneracy, both of which collapse the
group-relative advantage and remove the learning
signal (Guo et al., 2025; Yu et al., 2026; Lu et al.,
2025). With sparse binary point in box rewards,
repeated rollouts from a single view may all miss
the target on difficult screenshots, forming a fixed
view all fail group. On easier screenshots, all roll-
outs may hit the target, which also eliminates re-
ward variance. Figure 3f shows that fewer than
5% of fixed-view training samples form informa-
tive groups, namely groups that are neither all-zero
nor all-one. This issue is severe in GUI grounding
because coordinates are tied to the screenshot ge-
ometry: a prediction that is correct in one view may
shift after a target preserving crop, even when the
target remains visible (see Table 5) (Zhang et al.,
2025c). Thus, both all-fail and all-correct degen-
eracy reveal a shared bottleneck: vanilla GRPO
constructs groups by repeatedly sampling from one
fixed view, which often fails to expose informative
differences among rollouts.

These observations suggest that the key design
choice is not only how to reward a click, but also
how to construct the comparison group. For GUI
grounding, an informative group should preserve
the same instruction and target semantics while
varying the view geometry, so that the policy is
compared across semantically equivalent but geo-
metrically different inputs. Such view consistent
grouping increases the chance of observing a suc-
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Figure 1: Motivation of VISTA. In vanilla GRPO, multiple rollouts from the same screenshot can produce
homogeneous rewards, yielding zero relative advantage. VISTA constructs the group from target-preserving views
of the same GUI instance. These views preserve the instruction and target semantics while changing the screenshot
geometry. As a result, VISTA turns homogeneous fixed-view rewards into informative cross-view variation.

cessful rollout on difficult instances and reveals
unstable predictions on easy ones. By keeping
the instruction and target unchanged while varying
the view geometry, the policy is compared across
inputs that require the same action but different co-
ordinate predictions. Since coordinate generation
is sensitive to format and geometry, we separate the
model generated rollouts used for group statistics
from the oracle answer, which is used only as a
conditional stabilizing signal after the model has
already succeeded.

In this work, we introduce VISTA (View-
Consistent Self-Verified Training), a GRPO-
based training framework for GUI grounding
that revisits group construction from this per-
spective. VISTA consists of two components:
View-Consistent Group Rollout and Self-Verified
Cross-View Anchoring. View-Consistent Group
Rollout constructs each GRPO group from multiple
target-preserving views of the same GUI instance,
rather than from repeated completions on a single
screenshot. As shown in Figure 3f, this construc-
tion increases the fraction of informative groups,
namely groups that are neither all-zero nor all-
one, from fewer than 5% under fixed-view GRPO
to around 20%, restoring useful intra-group re-
ward variance for both difficult and easy instances.
Thus, VISTA mitigates all-fail degeneracy primar-

ily through view-consistent group construction, not
through unconditional oracle injection.

However, multi-view rollout alone can make co-
ordinate generation unstable on hard or ambiguous
views. To stabilize training, we further introduce a
self-verified cross-view anchor that uses oracle an-
swers only as a conditional stabilizing signal, while
keeping the GRPO comparison statistics defined
by model-generated rollouts.

Our contributions are summarized as follows:

* We propose view-consistent group rollout,
which constructs GRPO groups from multi-
ple target-preserving views of the same GUI
grounding instance and computes model-only
group statistics across these views.

* We introduce a self-verified cross-view an-
chor that provides an oracle coordinate only
when the current policy has already produced
a maximum-reward rollout, preventing oracle
targets from changing the GRPO baseline or
supervising all-fail groups.

* We provide comprehensive validation across
model family and benchmarks. On
ScreenSpot-Pro, VISTA improves Qwen3-
VL series models from 55.5/52.7/53.7 to
63.4/65.8/67.0 at the 4B/8B/30B-A3B scales.
On Qwen3.5 initialized backbones, VISTA



improves ScreenSpot-Pro over standard
GRPO by +2.0/+0.9/+1.2 points at the
4B/9B/35B-A3B scales, with the 35B-A3B
model reaching 72.9.

2 Related Work

GUI Grounding Recent advances in GUI agents
have been driven by specialized GUI grounding
models that map natural-language instructions to
precise screen coordinates (Tang et al., 2025b;
Zhang et al., 2025a; Zheng et al., 2024; Wang
et al., 2025b; Nguyen et al., 2025). Early works
established the task through large-scale supervised
fine-tuning (SFT) on GUI datasets, demonstrating
effectiveness across mobile, web, and desktop in-
terfaces (Cheng et al., 2024; Lin et al., 2024; Qin
et al., 2025a; Yang et al., 2024; Gou et al., 2025;
Wau et al., 2024; Lu et al., 2024; Xu et al., 2025).
More recently, reinforcement learning with rule-
based click rewards has emerged as a promising
technique to further enhance grounding accuracy
beyond SFT baselines (Yang et al., 2025; Tang
et al., 2025a; Zhou et al., 2025b; Luo et al., 2025;
Guetal., 2025a; Team et al., 2026; Qiu et al., 2026).
However, existing RL approaches suffer from di-
minishing training effectiveness as optimization
progresses.

Oracle Guidance in GRPO Training GRPO
has been widely adopted for post-training large lan-
guage models, consistently improving performance
across diverse tasks (Yu et al., 2026; Guo et al.,
2025; Shao et al., 2024). However, GRPO degener-
ates when group rollouts are uniformly correct or
incorrect, collapsing the relative advantage to zero
and eliminating the learning signal. To address this,
recent works in math and reasoning try to introduce
oracle guidance to ensure informative training up-
dates. LUFFY (Yan et al., 2026) mixes off-policy
traces from a stronger teacher into the group, using
regularized importance sampling to balance imita-
tion and on-policy exploration. BREAD (Zhang
et al., 2026) adaptively inserts partial expert pre-
fixes whenever on-policy rollouts fail, guaranteeing
at least one successful trace per update.

3 Method

As illustrated in Figure 2, we introduce VISTA,
a View-Consistent Self-Verified Training frame-
work for GUI grounding built on GRPO. The key
idea is to construct the GRPO group from multi-
ple target-preserving views of the same screenshot,

rather than repeated rollouts on a single fixed ren-
dering. To stabilize training, VISTA appends an
oracle answer as a self-verified cross-view anchor.

3.1 Problem Setup

Given a screenshot I, an instruction ¢, and a
ground-truth target box B = (1, y1, x2,y2), GUI
grounding asks a policy 7y to output a coordinate
string y. Following the Qwen-style grounding in-
terface, the output string y is parsed into a click
point p = (&, ) in the discrete 0-1000 image co-
ordinate space. A prediction is considered correct
if the parsed click point lies inside the target box.

We use a verifiable reward that matches this
click-based interface. Let ValidFmt(y) indicate
whether y can be parsed as a coordinate string of
the form [, y]. The reward is defined as

R(y, B) = I[ValidFmt(y)] - I[p € B]. (1)

The maximum reward is therefore R,.x = 1.

3.2 GRPO for GUI Grounding

Standard GRPO (Guo et al., 2025) samples G com-
pletions {y; }$, for the same prompt and computes
normalized advantages from the group rewards:
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Directly applying GRPO to GUI grounding has
two limitations: rollouts from a fixed screenshot
do not encourage robustness to view changes, and
short coordinate outputs often collapse to near-
identical strings, producing low reward variance.
We therefore construct each group from target-
preserving views of the same task, so that reward
comparisons measure localization across render-
ings rather than repeated completions under one
fixed screenshot.

3.3 View-Consistent Group Rollout

A valid view transformation must preserve the tar-
get geometry and allow exact label remapping. We
use target-preserving crops that fully contain the
target, with constrained crop scale and contextual
margins to reduce semantic ambiguity. Each crop
is therefore a view-consistent approximation of the
original grounding task.

We view each crop as a sample from a condi-
tional view distribution 7 (- | I, B), so the group



A. Target-Preserving View Construction

B. Model-only View-Consistent GRPO Group
G = Kn model rollouts

C. Self-Verified Cross-View Anchor

igi , omcomputed from model samples only 5 ifi i
Orglg”.]al = = Hm, Tm Gate (Self-verification)
(1,Q,B) View Vj Completion yy ; Reward 7, ; 9= 1[maxk,jrk,i = Rinax]
Query = [221,842] =1 H ‘j
“Click the Ifg=1: If g =0:
export button” [584,892] >< Activate anchor Zero-advantage
no-op
@Crop to target-preserving views — )
View 1 View 2 V, = == [275,768] (r2n = 1V (L
— = = ——
v, 552 [903,445] Tem = 0]%
_Tkj — Hm
Ak} B O-IH. + 3

(1,Q,B) = {(Vi, Q, Bi)}¥k=1

L =L ¢rpo + AaL anchor + BL kL

[ Same instruction; target box exactly remapped. J

[ Final Objective }

Figure 2: Overview of VISTA. VISTA constructs GRPO groups from target-preserving views of the same GUI
grounding instance. Model rollouts define the group statistics, while an oracle-format center-point anchor is activated

only for self-verified groups.

baseline is computed over target-preserving render-
ings of the same grounding instance rather than a
single fixed prompt. With probability perop, a train-
ing instance is converted into K target-preserving
cropped views. Otherwise, we use the original full-
screen image as a single view and sample G com-
pletions from it, recovering the fixed-view GRPO

group.

Target-preserving crop generation. Let the
original image size be W x H, and let BP* =
(z1, Y1, T2, y2) denote the target box in pixel coor-
dinates. For each cropped view k, the initial crop
size is set to (wg, hg) = (0.9W, 0.9H). If the
resulting crop is smaller than the target box, we
enlarge it so that the target can be fully contained.

A valid crop window C, = (I, tg, wg, hy) must
satisfy BP* C (. For each view, we indepen-
dently sample the top-left corner uniformly from
these feasible ranges:

Iy ~ U (max(0,z2 — wg), min(z1, W — wy)),

3
ty ~ U (max(0,y2 — hy), min(y1, H — hg)), &

for k = 1,..., K. This yields K cropped views
without truncating the target Ul element.

Coordinate remapping. For each valid crop, we
remap the target box into the cropped coordinate
frame and normalize it:

By = (1000=%, 1000 4-1x,

)
1000M’ 1000%;%) )
Wi k

The cropped image is then resized for the VLM
input, while the target box is obtained by exact
geometric remapping.

Group construction. Given K target-preserving
views {(Vi, Bg)}<_ |, we sample n = G/K com-
pletions per view, assuming K divides the GRPO
group size G:

Yk,j ™~ Too1q ¢ 1 Vi, q)s

k=1,...
k.5 = R(Yk,j, Br),

5)
The model-generated group contains G = Kn roll-
outs. Its statistics are computed as

1 K n
Hm = EZZT’W’

k=1j=1

P (6)
Om = \j ézz(rk,] - N/m)27
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and the corresponding model-sample advantages

are
Ay = M (7
Om + €
When n > 1, the group retains within-view sam-
pling stochasticity; when K = G, it maximizes
cross-view diversity. In both cases, advantages
compare predictions across views of the same se-

mantic target.

3.4 Self-Verified Cross-View Anchoring

As shown by the training diagnostics in Figure 3,
multi-view rollouts improve exploration over target-



preserving views, but they can also make the re-
ward signal less stable. In particular, GUI ground-
ing outputs are short coordinate strings, and re-
peated negative advantages on invalid or poorly
localized completions may reduce the probability
of producing valid coordinates. To stabilize train-
ing without reverting to unconditional supervised
fine-tuning, we introduce a self-verified cross-view
anchor. We use the term self-verified to indicate
that the anchor is activated only when a model-
generated rollout, rather than the oracle sequence
itself, achieves the maximum verifier reward.

The anchor uses the ground-truth geometry only
when the current policy has already produced evi-
dence that the instance is solvable within the same
view-consistent group. A maximum-reward rollout
indicates that the policy can ground the target in
at least one target-preserving view. In contrast, if
no rollout reaches the maximum reward, the group
provides no model-side evidence that the instance
is currently solvable. In such cases, forcing an
oracle coordinate would turn the update into uncon-
ditional supervised learning. We therefore activate
the anchor only for self-verified groups.

3.5 Training Objective

Let P = {(k,j) : rrj = Rmax} denote the set
of maximum-reward model rollouts, and let /' be
its complement within the group. When ' is non-
empty, we choose the anchor view uniformly from
N, so that the oracle anchor preferentially targets
a view where the current policy has not yet pro-
duced a perfect prediction. If all model rollouts
are already perfect, we choose the anchor view
uniformly from the full group.

Given the selected view V;+ and its remapped
box By+ = (x1,y1,T2,y2), we construct the
oracle-format coordinate sequence as the box cen-
ter, y* = (21 +22)/2], (1 +12)/2)0.

Although this sequence is geometrically valid by
construction, it is not assigned a positive reward un-
conditionally. The anchor advantage is computed
with the model-only group baseline:

A =[P 4 ] Tomex = fom. ®)
Om + €

The oracle sequence is excluded from p,, and
om. This is important: including the oracle in
the group statistics would allow a ground-truth se-
quence to shift the baseline, creating implicit su-
pervision even for groups where the model never
succeeds. By contrast, our model-only baseline

ensures that the anchor contributes a nonzero su-
pervised signal only when the group is self-verified
by at least one maximum-reward rollout. When
all model rollouts fail to reach R, .y, the anchor
becomes a zero-advantage no-op. The model-
generated rollouts may still contribute standard
GRPO updates if their rewards are non-identical,
but no oracle-anchor update is applied.

This gating prevents the anchor from becom-
ing unconditional supervised fine-tuning on groups
where the policy has not yet produced any evidence
of successful grounding. It also reduces the in-
fluence of noisy annotations or ambiguous target
views.

This design distinguishes VISTA from com-
mon mixed-policy or off-policy-supervised vari-
ants (Yan et al., 2026; Zhang et al., 2026). Ground-
truth injection inserts oracle completions into the
RL update or candidate group, which can alter the
effective comparison set. Fixed-weight SFT mixing
adds a supervised loss with a constant coefficient,
regardless of whether the current policy has already
discovered the target. In contrast, our anchor is self-
verified, baseline-excluded, and conditional: it pro-
vides a supervised stabilizer only for groups where
the current policy has already demonstrated suc-
cessful grounding, while avoiding unconditional
imitation on groups where grounding has not yet
emerged.

For a model-generated completion y;, ;, we use
the clipped GRPO objective

Cetip (Yh > Arg) = D min (prje kg, P, Ak j)
t )

Pk,j,t = clip (pr,j,t, 1 — €clip, 1 + €clip)

where

To(Yk,j,t | Vier @ Uk, j,<t) (10)

Pk,j,t — .
P Mo (Yt | Vies @5 Yk j,<t)

The oracle sequence is not an on-policy sample.
We therefore optimize it as an advantage-weighted
supervised anchor:

Canchor(y", AT) = sg(AT) D “logme (v | Vi, q,v%,)

t (an
where sg(-) denotes stop-gradient.
The final loss is

K n
Z Z éclip (yk,jv Ak-,j)

k=1 j=1

1
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12)

+ Aaeanchor(y+7 A+) + BEKLv




Table 1: Overall results of VISTA across five GUI-grounding benchmarks. We highlight the best and
second-best results within each model size category. * denotes our evaluated results.

Model SSPro SSv2 MMBench-L2  OSWorld-G-R OSWorld-G Avg.
~4B
Qwen3-VL-4B* (Bai et al., 2025) 55.5 88.5 85.3 67.9 58.2 71.1
Step-GUI-4B (Yan et al., 2025) 60.0 93.6 84.0 66.9 60.5 73.0
VISTA-4B 63.4 94.4 86.7 69.4 63.8 75.5
+ MVP 71.6 94.5 86.8 69.6 64.0 71.3
~8B
UI-TARS-1.5-7B (Qin et al., 2025a) 35.7 91.6 64.3 64.2 52.8 61.7
OpenCUA-7B (Wang et al., 2025¢) 50.0 92.3 - - 553 -
GTAI1-7B (Yang et al., 2025) 50.1 92.4 - 67.7 60.1 -
UI-Venus-7B (Gu et al., 2025a) 50.8 94.1 79.9 61.7 54.6 68.2
GUI-Owl-7B (Ye et al., 2025) 54.9 92.8 80.5 - 55.9 -
Step-GUI-8B (Yan et al., 2025) 62.6 95.1 85.6 70.0 - -
Qwen3-VL-8B™ (Bai et al., 2025) 52.7 91.7 81.3 64.4 54.8 69.0
Holo2-8B (Company, 2025) 58.9 93.2 84.5 70.1 63.5 74.0
MAI-UI-8B (Zhou et al., 2025a) 65.8 95.2 88.8 68.6 60.1 75.7
VISTA-8B 65.8 95.5 86.8 70.8 62.4 76.3
+ MVP 72.0 95.6 87.3 70.9 63.1 77.8
>30B
Qwen3-VL-30B-A3B™ (Bai et al., 2025) 53.7 94.7 83.7 69.3 66.5 73.6
Holo2-30B-A3B (Company, 2025) 66.1 94.9 86.8 76.1 65.2 71.8
OpenCUA-32B (Wang et al., 2025¢) 553 93.4 - 70.2 59.6 -
GUI-Owl-32B (Ye et al., 2025) 58.0 93.1 83.0 - 58.0
GTA1-32B (Yang et al., 2025) 63.6 95.2 - 722 65.2
OpenCUA-72B (Wang et al., 2025¢) 60.8 92.9 - - - -
UI-Venus-72B (Gu et al., 2025a) 61.9 95.3 86.3 69.5 62.2 75.0
VISTA-30A3B 67.0 95.2 86.8 72.0 67.1 77.6
+ MVP 74.1 95.4 87.6 72.5 67.6 79.4

where A, controls the strength of the anchor loss
and is set to 1 unless otherwise specified. In im-
plementation, the oracle coordinate sequence is
appended as an additional sequence and optimized
through the same token-level training pipeline as
the model completions.

4 Experiments

We evaluate VISTA from three perspectives. First,
we test whether view-consistent self-verified train-
ing improves GUI grounding across model scales
and benchmarks. Second, we examine whether
the improvement is tied to a specific Qwen3-VL
initialization. Third, we isolate the effects of view-
consistent dynamic cropping, self-verified anchor-
ing, and crop-set robustness. Unless otherwise
specified, VISTA uses K =G=8 target-preserving
views and appends one oracle center-point comple-
tion per training block.

4.1 Experimental Setup

Benchmarks and metrics. We report results
on five GUI-grounding benchmarks: ScreenSpot-
Pro (Li et al., 2025), ScreenSpot-V2 (Wu et al.,
2024), MMBench-GUI L2 (Xuehui Wang et al.,
2025), OSWorld-G-R, and OSWorld-G (Xie et al.,
2025). These benchmarks cover mobile, web, desk-
top, and high-resolution professional software in-
terfaces. For all datasets, the model predicts a

normalized coordinate in the 0-1000 frame, and
a prediction is counted as correct when the point
falls inside the target element. We use accuracy as
the primary metric and report the average over the
listed benchmarks when all required numbers are
available in the corresponding table. All evalua-
tions are conducted with deterministic decoding at
temperature 0.

Models and baselines. Our main experiments
instantiate VISTA on Qwen3-VL backbones at the
4B, 8B, and 30B-A3B scales. We compare against
the original Qwen3-VL models and recent GUI
grounding models within the same parameter-scale
groups. All VISTA rows use standard single-view
inference unless marked with + MVP. MVP (Zhang
et al., 2025¢) is an orthogonal inference-time multi-
view aggregation method; we include it to test
whether a model trained with view-consistent roll-
outs remains compatible with test-time view aggre-
gation. For cross-backbone evaluation, we addi-
tionally train Qwen3.5-initialized models and com-
pare VISTA against standard GRPO under the same
backbone family.

Training dataset and cost. We train VISTA
on roughly 120K GUI-grounding samples cu-
rated from open-source datasets, including
SeeClick (Cheng et al., 2024), Widget Caption-
ing (Li et al., 2020), ShowUI-web (Lin et al., 2024),
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Figure 3: Training dynamics and reward diagnostics. Degenerate group ratios: “All-zero” groups contain only
zero-reward responses, while “All-one” groups contain only full-reward responses; both are uninformative for
policy-gradient updates and lower is better. The informative group ratio, 1 — ratioay—ero — ratioai—one, s the
share of non-degenerate groups containing both successful and unsuccessful rollouts.

UI-RefExp (Bai et al., 2021), OmniAct (Kapoor
et al., 2024). Compared with standard GRPO,
VISTA incurs a moderate training overhead: across
different model sizes, training for the same number
of steps increases wall-clock time by approximately
25% under the same training setup.

Implementation details. All VISTA runs use
(GG=8 generations. For VISTA, we use K =8 target-
preserving views, one completion per view, and
one self-verified oracle anchor with \,=1. Dy-
namic cropping is applied to pe,o, = 80% of train-
ing examples, while the remaining 20% use pass-
through full-screen views. We train with Deep-
Speed ZeRO-3, bfloatl6 precision, frozen vision
modules, a learning rate of 1x 1076, KL coefficient
£5=0.04, and total batch size 128.

4.2 Main Results

Table 1 shows that VISTA consistently improves
the Qwen3-VL backbone across scales. At 4B,
8B, and 30B-A3B, the average score increases
from 71.1/69.0/73.6 to 75.5/76.3/77.6, respectively.
The largest gains appear on ScreenSpot-Pro, where
small targets and dense high-resolution interfaces
make coordinate errors especially costly: VISTA
improves Qwen3-VL by +7.9, +13.1, and +13.3
points at the three scales. By contrast, ScreenSpot-
V2 is already near saturation for strong GUI mod-
els, so the gains there are smaller but still posi-
tive. This pattern supports the central motivation of
VISTA: view-consistent rollouts and self-verified
anchoring mainly help on difficult instances rather

Table 2: Cross-backbone generalization with
Qwen3.5-initialized models.

Method SSPro SSv2 0S -G 0S-G-R
4B

Qwen3.5-4B 60.3 90.4 54.4 66.8
GRPO-4B 62.2 94.2 59.9 69.2
VISTA-4B 64.2 93.8 61.2 69.7
A +2.0 -0.4 +1.3 +0.5
9B

Qwen3.5-9B 65.2 91.9 63.1 74.6
GRPO-9B 68.3 95.2 67.5 75.2
VISTA-9B 69.2 95.8 68.1 75.5
A +0.9 +0.6 +0.6 +0.3
35B-A3B

Qwen3.5-35B-A3B 68.6 93.8 65.8 72.5
GRPO-35B-A3B 71.7 95.7 70.4 74.3
VISTA-35B-A3B 72.9 95.8 71.5 75.3
A +1.2 +0.1 +1.1 +1.0

than only improving easy benchmarks.

VISTA also combines well with inference-time
multi-view prediction. Adding MVP further raises
the average scores to 77.3, 77.8, and 79.4 at the
4B, 8B, and 30B-A3B scales. The improvement is
again most pronounced on ScreenSpot-Pro, where
the + MVP rows reach 71.6, 72.0, and 74.1. Since
MVP is applied only at inference time, these results
indicate that the robustness learned by VISTA is
complementary to test-time view aggregation.

Figure 3 summarizes the training dynamics
and reward diagnostics. Compared with standard
GRPO, multi-view rollout reduces all-zero degen-
eracy and improves content reward, but its format
reward is noticeably unstable during training. This
confirms that view diversification alone can intro-
duce additional coordinate-format instability. By
combining view-consistent rollout with the model-
verified anchor, VISTA maintains a high and stable



Table 3: Ablation study on the components of VISTA.
The shaded row marks the full model with dynamic
cropping and adaptive supervision. View group denotes
view-consistent rollout groups; Anchor denotes self-
verified adaptive anchor supervision.

Method Components Accuracy T
View group Anchor SSV2 SSPro

Qwen3-VL-8B X X 91.7 54.6
SFT X X 93.6  59.8
SFT + aug X X 94.6  60.5
GRPO X X 952 634
GRPO + aug X X 95.1 64.0
GRPO + crop v X 954 643
GRPO + anchor X v 95.3 64.8
VISTA v v 95.5  65.8

Table 4: Ablation study on anchor supervision
(Qwen3-VL-8B). Adaptive gating avoids unverified or-
acle updates while preserving a model-only baseline.
Gate denotes self-verified adaptive activation.

Anchor Gate SSVv2 SSPro
None - 95.4 64.3
Normalized X 93.8 57.8
Const. SFT X 94.8 63.9
Normalized v 95.5 65.8

format reward while improving content reward and
ScreenSpot-Pro accuracy.

4.3 Cross-Backbone Generalization

To test whether VISTA depends on Qwen3-VL
initialization, we train Qwen3.5-initialized back-
bones at 4B, 9B, and 35B-A3B scales and compare
them against standard GRPO. Table 2 shows that
VISTA transfers beyond the Qwen3-VL family. It
improves ScreenSpot-Pro at all three scales and
improves OSWorld-G-R for each reported back-
bone. At 9B, VISTA still improves ScreenSpot-Pro,
ScreenSpot-V2, and OSWorld-G-R.

4.4 Ablation Study

Table 3 isolates the two components of VISTA on
the 8B model. Plain supervised crop augmentation
has only a small effect on ScreenSpot-Pro, improv-
ing SFT from 59.8 to 60.5. This confirms that the
benefit does not come from adding cropped images
alone. Within RL, dynamic crop alone improves
standard GRPO from 63.4 to 64.3, while adaptive
supervision alone improves it to 64.8. Combin-
ing both components gives the best result, 65.8
on ScreenSpot-Pro and 95.5 on ScreenSpot-V2,
showing that view construction and self-verified
anchoring address complementary failure modes.

Table 5: Comparison under different view settings.
Worst denotes worst-view accuracy; VCR is view-
consistency rate; Flip is prediction flip rate; Base is
Qwen3-VL-8B.

Model Accuracy VCR+ Flip |
Orig. Crop  Worst

Base 81.82 8125 71.46 75.76 17.28

GRPO 94.19 93.00 87.63 88.38 8.31

VISTA 9571 96.25 9242 90.40 5.80

Supervision strategy. Table 4 compares differ-
ent anchor-supervision strategies under the GRPO
+ multi-view rollout setting. Simply adding a nor-
malized oracle anchor without gating severely hurts
performance, dropping ScreenSpot-Pro from 64.3
to 57.8. This is because many early groups are
all-zero: all model rollouts receive reward 0, so
the model-only baseline has p,, = 0 and oy, = 0.
If the ungated oracle anchor is still assigned re-
ward 1, its normalized advantage becomes approxi-
mately 1/e, producing an excessively large super-
vised update on unverified examples. Constant
SFT avoids this advantage explosion, but it applies
the oracle signal unconditionally and brings only
marginal gain. In contrast, our gated anchor ac-
tivates only when the group is self-verified by at
least one maximum-reward model rollout. Thus,
all-zero groups receive no oracle update, while ver-
ified groups still benefit from a positive stabiliz-
ing signal. This yields the best results, 95.5 on
ScreenSpot-V2 and 65.8 on ScreenSpot-Pro.

4.5 Crop Perturbation Diagnostic

Finally, we conduct a training diagnostic to mea-
sure sensitivity to crop perturbations. We sample
250 training examples and, for each, evaluate the
original view with eight randomly cropped target-
preserving views, using the same crop procedure
as training. We report original and crop-view ac-
curacy, worst-view accuracy, view consistency rate
(VCR), and prediction flip rate, where VCR mea-
sures prediction consistency for the same query
across image inputs. For the exact computation of
VCR and prediction flip rate, see Appendix A.2.
Table 5 shows that VISTA improves both aver-
age accuracy and cross-view stability. Compared
with standard GRPO, VISTA raises crop accuracy
from 93.00% to 96.25%, worst-view accuracy from
87.63% to 92.42%, and VCR from 88.38% to
90.40%. 1t also reduces the prediction flip rate
from 8.31% to 5.80%.



5 Conclusion

We presented VISTA, a view-consistent self-
verified training framework that uses target-
preserving cropped views, exact coordinate remap-
ping, and a self-verified oracle anchor to better
align RL with GUI grounding. Across bench-
marks, scales, and backbones, VISTA improves
accuracy and crop robustness, suggesting that view-
consistent group construction is an effective train-
ing signal for GUI grounding.

Limitations

VISTA is designed for actionable GUI ground-
ing tasks whose supervision can be verified by
coordinate-format rewards. For datasets that mix
actionable instructions with refusal-style examples,
the anchor mechanism should be applied selec-
tively rather than uniformly. In our implementa-
tion, oracle coordinate anchors are used only for
actionable samples with valid target boxes, while
refusal or non-actionable samples can be routed
to a separate training objective or excluded from
anchor activation. Equivalently, the anchor gate
can be extended with task-type checks, so that re-
fusal examples do not introduce non-coordinate
anchor sequences into the cross-view group. This
suggests that mixed actionable/refusal datasets are
compatible with the framework, but require refusal-
aware routing or reward design to avoid conflating
coordinate grounding with response-style learning.

VISTA also introduces additional optimization
sensitivity through view-consistent cropping. Al-
though cross-view grouping improves reward di-
versity, overly aggressive cropping can increase
variance in the RL update, especially when the
crop probability or the number of cropped views is
large. We therefore use a conservative augmenta-
tion schedule: we reduce perop, limit the number of
crop views per group, and retain pass-through orig-
inal views to stabilize training and reduce train—test
mismatch. These choices make the point-in-box re-
ward reliable throughout training while preserving
the robustness benefits of cross-view comparison.
Future work may further automate this schedule
with adaptive crop probability, dynamic KL control,
and format-aware early stopping.
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A Appendix
A.1 Training Details

The key optimization and training hyperparame-
ters for the VISTA experiments are summarized in
Table 6.

Hyperparameter Value
deepspeed ZeRO-3
freeze_vision_modules true
max_prompt_length 4096
num_generations 8
per_device_train_batch_size 8
gradient_accumulation_steps 4

bf16 true
torch_dtype bfloat16
data_seed 42
gradient_checkpointing true

attn_implementation
num_train_epochs

flash_attention_2
100

learning_rate le-6
B 0.04
logging_steps 1

Table 6: Hyperparameter settings used in the VISTA

training experiments.

A.2 Implementation Details of
View-Consistent Group Rollout

Our implementation follows the target-preserving
crop construction described in the main method.
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For each training example, we first decide whether
to use view augmentation by a deterministic index-
seeded Bernoulli sampler: 80% of examples use
dynamic crops, while 20% remain pass-through
examples with repeated original views. This pass-
through branch keeps standard full-screen layouts
in the training distribution.

For augmented examples, let the original image
size be W x H, and let the normalized ground-truth
box be B = (x1,y1, 2, y2). We convert it to pixel
coordinates as

BY = (z1W,y1 H, 2oW, y2 H ).

For each cropped view k, the initial crop size is
set to (wy, hy,) = (0.9, 0.9H). If the crop width
or height is smaller than the target box itself, that
dimension is enlarged to the box size and clipped
by the image boundary. This corner-case handling
guarantees that the target Ul element is never trun-
cated, even for large elements or narrow screen-
shots. Each crop window is then sampled from
the feasible range of top-left locations that fully
contain BP¥, ensuring target preservation across all
augmented views.

We then compute the feasible integer range for
the crop’s top-left corner so that the full target box
is inside the crop:

l € max(0, oW — w), min(W — w, z; W),
t € [max(0,y2H — h),min(H — h,y1 H)].
(13)

The implementation samples eight independent
crop windows from these feasible ranges, match-
ing num_generations=8. For each crop, the target
box is remapped exactly into the crop coordinate
frame,

1’1W—l ylH—t

B =
( w ’ h ’ (14)
$2W —1 ng — t)
w ' h ’

clipped to [0,1], and finally converted to the
model’s 0—1000 coordinate system. Each cropped
image is resized again with smart_resize be-
fore being passed to the VLM, but the supervi-
sion coordinates are computed from the pre-resize
crop geometry, so the rollout group remains view-
consistent under the crop-induced coordinate trans-
form.

Metric definitions for Table 5. For each in-
stance, let co denote the correctness on the original

view and ¢,, denote the correctness on crop view
m, m = 1,...,8. We define the prediction flip
rate as

oo =

8
Z H[Cm # Co]v
m=1

averaged over instances.
VCR is the fraction of instances for which all
nine views have the same correctness label:

Ilco=c1 ="+ =cg].

A.3 Additional Ablation and Analysis

Table 7: Ablation study on the number of oracle
anchors. The shaded row indicates the default single-
anchor setting.

Anchors SSv2 SSPro
1 95.5 65.8
2 95.3 65.0
4 95.2 64.0

Additional Ablation: Number of Oracle An-
chors Table 7 shows that one oracle anchor is
sufficient and preferable. Increasing the number of
supervised completions from 1 to 2 or 4 reduces
ScreenSpot-Pro accuracy from 65.8 to 65.0 and
64.0. This matches the role of the anchor in Sec-
tion 3: it should provide a positive direction for
difficult groups while keeping most sequences in
the training block model-generated. Too many an-
chors shift the objective toward fixed supervised im-
itation and weaken the group-relative exploration
signal.

Table 8: Ablation study on the oracle-anchor point
choice (Qwen3-VL-8B).

Oracle Anchor Point SSv2 SSPro
Box center 95.5 65.8
Random point in GT box 95.2 64.8

Additional Ablation: Oracle-anchor point
choice. Table 8 studies whether the oracle an-
chor is sensitive to using the ground-truth box
center. We compare the default center-point an-
chor against an anchor sampled uniformly from
inside the ground-truth bounding box, using the
same Qwen3-VL-8B setting. The random-point
variant reaches 95.2 on ScreenSpot-V2 and 64.8
on ScreenSpot-Pro, close to but below the default
center-point anchor at 95.5 and 65.8. This suggests
that the stabilizing effect does not rely exclusively
on the exact box center being the most visually



salient point, since any point inside the target box
remains a valid click location. At the same time,
the deterministic center point avoids injecting ad-
ditional target-coordinate noise and gives the best
ScreenSpot-Pro accuracy, so we use it as the default
oracle anchor.

Table 9: Ablation study on the number of target-
preserving views. The shaded row indicates the default
setting used by VISTA.

Views SSv2 SSPro
K=1 95.3 64.8
K=2 95.2 64.8
K=4 95.5 64.4
K=8 95.5 65.8

Additional Ablation: Number of views. Table 9
studies the number of target-preserving views. Us-
ing more views increases the diversity of geometric
contexts compared with the single-view setting, but
the effect is not strictly monotonic because some
crops can remove useful context or introduce harder
visual layouts. We use K'=8 in the main experi-
ments because it obtains the best ScreenSpot-Pro
accuracy, 65.8, while matching the GRPO group

size used in our method.
Table 10: Ablation study on crop strategies. Dynamic
crop provides the strongest ScreenSpot-Pro accuracy.

Crop Strategy SSv2 SSPro

No crop 95.3 64.8

Cross-offset crop 95.7 65.0

Dynamic crop 95.5 65.8
Additional Ablation: Crop strategy. Table 10

compares different crop constructions. Cross-offset
cropping gives the highest ScreenSpot-V2 number,
but dynamic cropping performs best on ScreenSpot-
Pro. This is consistent with our goal: the dy-
namic target-preserving crop is most useful on
challenging high-resolution interfaces where the
model must remain correct under substantial view
changes.

Table 11: Ablation study on pcp.

Pcrop SSv2 SSPro
1.0 95.1 64.6
0.8 95.5 65.8
0.6 95.6 65.2

Additional Ablation: p...p. Table 11 studies the
probability of applying target-preserving crop aug-
mentation during training. As described in Sec-
tion 3, perop controls the mixture between view-

consistent cropped groups and pass-through full-
screen groups. A larger value exposes the policy
to more crop-induced coordinate transformations,
while a smaller value retains more original screen-
shots and reduces train—test mismatch. The re-
sults show that using crops for every example is
not optimal: setting perop=1.0 lowers ScreenSpot-
Pro accuracy to 64.6, suggesting that removing
full-screen pass-through examples makes the RL
update overly dominated by cropped views. Reduc-
ing the probability to perop=0.6 slightly improves
ScreenSpot-V2 to 95.6 but weakens ScreenSpot-
Pro to 65.2, indicating insufficient view diversity
for the harder high-resolution benchmark. We
therefore use perop=0.8 in the main experiments,
which achieves the best ScreenSpot-Pro accuracy,
65.8, while maintaining strong ScreenSpot-V?2 ac-
curacy, 95.5.

Additional Ablation: Image processing strat-
egy. We further study whether the benefit of view-
consistent rollout comes from using multiple im-
age inputs in general, or specifically from chang-
ing the target coordinates through view transforma-
tion. To this end, we conduct an additional training-
dynamics experiment initialized from Qwen3-VL-
4B. We compare the GRPO baseline with a simpler
multi-image resize strategy, denoted as GRPO +
multi-image resize. In this variant, each GRPO
group is constructed from multiple resized ver-
sions of the same full screenshot. Unlike target-
preserving cropping, resizing changes the visual
scale but largely preserves the target element’s rel-
ative coordinate in the normalized image space.
Figure 4 reports the ScreenSpot-Pro accuracy, con-
tent reward, and format reward during training.
ScreenSpot-Pro accuracy is evaluated every 300
steps starting from step 300.

Although multi-image resize slightly outper-
forms the GRPO baseline at the first evaluation
point, its performance quickly becomes unstable
and then degrades substantially. The baseline
GRPO curve remains relatively stable, ending at
61.54, whereas GRPO + multi-image resize drops
from 60.34 at step 300 to 51.99 at step 2100. The
final gap reaches 9.55 points.

We hypothesize that this failure is caused by the
lack of coordinate variation in the resized views.
Resizing the full screenshot changes the visual
scale and image tokenization, but it does not change
the target element’s relative location in the normal-
ized coordinate system. Therefore, different re-
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Figure 4: Resize strategy training dynamics and reward diagnostics.

Table 12: Performance comparison on the ScreenSpot-Pro. * denotes our evaluated results.
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Model Avg.
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~4B

Qwen3-VL-4B* (Bai et al., 2025) 53.3 18.8 78.6 31.7 70.7 22.4 75.7 30.0 83.1 39.6 76.6 33.7 55.5
GRPO-4B 65.5 25.0 79.9 40.0 71.2 28.7 83.3 40.0 90.4 47.2 74.8 39.3 61.5
VISTA-4B 64.0 28.1 81.1 452 727 33.6 81.9 40.0 89.8 54.7 76.6 40.5 63.4
+ MVP 79.2 51.6 87.2 534 742 483 854 50.0 92.1 73.6 785 61.8 71.8
~8B

UI-TARS-7B (Qin et al., 2025b) 20.8 94 584 124 500 9.1 639 31.8 63.3 20.8 30.8 16.9 35.7
Phi-Ground (Zhang et al., 2025b) 269 17.2 70.8 16.7 56.6 13.3 58.0 29.1 764 44.0 55.1 25.8 43.2
GUI-Actor-7B (Wu et al., 2025) 4777 94 59.1 159 59.6 16.1 70.1 255 69.5 41.5 55.1 19.1 44.6
SE-GUI-7B (Yuan et al., 2025) 51.3 14.1 68.2 19.3 576 9.1 750 282 78.5 434 495 258 472
GUI-G2-7B (Tang et al., 2025a) 55.8 12,5 68.8 17.2 57.1 154 77.1 245 74.0 32.7 579 21.3 47.5
OpenCUA-7B (Wang et al., 2025¢) - - - - - - - - - - - - 50.0
GTA1-7B (Yang et al., 2025) 533 172 669 20.7 62.6 18.9 764 31.8 82.5 50.9 48.6 25.9 50.1
UI-Venus-7B (Gu et al., 2025a) 60.4 219 747 24.1 63.1 147 76.4 31.8 757 41.5 49.5 22.5 50.8
InfiGUI-G1-7B (Liu et al., 2025) 574 234 747 24.1 64.6 18.2 80.6 31.8 75.7 39.6 57.0 29.2 519
GUI-Owl-7B (Ye et al., 2025) 64.5 219 76.6 31.0 59.6 27.3 79.1 373 77.4 39.6 59.8 33.7 549
MAI-UI-8B (Zhou et al., 2025a) 72.6 359 83.8 524 763 33.6 79.9 373 88.7 60.4 76.6 49.4 65.8
Qwen3-VL-8B™ (Bai et al., 2025) 56.9 109 753 22.8 68.2 16.1 78.5 32.7 80.8 39.6 71.0 20.2 52.7
GRPO-8B 73.6 31.2 82.5 39.3 77.8 28.0 81.9 40.0 88.7 49.1 73.8 40.4 63.4
VISTA-8B 74.6 344 853 459 73.7 29.4 81.9 409 91.5 58.5 76.6 42.7 65.8
+ MVP 81.7 453 89.1 58.2 76.3 42.7 86.1 56.9 92.1 71.7 80.4 539 72.0
>30B

Qwen3-VL-32B* (Bai et al., 2025) 60.4 28.1 69.5 22.1 75.8 25.2 84.7 255 859 434 62.6 15.7 549
OpenCUA-32B (Wang et al., 2025c) - - - - - - - - - - - - 553
GUI-Owl-32B (Ye et al., 2025) 624 28.1 84.4 393 652 18.2 82.6 39.1 81.4 39.6 70.1 36.0 58.0
GTA1-32B (Yang et al., 2025) 437 234 825 283 69.2 147 79.9 31.8 80.8 43.4 70.1 32.6 63.6
MAI-UI-32B (Zhou et al., 2025a) 70.1 453 86.4 40.7 82.8 37.8 91.7 46.4 90.4 71.7 78.5 34.8 67.9
UGround-v1-72B (Gou et al., 2025) 16.8 4.7 558 4.8 54.0 105 70.8 22.7 61.0 18.9 402 79 34.5
UI-Tars-72B (Qin et al., 2025b) 18.8 12.5 63.0 17.2 57.0 154 64.6 209 63.3 264 42.1 15.7 38.1
UI-Venus-72B (Gu et al., 2025b) 66.5 29.7 84.4 33.1 73.2 30.8 84.7 427 83.1 60.4 75.7 36.0 61.9
Qwen3-VL-30A3B™* (Bai et al., 2025) 51.8 15.6 76.0 24.8 69.2 20.3 76.4 27.3 80.8 37.7 75.7 38.2 53.7
GRPO-30A3B 69.5 29.7 84.4 51.7 74.7 33.6 81.9 40.0 89.3 52.8 83.2 53.9 659
VISTA-30A3B 71.1 32.8 859 52.1 76.8 35.7 83.3 38.2 87.0 56.6 78.5 50.6 67.0
+ MVP 82.7 453 89.7 582 79.8 51.8 86.8 49.1 92.1 71.7 83.2 60.7 74.1

sized inputs in the same GRPO group correspond
to nearly the same correct coordinate output. In
this case, the group mainly contains multiple scale
variants with an unchanged answer, so the model
is not forced to learn how the output coordinate
should transform with the input view.

In contrast, target-preserving cropping changes
the target element’s relative position in the cropped

coordinate frame. For the same instruction, dif-
ferent cropped views generally require different
coordinate outputs after exact box remapping. This
creates a stronger cross-view grounding signal: the
model must localize the same semantic target under
different visual contexts and produce coordinates
that are consistent with the crop-induced coordi-
nate transform. This explains why dynamic crop-



ping provides useful view-consistent supervision,
whereas naive multi-image resize gives largely re-
dundant outputs and leads to unstable training.

Detailed ScreenSpot-Pro results. Table 12 pro-
vides the category-level ScreenSpot-Pro break-
down behind the aggregate SSPro numbers in Ta-
ble 1. Across the 4B, 8B, and 30A3B settings,
VISTA improves the corresponding GRPO base-
line by 1.3, 2.4, and 1.1 average points, respec-
tively. Adding MVP further raises the averages
to 71.8, 72.0, and 74.1, showing that the view-
consistent training signal remains complementary
to inference-time multi-view aggregation.
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