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Figure 1. Overview of our approach. WAM rollouts from multiple views are scored by a frozen VGGT model via a cross-view depth
reprojection consistency error. The most geometrically consistent candidate is selected for execution.

Abstract

World Action Models (WAMs) jointly predict future video
frames and actions from multi-view observations, but their
generations can contain geometrically implausible scenes,
degrading action quality. For WAMs, on-the-fly rollout se-
lection often relies on model-specific value heads, limiting
cross-model reuse. To address this, we propose a training-
free, model-agnostic rollout verifier that repurposes VGGT
as a frozen geometric evaluator. It scores WAM rollouts us-
ing a cross-view depth reprojection consistency error and
selects the most geometrically plausible candidate via Best-
of-N test-time scaling. Our key insight is that if a world
model faithfully captures 3D structure, its multi-view pre-
dictions must be geometrically consistent; violations can
indicate hallucination. On RoboCasa with Cosmos Pol-
icy, our verifier achieves an AUROC of 0.736 for single-
step failure detection, substantially outperforming the co-
trained value head. Consequently, our test-time scaling
improves overall task success rates across various bench-

marks and WAM baselines.

1. Intro & Background
World Action Models (WAMs) [4, 11] have recently
emerged as a promising paradigm for visuomotor control
by jointly predicting future frames and actions from multi-
view inputs. However, their predicted futures can contain
artifacts that mislead action generation.

Although test-time scaling and verifier-based selection
have been explored for robot policies and world models [2,
3, 7], and VGGT features have been used to improve geo-
metric consistency during video world-model training [10],
existing methods do not directly leverage WAMs’ multi-
view predicted futures as a training-free geometric verifier.

We exploit a simple cue: by reprojecting VGGT-
predicted 3D points across views, we obtain a zero-shot ge-
ometric consistency score for Best-of-N rollout selection
without executing the action, enabling on-the-fly test-time
scaling for WAMs.
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Table 1. Test-time scaling results: success rate (%) across benchmarks and WAMs. The value head is only available for Cosmos Policy.

VGGT BoN (ours)

Benchmark WAM Baseline Value BoN (N=8) N=2 N=4 N=8

RoboCasa [8] Cosmos Policy 57.1 58.3 62.3 62.8 66.4

LIBERO Long [6] Cosmos Policy 96.2 95.7 98.3 98.6 99.4
LIBERO Long LingBotVA [5] 92.8 N/A 92.7 93.2 93.3

RoboTwin 2.0 [1] LingBotVA 65.3 N/A 56.1 66.7 67.0

Table 2. Failure detection AUROC for different signals on Robo-
Casa with Cosmos Policy.

Signal Training-free? AUROC

Cosmos value head ✗ 0.587
Per-view depth confidence ✓ 0.584
Cross-view depth consistency (ours) ✓ 0.736

LPIPS wrist–GT (GT-dependent) n/a 0.81

2. Method
Problem setup. A WAM receives multi-view observa-
tions (primary camera Ipri and wrist camera Iwri) along with
a language task description, and jointly generates predicted
future frames (Îpri, Îwri) and an action chunk a1:H . Given
N candidate rollouts sampled with different random seeds,
we seek a selection criterion that identifies the most faithful
rollout without action execution.

Cross-view depth reprojection consistency. We feed the
predicted frame pair (Îpri, Îwri) into VGGT [9]. Although
WAMs predict a sequence of future frames, we score the fi-
nal predicted frame pair in the rollout. We compute a cross-
view depth reprojection consistency error as follows. 3D
points from the wrist camera’s point map are projected into
the primary camera’s coordinate frame, yielding projected
depth values dproj. These are compared against the VGGT-
predicted depth dvggt for the primary view:

edepth =
1

|Ω|
∑
p∈Ω

∣∣∣∣log dproj(p)

dvggt(p)

∣∣∣∣ , (1)

where Ω denotes valid projected pixels with VGGT con-
fidence of at least 50%. A low edepth indicates that both
predicted views describe a consistent 3D scene. Since no
ground-truth depth or executed observation is available at
test time, this score is used as a VGGT-induced relative con-
sistency signal rather than an absolute geometric error.

Test-time scaling via Best-of-N . At each action query
step, we sample N candidate rollouts with different random
seeds, compute edepth for each, and select the candidate with
the minimum depth inconsistency.

Figure 2. Qualitative candidates; worst rollout shows artifacts.

3. Experiments

Qualitative and correlation analysis. Table 2 evaluates
on-the-fly failure detection on RoboCasa with Cosmos Pol-
icy. Our cross-view depth consistency score achieves a
0.736 AUROC, outperforming both the co-trained Cosmos
value head and a training-free per-view depth-confidence
baseline. This suggests that failure prediction is not ex-
plained by VGGT confidence alone; rather, cross-view ge-
ometric agreement provides a stronger signal for detecting
implausible WAM rollouts. Our score is also close to the
GT-dependent LPIPS [12] reference, which requires access
to ground-truth future frames and is unavailable at test time.
Qualitative examples show that the worst-ranked candidates
exhibit visible geometric artifacts (Figure 2).

Test-time scaling and cross-model generalization. Ta-
ble 1 reports task success rates across benchmarks, WAMs,
and candidate budgets. On RoboCasa [8] with Cosmos Pol-
icy [4], our geometric Best-of-N selector reaches 66.4%
success at N = 8, improving over the single-sample base-
line by 9.3 percentage points and over the value-based
selector by 8.1 percentage points. The gains are largest
on RoboCasa, and smaller but positive on high-baseline
LIBERO settings. For RoboTwin 2.0, we use a stricter eval-
uation protocol than the original LingBotVA report. These
results suggest that cross-view geometric consistency is a
useful proxy for WAM rollout quality, enabling training-
free test-time selection without a model-specific value head.
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