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Abstract— World action models generate actions together
with visual predictions of their consequences. These paired
outputs create the potential for planning by sampling multiple
actions from one state, comparing their imagined outcomes,
and choosing the action with the most promising predicted
outcome. However, how to use imagined futures to guide action
selection remains unclear. We examine this planning potential
empirically. First, we estimate an oracle upper bound on
selection by choosing the sampled candidate whose realised
outcome is best. In a controlled same-state analysis, this choice
raises success from 68.9% under uniform random selection to
79.2%. We then test selectors based on visual quality, physical
consistency, and task progression as controlled interventions.
Some tested selectors yield higher observed success, but the
gains are uneven and the matched selectors leave much of the
measured opportunity unrecovered. To investigate this gap, we
examine whether sampled actions lead to different outcomes,
whether these differences are visible in the predictions, and
whether a score recognises them. Counterfactual branching
from the same states shows that selection opportunity is
concentrated in relatively few decisions in the initial candidate
sets. Action spread and outcome coverage need not increase
together. In a further evaluation across trajectory phases with
complete action execution, the tested scores again recover little
of the available improvement despite a small gain from learned
value. These findings distinguish producing consequential action
choices from recognising them in generated futures, motivating
the evaluation of WAM predictions through their usefulness for
decisions rather than visual quality alone.

I. INTRODUCTION

World action models (WAMs) jointly produce actions
and visual predictions of their consequences [1]-[4]. Pairing
actions with visual futures creates the potential for planning
through action selection. An agent can sample actions from
one state, compare their imagined outcomes, and execute
the one associated with the most promising future, steering
behaviour at test time without retraining the WAM.

However, how to realise this planning potential through
generated futures remains an open question. To quantify
the potential gain from selection, we first execute sampled
actions from the same state under a common continuation
policy. Their realised outcomes define an oracle upper bound
on selection. For this comparison, each decision state has a
precomputed set of paired future and action samples that is
shared by every selector. In our primary study of Cosmos
Policy [2] in RoboCasa [5], this oracle raises success from
68.9% under uniform random selection to 79.2% within
these candidate sets. Although unavailable at deployment,
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Fig. 1. Substantial potential remains in action planning. Searching

among sampled actions with access to their ground truth outcomes indicates
substantial potential to improve task success. However, the tested learned
value estimates, visual scores and VLM judgements leave much of this
potential unrealised as the number of candidates increases. This offline
comparison ranks the same candidate sets at identical states under a common
continuation policy. Coincident curves have equal success.

the oracle provides a reference for assessing how much
improvement a practical score can recover.

We then evaluate whether scores based on visual quality,
physical consistency, task progression, and learned value
can recover this improvement from generated futures. As
illustrated in Fig. 2, standard best of K selection serves as a
controlled testbed, with the pretrained WAM and its sampling
procedure held fixed. Closed loop evaluations measure task
success, while matched comparisons rank the same candi-
dates used to estimate the oracle. Some scores yield higher
observed success, but unevenly across tasks. As shown in
Fig. 1, the matched comparisons of learned value, image
similarity and VLM judgements leave much of the available
opportunity unrecovered.

We hypothesise that the usefulness of generated futures
for action selection depends on the diversity of action
consequences, the visibility of these consequences in the
predictions, and the alignment of the scoring rule with task
outcomes. We refer to these factors as task consequence
diversity, outcome observability and ranking alignment, re-
spectively. Task consequence diversity concerns differences
in task outcome among candidate actions from the same
state. Outcome observability concerns the evidence of these
differences in the predicted futures. Ranking alignment con-
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RoboCasa decision. Generation and execution remain fixed across rules, isolating the choice of score.

cerns whether a score orders candidates in agreement with
their realised outcomes. We investigate these factors through
executed candidate outcomes, which measure the availability
of useful alternatives, and visual diagnostics of prediction
variation and agreement with a recorded observation. Com-
paring scores with executed outcomes tests whether they
recognise successful alternatives. Distinguishing an outcome
obscured by the prediction from one overlooked by the
evaluator remains an open part of the diagnosis.

The analysis shows that selection opportunity is con-
centrated in relatively few decisions in these initial candi-
date sets. Most decisions contain only successful or only
failed continuations, so changing the ranking cannot improve
terminal success there. Where outcomes differ, successful
alternatives are a minority and the tested scores often miss
them. Selecting more widely separated actions within each
candidate set leaves oracle success unchanged relative to or-
dered subsets. A further evaluation samples decisions across
trajectory phases and executes complete action chunks.
Learned value provides a small observed gain, but the tested
scores still recover little of the available improvement. Thus,
larger distances between sampled action sequences do not
necessarily provide more successful alternatives, and a visual
score may fail to recognise the successful alternatives that are
available. These findings distinguish producing successful
actions from recognising them in generated futures. WAM
development can improve both, rather than pursuing diversity
for its own sake. If every candidate succeeds, no reranking
is needed. Our key contributions are as follows.

e« We quantify the planning potential available within
sampled WAM actions using outcome informed upper
bounds on selection.

« We evaluate existing visual and value scores through on-
line control and matched candidate ranking, separating
observed gains from unrecovered selection opportunity.

« We examine how action spread and score rankings relate
to successful alternatives, and test the selection gap
across trajectory phases with complete action chunks.

II. RELATED WORK
A. Predictive Models and World Action Models

Learned world models support control by planning through
latent dynamics, as in PlaNet [6] and TD-MPC [7], or
through predicted visual observations, as in Deep Visual
Foresight [8] and Visual Foresight [9]. UniPi [10] recovers
actions from generated video plans, while UniSim [11] learns
an interactive simulator for policy training. Contemporary
WAMs bring prediction and action generation into one
system. Examples include WorldVLA [3], DreamZero [1],
Cosmos Policy [2], LingBot-VA [4], and Motus [12]. Recent
work has made these predictions more closely tied to control.
HarmoWAM [13] uses adaptive experts, DynamicWAM
[14] introduces motion conditioning, SelfWAM [15] adds
self grounding, and Qiu et al. [16] repurpose representation
alignment. Fast-WAM [17], ForeWAM [18], and RIFT [19]
further examine whether predictive information can support
a policy without decoding a visual rollout at every con-
trol step. World Action Verifier [20] instead separates state
plausibility from action reachability when verifying a world
model. These results concern how predictive representations
are learned, consumed, or verified. Our study addresses
a different question. Given the paired futures and actions
already produced by a fixed WAM, we test whether the
futures provide evidence for selecting the better action.

B. Evaluation of Generated Futures

Assessing these predictions requires distinguishing vi-
sual plausibility from usefulness for control. VBench [21]
decomposes generated video quality into perceptual and
temporal dimensions, while VideoScore [22] learns multi
aspect ratings from human feedback. VideoPhy [23] eval-
uates physical commonsense in generated videos, while
WMReward [24] uses a latent world model to score phys-
ical plausibility. Robometer [25] instead learns a general
purpose reward model from robot trajectory comparisons.
A complementary line of work evaluates functional utility
through planning, action recovery, or action conditioned
prediction. This includes the control-centric benchmark of
Tian et al. [26], WorldSimBench [27], WorldArena [28],



MiraBench [29], and RoboWorld [30]. RoboWM-Bench [31]
further tests whether generated manipulation behaviours can
be converted into executable actions that complete the in-
tended task. These works expose an important distinction
for action selection. A future can score highly as a video
without revealing which paired action will complete a task.
We therefore evaluate representative metric families as online
ranking rules, then compare selected scores on identical
branches with known terminal outcomes. This separates
observed control performance from the opportunity available
within a candidate set.

C. Test Time Action Selection and Verification

Test time selection can improve a fixed policy by gen-
erating alternatives and choosing among them. V-GPS [32]
reranks actions with a learned value function, while FORE-
WARN [33] aligns a VLM with predicted latent states.
CoVer [34] combines task conditioned verification with
expanded instruction and action proposals. VERITAS [35]
compares projected sampled action chunks with a VLM-
generated visual trace. Recent methods for predictive policies
rank candidates using future consensus [36], cross view
geometry [37], inverse dynamics consistency [38], or task
progress prediction and consistency under repeated denois-
ing [39]. These works report settings in which grounded
verification improves control. GeoBoN [37] also uses fixed
candidate sets for offline diagnostics. Our focus is the
diagnostic question behind such gains. Same state terminal
outcomes measure whether a candidate set contains suc-
cessful alternatives, and matched scoring tests whether a
rule recognises them. This complements the development of
stronger selectors by separating available opportunity from
the gain a selector recovers.

III. SELECTION OPPORTUNITY FROM STOCHASTIC
SAMPLING

We start by asking whether sampling different actions can
improve task success. The first experiment restarts entire
episodes from the same initial scene with different policy
seeds, asking whether another complete run succeeds. The
second tests different candidate actions at one recorded
decision state under a common continuation policy, asking
whether one changed choice affects success.

Our primary evaluation uses Cosmos Policy 2B [2] in
RoboCasa [5]. The model predicts 32 actions, executes the
first 16, and replans until success or the task step limit.
A separate full chunk evaluation in Section V-C executes
all 32 actions. The trajectory and closed loop evaluations
cover the same 24 tasks. The same state experiments use
the targeted subsets of tasks and states described below. We
reserve candidate for a paired future and action sample at
one decision, and frajectory for a complete policy run.

A. Trajectory Level Opportunity

For each of the 24 tasks, we run 30 fixed scenes under 16
policy noise seeds, giving 11,520 complete trajectories. Envi-
ronment identity is held fixed within each task and scene, and

only the policy seed changes. This can change action choices
throughout the episode. We keep the seed order fixed and
examine the first K = 1, 2,4, 8, 16 runs. Using their recorded
terminal outcomes, pass@ K counts a scene as covered if at
least one of these K trajectories succeeds. We average over
all 720 task and scene pairs, which also equals the task mean
because each task contributes 30 scenes. Pooled pass@ K
rises from 64.3% at K = 1 to 68.3%, 71.4%, 74.7%, and
77.4% at K = 2,4,8,16. As shown in Fig. 3, gains vary
across tasks. Setting up a coffee mug rises from 20.0% to
63.3% and turning off a faucet from 70.0% to 100%. Some
tasks are already at ceiling, but ceiling effects do not explain
every unchanged result. Moving an object from the counter
to the cabinet remains at 63.3%.

B. Same State Opportunity

To test a single action choice, we return to a recorded deci-
sion state rather than restarting the episode. From its context
ct, the fixed WAM is sampled repeatedly with different seeds
to produce paired futures and action sequences. We restore
the same simulator state before executing each candidate’s
first 16 actions, then run the same continuation policy and
seed schedule until success or the task step limit. We call this
completed rollout a candidate continuation. The policy is the
same across candidates, although its subsequent actions can
differ because the initial choice changes the state it observes.

The initial experiment uses 4 tasks and 3 behaviour
trajectories per task. We record the first 4 replanning states
encountered on each trajectory, giving 48 decision states.
The first candidate drives the behaviour trajectory, so testing
alternatives does not change which later states are recorded.
At each state we use the first 16 candidates in the fixed sam-
pling order, giving 768 continuations. The states, candidate
order, continuation policy and scoring rules were fixed before
scores were joined to terminal outcomes.

Restored state hashes and replays of the first candidate’s 16
actions passed collection checks, testing restoration and iso-
lation between executions. They do not establish repeatability
of every complete continuation. A follow-up reproduces
one full continuation four times, including its actions and
outcome, but does not certify every archived continuation.

For each state, we compare the first K candidates. Uni-
form selection succeeds with probability equal to the fraction
whose continuations succeed. The outcome oracle succeeds
whenever at least one candidate continuation succeeds. We
average these quantities over the same 48 states and call
their difference local selection headroom. Unlike pass@K
over whole trajectories, this oracle changes only the initial
candidate choice, not later decisions. A state exhibits fask
consequence diversity when its candidate continuations in-
clude both success and failure. As shown in Fig. 1, oracle
success reaches 79.2% at K = 16, compared with 68.9%
under uniform selection. At the K = 4 used by the online
study, the corresponding oracle and uniform success rates are
72.9% and 69.3%. Within these recorded states, the fraction
with both outcomes grows from 6.3% at K = 4 to 12.5%
at K = 16. All 6 such states at K = 16 occur in the 2
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of 16 seeds. Tasks are ordered by the increase in coverage.
TABLE I
CLOSED-LOOP SUCCESS BY TASK DIFFICULTY. FIXED DIFFICULTY
GROUPS ARE DEFINED IN SECTION IV-A. BOLD MARKS THE HIGHEST
OBSERVED SUCCESS IN EACH COLUMN.

Selection rule Task success (%)

Hard Medium Easy Overall
Fixed candidate, K =1 31.0 66.9 94.3 65.9
Learned value 33.2 67.1 95.3 66.8
Background consistency 31.0 69.3 93.1 66.7
Laplacian sharpness 31.7 67.6 93.1 66.1
Gradient sharpness 30.0 67.5 94.0 65.8
Spatial complexity 30.7 67.6 93.1 65.8
Aesthetic quality 31.0 66.7 93.7 65.7
SSIM 313 66.4 93.4 65.5
Subject consistency 323 66.5 91.7 65.3
Image quality 30.7 66.5 93.1 65.3
Frame difference 30.0 66.2 94.0 65.3
Foreground centroid jerk 29.0 67.1 929 65.1
Temporal flicker 30.0 66.2 92.0 64.7
VLM controllability 30.0 69.5 90.0 65.6
VLM progress value 323 67.6 90.9 65.6
VQAScore 28.3 68.9 90.0 64.9
VLM progress 29.0 66.9 91.7 64.7
VideoPhy 30.0 66.0 90.9 64.3

nonsaturated tasks. These results motivate testing whether
the generated futures reveal which candidate actions achieve
better outcomes. Complete protocols appear in Appendix I-
B.

IV. EVALUATING EXISTING SELECTION METRICS

Trajectory coverage and same state oracles show that
sampling can produce useful alternatives. Realising this gain
at test time requires a score that identifies the better candidate
from its predicted future. We audit existing metrics while
holding the WAM, sampler, action horizon, and execution
loop fixed. In Tab. I, we compare selection rules across tasks
grouped by the fixed reference success defined below.

B pass@16

Trajectory coverage by task. Bars compare pass@1 with retrospective pass@16. All 24 tasks use the same 30 scenes and the same ordered set

A. Controlled Selection

At decision t, context ¢; contains the current observation,
task instruction, and other information available to the WAM.
Different sampling seeds produce K paired futures and
action sequences. We denote each pair by 7, = (69, a("),
using (" for the executed part of the predicted action
sequence. Selection rule m evaluates each predicted future
and assigns the score s, ; = ¢m (00,04, g). Tt selects the
candidate indexed by

iy, = argmax Sm ; (D
K3

and executes the paired actions a("=). The procedure then
repeats from the new observation, as illustrated in Fig. 2.
Appearance scores see only the predicted future. Similarity
scores may also use the current image o;, while task progress
scores receive the instruction g. No external selector receives
the paired action, simulator state, realised observation, or
eventual outcome. The learned value is the pretrained return
estimate emitted by Cosmos Policy with each pair, not a
value function refitted to our continuation. No selector is
fitted to the RoboCasa success labels.

Each online rule is evaluated on 24 tasks with 50 trials per
task, except learned value, which pools two independently
run panels. At every decision, Cosmos Policy produces
K = 4 paired samples, executes the first 16 actions of
the selected candidate, and replans. Seeds, sampler, horizon,
and evaluation code remain fixed across rules. The K = 1
reference follows the same initial condition schedule but
is run separately, so it is a single sample reference rather
than a random candidate from the saved K = 4 sets. Task
difficulty is fixed using this reference success. Hard tasks
have success below 50%, medium tasks have success from
50% to below 80%, and easy tasks have success of at least
80%. These groups contain 6, 11, and 7 tasks, respectively,
and remain unchanged across selectors. Additional selector
details appear in Appendix I-D.

The audit contains nine image or motion scores and



five components implemented from VBench [21], together
with the learned value. The released interface exposes one
decoded future frame. The repeated frame configuration
repeats it when a score expects video. The decoded slot
configuration supplies the current observation followed by
the four decoded images associated with the primary camera
future slot. This slot is trained from four copies of one
timestep, not four successive timesteps [2]. We use these
decoded slot images to evaluate VideoPhy [23], and four
task conditioned scores implemented with Qwen3-VL 4B
Instruct [40]. VLM controllability and VLM progress value
parse numerical ratings. VLM progress uses a Yes-answer
probability for improvement relative to the current image,
while the Qwen implementation of VQAScore [41] uses a
Yes-answer probability for task alignment. These are adapta-
tions of existing evaluators to the available prediction inter-
face, not evaluations on a generated temporal rollout. CLIP
based components use CLIP [42], and structural similarity
scores use SSIM [43].

These input adaptations differ from the image-pair scoring
used in the matched same state study below. Per decision
records for the repeated frame evaluation are unavailable, so
its reported success aggregates cannot establish the realised
tie rates or all runtime score directions. The decoded slot
evaluation retains per run summaries and input manifests.
Its summaries do not count scorer failures, and some VLM
parsers return zero on a failed response. We therefore dis-
tinguish observed score ties from successful, informative
judgements. We report success and its change from the
K = 1 reference, with ranges spanning the 2.5 and 97.5
percentiles of 10,000 resamples of the 24 tasks. Resampling
tasks preserves their trials and exposes sensitivity to task
composition.

B. What the Metrics Recover

The separately run K = 1 reference succeeds on 65.9%
of episodes. As shown in Tab. I, its success ranges from
31.0% on hard tasks to 94.3% on easy tasks. Some selectors
yield higher observed success. With K = 4, learned value
selection reaches 66.8% overall and background consistency
reaches 66.7%. On medium tasks, background consistency
reaches 69.3%, compared with 66.9% for the reference.
Learned value has a higher point estimate in all three groups,
whereas background consistency loses success on easy tasks.
The task resampled ranges for their overall changes are
—1.46 to +3.17 and —1.58 to +3.17 percentage points,
respectively. Both ranges include negative and positive
changes, so they neither establish a gain nor rule out a mod-
erate improvement. These results measure selection through
the adapted slot interfaces, not evaluation on a predicted
temporal rollout. Across all 24 tasks, VLM controllability
and VLM progress value assign identical scores to every
candidate at 60.4% and 79.1% of decisions, respectively.
Ties select the first candidate. These rules therefore often
leave the candidate choice unchanged, limiting what their
aggregate success reveals about visual ranking.

Because the K = 1 reference is not drawn from each saved

K = 4 set, this online comparison does not measure how
much of the local selection headroom a selector recovers. It
instead measures end to end performance under each rule.
Aggregate success alone does not identify where an evaluator
gains or loses performance. We therefore use same state
candidate sets to measure where successful alternatives exist
and whether the scores select them.

V. UNDERSTANDING THE SELECTION GAP

A selector can fail because the candidate actions reach the
same outcome, because their predicted futures do not expose
the relevant difference, or because the score ranks that evi-
dence incorrectly. We first measure outcome differences and
ranking on counterfactual branches, then examine what the
visual feature probes can establish. In Fig. 4, two recorded
candidate sets from the quantitative spread panel illustrate
the input available to a selector. The branch experiments
separately test whether sampled actions differ in terminal
success.

A. Task Consequence Diversity

The 4-task same state experiment records all candidate
outcomes, separating how often a choice matters from how
difficult that choice is. Let M be the set of decision states
with both successful and failed candidate continuations, and
let ¢; be the fraction of successful candidates at state ¢. For
N recorded states, the gain available over uniform selection
is 1

H=~> (1-a) )
teM
States where all candidates succeed or all fail contribute
nothing. Where both outcomes occur, rare successes are
harder to find by uniform selection. Both state frequency
and success balance therefore matter.

In the initial K = 16 experiment, the 6 states with both
outcomes have only 17.7% successful candidates on aver-
age. They account for the full difference between uniform
and oracle selection. The remaining 42 states provide no
terminal success advantage to any ranking rule under the
recorded continuation. As shown in Fig. 5, these outcomes
are unevenly distributed across the 4 tasks. The 2 door tasks
contain only successful continuations, whereas the pick and
place and stove tasks contain both uniformly failed and
mixed decisions. Selection opportunity is therefore uneven
even within a task.

In a separate subset comparison, greedy farthest point
sampling selects K = 4 or K = 8 candidates from all 32
archived samples at each of the same 48 states. It favours
candidates whose first 16 actions are farther apart in action
space. As shown in Tab. II, this action spread increases
relative to the first & candidates, but oracle success does not.
The fraction of states with both outcomes is also unchanged
at 6.3% for K = 4 and 10.4% for K = 8. Uniform success
decreases, so the gap between oracle and uniform success
grows without any increase in oracle success. Thus, the
recorded subset rule changes numerical spread and success
balance, but does not find successful alternatives at more



Observation Future 1

Future 4 Pixel range

Pl

Fig. 4. Visual evidence available to the selector. Each row shows the current observation and four sampled visual futures. The upper example is closest
to the median pairwise pixel error among 194 decisions, while the lower example has the largest error. Their errors are 0.44% and 1.96%. Purple borders
indicate the candidate preferred by the learned value and do not denote task outcome.

mm All fail Mixed mH All succeed

Giose door [
Open door
pick to sin [N I

Turn off stove _

antasks I I
[ T T T

1
0 25 50 75 100
Decision states (%)

Fig. 5. Selection can change success only at mixed decisions. This 4-task
experiment uses the first 4 replanning decisions from 3 trajectories per task.
Each decision has 16 candidate continuations. Mixed decisions contain both
successful and failed outcomes. Only 6 of the 48 decisions are mixed.

states than the ordered subsets. Against 1,000 random subset
draws, its oracle success is slightly higher, by 0.1% at K = 4
and 1.0% at K = 8. This conditional comparison reuses an
existing candidate set rather than testing a broader generator.

B. Ranking Where Outcomes Differ

We next ask whether scores identify successful candi-
dates where the choice matters. We score the same 16
candidates per state before loading their outcomes. The
three prespecified signals are learned value, greyscale SSIM
between the current image and final predicted frame, and
VLM progress. The latter uses a fixed Qwen3-VL image-
pair prompt and the normalised probability of Yes rather
than a parsed numerical rating. All 768 scores are finite and
matched to their candidates. SSIM measures similarity to
the current image, not accuracy against the realised future,
whose frames are unavailable.

At K = 16, learned value and VLM progress each
select successful candidates at 32 of 48 states, giving 66.7%.

TABLE II
ACTION SPREAD AND ORACLE COVERAGE. SUBSETS FROM 32
ARCHIVED CANDIDATES AT EACH OF 48 DECISION STATES. RANDOM
ROWS AVERAGE 1,000 DRAWS FROM THE SAME CANDIDATE SETS.
UNIFORM AND ORACLE COLUMNS GIVE SUCCESS PERCENTAGES. GAP IS
THEIR DIFFERENCE IN PERCENTAGE POINTS. SPREAD MEASURES
PAIRWISE DIFFERENCES BETWEEN THE EXECUTED ACTION SEQUENCES.

Subset Spread Uniform Oracle Gap
4 Ordered 0.00649 69.27 72.92 3.65
Random 0.00631 68.64 72.85 4.22
Wider spread 0.00880 68.23 72.92 4.69
8 Ordered 0.00633 69.01 77.08 8.07
Random 0.00630 68.63 76.11 7.48
Wider spread 0.00764 68.49 77.08 8.59

SSIM selects 33, giving 68.8%. All three remain below the
68.9% uniform expectation. Only the 6 states with both
outcomes distinguish ranking rules. There, learned value and
VLM progress select no successful candidate, while SSIM
selects one. Uniform selection would yield 1.06 successful
choices in expectation across these 6 states, so these counts
do not establish below-random performance. Within state
outcome AUC measures whether a successful candidate is
scored above a failed candidate, counting a tie as one half.
Averaging across these states gives 0.54 for learned value
and 0.40 for both SSIM and VLM progress, compared with
0.5 for random ranking.

To examine more than the top choice, we retain the r
highest ranked candidates from each fixed set of 16 and
measure the fraction of mixed decisions whose retained set
contains a successful candidate. Retaining four candidates
gives 66.7% under learned value, compared with 56.9%
in expectation under random ranking. At eight retained
candidates, these values are 100% and 85.4%. Retaining
successful alternatives is therefore not by itself evidence of
useful scoring. The comparison with random ranking matters,
especially as the retained set grows.

At one mixed state, VLM progress assigns a successful
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candidate the joint highest score, but the fixed tie rule
chooses a failed candidate. Since the 6 mixed states arise
from only 3 behaviour trajectories, these results describe
the observed cases rather than establish a reliable ranking
advantage. They also concern the contents of a retained set,
not a controller that can identify and execute its successful
member.

C. Full Chunk Selection Across Trajectory Phases

We test whether the selection gap persists beyond early
decisions and when the complete predicted action sequence
is executed. A separate experiment samples one eligible
decision uniformly from each of 16 episodes per task, using
the same 4 tasks. Its 64 states span early, middle and late
trajectory phases, with 16 fresh candidates each. Both be-
haviour and candidate continuation execute all 32 predicted
actions before replanning, matching the initial execution to
the future image horizon. Candidate seeds and scores are
fixed before outcomes are joined. All 1,024 continuations
reach success or the task limit. We also evaluate the first
four candidates as a nested comparison.

In Tab. III, the outcome oracle reaches 59.4% at K =
16, compared with 50.2% under uniform selection. Learned
value reaches 51.6%, whereas SSIM and VLM progress each
reach 50.0%. Thus, learned value provides a small observed
gain but leaves most of the opportunity unrecovered. Random
tie resolution reduces its success to 50.3%. Paired episode
resampling within each task includes zero for every selector’s
change from uniform, while the remaining oracle gaps stay
positive. There are 13 states with both outcomes, distributed
across all 4 tasks. The gap therefore persists beyond the early
decisions in the initial panel, and when complete chunks
are executed. Since both the sampled states and execution
horizon change, this is not an isolated test of either factor.
Task level results, uncertainty and tie sensitivity appear in
Appendix I-C.

TABLE III
SELECTION WITH COMPLETE ACTION CHUNKS. THE SAME 64
DECISION STATES ARE EVALUATED AT BOTH CANDIDATE COUNTS.
SUCCESS IS MEASURED AFTER A COMMON CONTINUATION. A IS THE
CHANGE FROM UNIFORM SELECTION AT K = 16, IN PERCENTAGE

POINTS.
Selection rule K=4 K =16 A
Uniform 50.4 50.2 +0.00
Learned value 50.0 51.6 +1.37
SSIM 50.0 50.0 -0.20
VLM progress 50.0 50.0 -0.20
Outcome oracle 54.7 59.4 +9.18
Aesthetic quality
CLIP physics
CLIP task alignment
SSIM
Learned value
I T T 1
0.00 0.02 0.04 0.06

Within / total score spread

Fig. 7. Within decision spread of recorded scores. Bars show mean
within decision standard deviation relative to the full set of 2,400 demonstra-
tion states. Aesthetic quality, CLIP physics and CLIP task alignment average
current and predicted images. Spread does not measure task outcome
discrimination.

D. What the Visual Diagnostics Measure

Across 194 decisions, mean pairwise pixel error between
predicted futures is 0.60%. Across 130 decisions, the median
spread in learned value is 0.002. The five recorded scores in
a separate set of 2,400 recorded demonstration states have
within decision variation below 0.06 of their variation across
the full panel. Three average the current image together with
the predictions, so their ratios describe the saved input rather
than variation in predicted images alone. These measure-
ments do not establish whether the small differences are
relevant to task outcome.

Small score differences need not be uninformative. What
matters is whether they order the candidate actions correctly.
The terminal outcomes above test that ordering directly. A
separate historical feature probe instead predicts which action
chunk is closest to a recorded demonstration. Matching a
demonstrator is a different target from recognising a suc-
cessful alternative, so that probe does not resolve the source
of the selection gap.

The 194-decision visual panel supports a second, distinct
diagnostic. Every candidate prediction is compared with the
same observation, recorded after the first action of candidate
zero. This measures agreement with one behaviour transition,
rather than the realised consequence of each candidate.
Correcting the scores’ current-image reference and frame
reductions yields 60.5% gap recovery for SSIM. This corre-
sponds to only a 0.25% reduction in pixel error relative to
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Fig. 8.  Action spread across WAM interfaces. Bars show within

decision action spread as a fraction of marginal spread. Each system uses its
compatible benchmark. This statistic measures numerical action differences,
not differences in task outcome.

uniform selection. Under its recorded frame reduction, CLIP
task alignment instead increases this error, with gap recovery
of —30.8%. Removing the shared current image from the
aesthetic quality, CLIP physics and CLIP task alignment
averages preserves every candidate ranking in this panel.
Their pixel error recoveries therefore remain unchanged.
Similarity to the current image can therefore rank this short-
horizon proxy without establishing task progress.

These diagnostics distinguish image agreement from ac-
tion utility, but do not identify whether a missed success
is obscured by the prediction or overlooked by the score.
The full chunk evaluation matches the initial execution to
the prediction horizon, but does not retain the corresponding
realised images. Testing what evidence is missing therefore
still requires predicted and realised observations for the same
candidate actions at the same horizon. Additional diagnostics
appear in Appendix I-D.

VI. ADDITIONAL MODEL AND SAMPLER CHECKS

We also examine how selection behaves with additional
models and benchmarks.

a) Within model controls: Changing the Cosmos sam-
pler across four settings leaves within decision action vari-
ance below 0.005 of marginal variance. Since these interven-
tions change spread only weakly, they do not test a substan-
tially more diverse generator. The cross interface check in
Fig. 8 compares relative action spread across three systems.
It measures the sampled actions directly and does not depend
on a visual scorer. Since the model, benchmark and action
interface change together, it is a descriptive breadth check
rather than a matched replication of the outcome experiment.

b) Across model breadth: As shown in Fig. 8, the
same dimensionless action statistic gives within decision to
marginal spread ratios of 0.016, 0.049, and 0.093 for Cosmos
Policy, LingBot-VA [4], and RynnVLA [44]. Compatible
closed loop checks produce only small changes whose di-
rection depends on the model and setting. Learned value
selection with Cosmos Policy on four LIBERO [45] suites
changes success from 98.05% to 98.00%. RynnVLA reaches
85.6% with one sample and 85.0% under random selection
from four candidates. LingBot-VA reaches 97.0% with one

sample and 97.5% under both random and VLM based
selection from four candidates. The identical random and
VLM estimates do not isolate a benefit from scoring, and
near ceiling success limits measurable headroom. Additional
transfer analyses appear in Appendix I-E.

VII. DISCUSSION

Generating useful actions. A WAM should complete
tasks reliably, not pursue diversity for its own sake. Ranking
cannot help when all candidates succeed or all fail. Where
both outcomes occur, rare successful candidates offer more
improvement over uniform selection. Numerical action dif-
ferences alone do not establish whether these useful choices
exist.

Recognising useful alternatives. Some scores yield
higher observed online success, but matched ranking often
misses successful alternatives. Retaining a successful action
among several highly ranked candidates does not mean a
controller can identify it. In the full chunk panel, learned
value gives a small observed gain but remains well below
the oracle. Greater action spread leaves oracle success un-
changed relative to ordered subsets, while slightly exceeding
the average random subset. Together, these analyses separate
the availability of useful choices from their recognition.

Implications for WAM evaluation. Executed outcomes
complement visual quality by measuring the opportunity
that generation provides and the fraction a selector recovers.
Determining whether a missed alternative is obscured by the
prediction or overlooked by the score requires comparing
predicted and realised evidence for the same actions at
matched horizons. Proposal expansion [34], future consen-
sus [36], and geometric verification [37] provide comple-
mentary approaches to stronger selection. Reporting avail-
able opportunity alongside their recovered gain would help
explain when different approaches succeed.

Scope and next steps. The controlled evidence concerns
Cosmos Policy in RoboCasa under a fixed continuation.
The full chunk panel extends the analysis across trajectory
phases with one decision state per episode, but changes
the execution horizon as well. It supports the remaining
selection gap, not a causal explanation for changes in mixed
decision frequency. A matched second WAM remains a
useful next test because the broader model checks change
both benchmark and interface.

VIII. CONCLUSION

In this paper, we studied test time planning with world
action models by separating available selection opportunity
from the gain recovered by scoring their generated futures.
In the initial candidate sets, this opportunity is concentrated
in relatively few decisions, and tested scores often miss
their successful alternatives. The full chunk evaluation across
trajectory phases also leaves substantial opportunity unrecov-
ered, despite a small gain from learned value. These findings
distinguish producing useful action choices from recognising
them, motivating the evaluation of WAM predictions through
their usefulness for decisions alongside their visual quality.
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APPENDIX I
EXTENDED EXPERIMENTAL RESULTS

We report the opportunity protocols and matched ranking
analyses, followed by the reported selector panels, visual
diagnostics, and additional sampler and model checks. His-
torical exploratory analyses are identified separately.

The learned value online condition pools two indepen-
dently run panels and therefore has 100 trials per task. In
Tab. IV, we separate data sources that do not share candidate-
specific terminal labels.

A. Prediction and Execution Interface

The recorded primary checkpoint is nvidia/
Cosmos-Policy-RoboCasa-Predict2-2B, using
the cosmos_predict2_2b_480p_robocasa_50_
demos_per_task__inference configuration.

Each sampled sequence contains 32 predicted actions.
The controller executes its first 16 actions before requesting
another prediction in the primary panels. The separate full
chunk panel executes all 32 actions. We use @(*) throughout
the selection notation for the executable part of the sequence.
Each branch evaluation executes this part and then follows
its fixed continuation, with a common seed schedule across
candidates.

The future image target in Cosmos Policy corresponds to
the state after the predicted action sequence. Four copies
of the image at that timestep are encoded into one future
camera slot [2]. Thus, the four decoded slot images are not
predictions at four successive times. Moreover, the branch
outcome after executing a prefix and continuing the policy
is not a direct fidelity test at the full predicted horizon. The
branch oracle evaluates the deployed action choice, whereas
the image diagnostics evaluate the visual evidence available
to the selector.

Our fixed-checkpoint study does not reproduce the sepa-
rate planning system in Cosmos Policy that refines a world
model and value function with policy rollout data [2]. This
distinction separates an analysis of the released paired pre-
dictions from evaluation of that refined planning system.

B. Complete Opportunity Analysis

a) Complete trajectory coverage: The matched trajec-
tory bank contains 24 tasks, 30 scenes per task, and 16 policy
noise seeds per scene. All 11,520 trajectories are complete.
The scene identity is a deterministic function of the base seed
and episode index. The policy seed offset is the only quantity
varied within a scene. Exact ordered prefixes yield pooled
success counts of 463, 492, 514, 538, and 557 out of 720
instances for K = 1,2,4,8,16. The corresponding whole
suite pass@ K values are 64.3%, 68.3%, 71.4%, 74.7%, and
77.4%. Because every task contributes 30 scenes, the average
over tasks and pooled average coincide. Task resampled
intervals are 53.8% to 74.2% at K 1 and 69.2% to
84.9% at K = 16. Because exact prefixes depend on seed
order, we also use the standard combinatorial estimator that
averages over all subsets of size K from each 16-seed
bank. It gives 64.4%, 69.0%, 72.6%, 75.3%, and 77.4% for
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K =1,2,4,8,16, closely matching the ordered prefix curve.
In Tab. V, we report the results for every task.

b) Same state coverage: The fixed candidate panel
contains 12 behaviour trajectories and 48 recorded decision
states, termed anchors below. We report the first 16 sampled
candidates and their continuations per anchor. Candidate zero
determines the behaviour trajectory from which anchors are
captured. Counterfactual branches cannot alter later anchors.
The snapshot includes simulator and model arrays, controller
and observable buffers, and random number state. Restored
hashes match at all 1,536 archived branches, and all 48 an-
chors pass the prefix replay isolation check. The continuation
policy uses the same seed schedule across candidates.

At K = 16, the mean branch, best branch, and mixed an-
chor rates are 68.9%, 79.2%, and 12.5%. The two door tasks
remain saturated at every reported prefix. The mixed anchors
occur in the other two manipulation tasks. A matched K =
16 comparison scores these exact branches before loading
their terminal outcomes. Learned value selects 32 successful
branches out of 48, SSIM selects 33, and VLM progress
selects 32. Their success rates are 66.7%, 68.8%, and 66.7%,
compared with a 68.9% uniform expectation and 79.2% best
candidate success. Across the six mixed anchors, branch
outcome AUC is 0.54, 0.40, and 0.40, respectively. SSIM
measures anchoring to the current frame rather than realised
prediction fidelity. A physics score is not reported because
the frozen bank lacks realised branch frames, contacts, poses,
and the clip length required by the available metric. The six
mixed anchors arise from three behaviour trajectories. Their
individual outcomes appear in Tab. VI. The full decision map
in Fig. O retains the trajectory identities aggregated in Fig. 5.

c) Principal matched scorer interface: The frozen
VLM uses Qwen/Qwen3-VL-4B-Instruct at revision
ebb281lec70b05090aa6165b016eac8ec08e71bl.
Its left image is the current primary-camera observation
and its right image is frame index 3 from the candidate’s
decoded primary-camera future slot. The fixed prompt asks
whether the task is more complete in the right image than
in the left. The score is the normalised Yes probability
from the first Yes and No token logits, with deterministic
inference. This is not a generated numerical rating. The
scorer specification binds the model files, input images and
candidate identities before outcomes are joined. Missing and
nonfinite scores fail validation. Higher scores are preferred,
with ties resolved by ascending candidate index. These
recorded controls concern the matched K16 analysis, not the
separate legacy online panel with unavailable per-decision
logs.

d) Ranking successful alternatives: In Fig. 6, we sort
candidates by descending score, breaking ties by ascending
candidate index as in the deposited selection analysis. At a
mixed anchor, the first successful rank is the smallest retained
set that contains a successful branch. Learned value retains
a successful branch at zero, two, four and six anchors when
keeping its top 1, 2, 4 and 8 candidates. The corresponding
counts are one, two, three and four for SSIM, and zero,
zero, one and five for VLM progress. All counts use the



TABLE IV

EVIDENCE PANELS AND THEIR TARGETS. PANEL SIZES REFER TO THE RECORDED EVALUATION UNITS, NOT INTERCHANGEABLE INDEPENDENT

OBSERVATIONS.

Panel

Recorded units

Target and interpretation

Trajectory coverage
Online selection
Frozen branches

Full chunk branches
Action-spread subsets
Visual proxy

Value spread

Historical feature probe

24 tasks, 720 scenes, 16 seeds

24 tasks, 50 trials per rule and task

12 trajectories, 48 anchors, 16 candidates

64 episodes, 64 anchors, 16 candidates

Same 48 anchors, archived pool of 32

194 decisions, 12 task and trial groups

130 decisions

240 trajectories, 2,400 demonstration anchors

Terminal success of complete policy runs

Executed control under each rule, not matched local recovery
Candidate terminal outcomes under a common continuation
Phase sampled decisions with 32 action execution

Outcome coverage within selected subsets

Agreement with one shared behaviour-transition image
‘Within-decision variation, not task-outcome discrimination
Closest demonstration action, not executed success

TABLE V

TASK LEVEL COMPLETE TRAJECTORY PASS@ K (% ). EACH TASK CONTAINS 30 ENVIRONMENT MATCHED SCENES AND 16 ORDERED POLICY

SEEDS. VALUES USE EXACT NESTED PREFIXES OF THE SAME TRAJECTORY BANK.

Task 1 2 4 8 16 Task 1 2 4 8 16
CloseDoubleDoor 86.7 90.0 90.0 93.3 96.7 PnPCounterToSink 56.7 70.0 733 733 733
CloseDrawer 100.0 100.0 100.0 100.0 100.0 PnPCounterToStove 53.3 56.7 633 66.7 73.3
CloseSingleDoor 100.0 100.0 100.0 100.0 100.0 PnPMicrowaveToCounter 30.0 33.3 40.0 46.7 50.0
CoffeePressButton 86.7 90.0 90.0 100.0 100.0 PnPSinkToCounter 63.3 66.7 733 76.7 80.0
CoffeeServeMug 533 56.7 56.7 633 66.7 PnPStoveToCounter 50.0 63.3 66.7 70.0 70.0
CoffeeSetupMug 20.0 233 333 50.0 633 TurnOffMicrowave 96.7 100.0 100.0 100.0 100.0
OpenDoubleDoor 86.7 90.0 933 96.7 96.7 TurnOffSinkFaucet 70.0 83.3 100.0 100.0 100.0
OpenDrawer 86.7 90.0 90.0 933 933 TurnOffStove 10.0 10.0 10.0 20.0 26.7
OpenSingleDoor 86.7 86.7 86.7 86.7 86.7 TurnOnMicrowave 56.7 60.0 63.3 66.7 70.0
PnPCabToCounter 433 50.0 533 533 533 TurnOnSinkFaucet 70.0 733 733 76.7 80.0
PnPCounterToCab 63.3 633 633 633 633 TurnOnStove 56.7 66.7 66.7 66.7 73.3
PnPCounterToMicrowave 26.7 26.7 36.7 40.0 50.0 TurnSinkSpout 90.0 90.0 90.0 90.0 90.0
Task mean 643 683 714 747 774
TABLE VI
I All fail Mixed I All succeed

SELECTIONS ON THE SIX MIXED K = 16 ANCHORS. THE CANDIDATE
COLUMN GIVES SUCCESSFUL BRANCHES OUT OF 16. A VALUE OF ONE
IN A SELECTOR COLUMN MEANS THAT ITS CHOSEN BRANCH SUCCEEDS.

Close door EO
Close door E1

Learned VLM
Task Anchor Candidates value SSIM progress
Pick counter to sink EO-D1 2/16 0 0 0
Turn off stove EO0-DO 4/16 0 0 0
Turn off stove E0-D1 2/16 0 0 0
Turn off stove EO-D2 4/16 0 1 0
Turn off stove E0-D3 3/16 0 0 0
Turn off stove E2-D3 2/16 0 0 0

same six mixed banks. They describe a retained set, not
the performance of a controller that can choose correctly
within it. For a bank of K candidates containing s successes,
a uniform random ranking retains a success in its first r
positions with probability
)
(v)
We take (¥7°) = 0 when r > K — s and average this
probability over the six mixed banks at fixed K = 16. This
exact finite-bank expectation gives 17.7%, 32.9%, 56.9% and
85.4% at r = 1,2, 4, 8. It requires neither additional rollouts
nor randomly sampled permutations.
Only VLM progress has tied scores in these six banks.
For its highest scoring successful group, let a candidates

have strictly higher scores, and let the tied group contain
n candidates of which s succeed. The first successful rank

1—

3)
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Close door E2 | NN NN N BN
Open door E0 [N NN NN B
Open door E1 [N NN I

Open door E2 [N IR N

2/16

Pick to sink E0 | NN
Pick to sink E1
Pick to sink E2
Turn off stove EO
Turn off stove E1
Turn off stove E2

4/16 2/16 4/16 3/16

2/16

DO D1 D2 D3
Decision along the recorded trajectory

Fig. 9. Individual decisions in the four-task branch panel. Each cell
summarises 16 candidate outcomes. Rows identify behaviour trajectories
EO to E2 and columns give their first four recorded replanning decisions.
Numbers in mixed cells count successful branches. This is not a map of
decision sensitivity over complete trajectories.

can range from a + 1 to a +n — s+ 1 across tie orderings.
In Fig. 10, markers show the recorded index ordering and
horizontal lines display this range. The main retention curve
uses that same recorded ordering.

e) Trajectory sensitivity: We repeat the local head-
room calculation after excluding each of the 12 behaviour
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Fig. 10. Rank of the first successful candidate at each mixed decision.
Rows correspond to the six mixed cells in Fig. 9. Rank 1 is the selector’s
choice. Markers use the recorded candidate order to break score ties.
Horizontal lines span the possible first successful ranks under other orders
of tied scores, not statistical uncertainty.

trajectories in turn, retaining 44 anchors each time. The
available gain ranges from 4.0% to 11.2%, compared with
10.3% on all 48 anchors. The largest reduction occurs when
excluding trajectory EO of TurnOffStove, which contains
four of the six mixed decisions. This descriptive sensitivity
analysis preserves the dependence between decisions on one
trajectory and shows how strongly the magnitude depends
on the few trajectories that contain consequential choices.

f) Action spread subsets: The historical subset compar-
ison selects from all 32 archived candidates at each of the
same 48 anchors, not exclusively from the first 16 candidates
used by the matched scoring study. The action spread rule
chooses K = 4 or K = 8 candidates. The deposited mean
action-spread statistic rises from 0.006493 to 0.008796 at
K = 4, and from 0.006325 to 0.007636 at K = 8. Its
subsets match the ordered prefixes in mixed rate and best
branch success. These are 6.3% and 72.9% at K = 4, and
10.4% and 77.1% at K = 8. Uniform success changes from
69.27% to 68.23% at K = 4 and from 69.01% to 68.49% at
K = 8. Consequently, headroom increases from 3.65 to 4.69
percentage points and from 8.07 to 8.59 points, respectively,
without higher oracle success. As shown in Tab. II, more
spread changes the success balance but not the fraction of
mixed anchors relative to the ordered subsets. The recovered
construction uses greedy farthest point sampling on the raw
flattened 16 x 7 action prefixes in double precision, starting
with the candidate farthest from the centroid. It applies
no coordinate scaling. The reported spread is the mean
pairwise Euclidean distance divided by v/112. Reapplying
the recovered implementation to the archive reproduces all
192 recorded subsets and their spread statistics.

We additionally compare 1,000 uniform random subsets at
each candidate count, using master seed 195 with a separate
stream for each candidate count and the same saved banks.
Their average oracle success is 72.85% at K = 4 and 76.11%
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at K = 8, compared with 72.92% and 77.08% for the wider
subsets. The corresponding average gaps over uniform selec-
tion are 4.22% and 7.48%, compared with 4.69% and 8.59%.
These draws describe variation within the recorded banks,
not independent evidence from 1,000 new experiments. The
wider subsets expand numerical spread more clearly than
oracle coverage. This analysis reuses archived branches and
does not collect a new 32 candidate bank.

g) Replay validation: A follow-up control uses the
frozen production source to repeat one candidate continu-
ation four times at the first TurnOffStove anchor. Its
state traces, continuation action hashes and terminal outcome
agree across repeats. The anchor images, candidate action
and future hashes, continuation action hashes and terminal
outcome also match the archived candidate. Controller and
random number state digests differ across runs, so the
historical reconstruction check does not pass. A source audit
identifies process dependent pointer bytes in the controller
digest and a truncated representation in the random number
state digest. The archive lacks the field values needed to
determine whether these encoding defects account for every
difference. This control supports repeatability of the tested
continuation, not complete historical state certification or
validation of the successful alternatives.

h) Terminal outcome instrumentation: A separate cap-
ture control executes two candidates twice at the same
anchor. Each branch runs its initial 32 actions and then
the production continuation for the remaining task budget.
All four reach the 490 step budget from the anchor with-
out success, with 32 initial actions and 458 continuation
steps. Repeated captures, continuation action hashes and state
traces agree within each candidate. The initial 32 action
execution differs from the 16 action prefix used in the frozen
bank, so these outcomes are not added to that bank. This
validates terminal label recording on a small control rather
than providing an outcome diverse comparison. A stop before
a task terminal event is recorded as an unknown outcome,
not a failure.

C. Full Chunk Selection Across Trajectory Phases

a) Collection  protocol: The fresh panel
uses CloseSingleDoor, OpenSingleDoor,
PnPCounterToSink and TurnOffStove, with

episode indices 0 to 15 for each task. Scene seeds use
the same deterministic rule as the earlier bank, so the
first three episode identities overlap. The trajectories and
candidate banks are newly collected, rather than disjoint
held out scenes. After collecting each behaviour trajectory,
one eligible decision is selected uniformly before candidate
outcomes are collected. The final recorded decision and
decisions with at most 33 steps remaining are excluded.
The resulting 64 anchors comprise 29 early, 21 middle
and 14 late decisions. Each episode contributes only one
anchor, avoiding repeated anchors from one trajectory in
the uncertainty calculation.

The behaviour policy, initial candidate execution and sub-
sequent continuation all use 32 actions before replanning.



With ten initial stabilisation steps, the decision grid is ¢t =
10 + 32d. The candidate future image targets the state after
this initial chunk. Candidate seeds are fixed at 195 through
210. Branches terminate at success or the task limit of 500
steps for the door and stove tasks and 700 for the pick
and place task. All 1,024 branches have observed terminal
outcomes, comprising 514 successes and 510 failures at
the task limit. There are no censored branches or recorded
execution errors.

b) Scoring and outcome composition: The score set and
direction match the frozen comparison, using stored learned
value, current to future SSIM and the fixed Qwen3-VL image
pair prompt. Every scored row is joined by candidate identity
and checked against its recorded action and future hashes.
The complete cache contains the first Yes and No token
logits in bfloat16 precision and their normalised probability.
All values are finite. The score is computed before terminal
labels are joined, and ties choose the lowest candidate index.

At K = 16, 25 anchors contain only successes, 26 contain
only failures, and 13 contain both. The mixed counts are four,
three, four and two across the tasks in the order listed above.
As shown in Tab. VII, this panel contains useful choices in
both door tasks as well as the manipulation tasks. The two
candidate counts in Tab. III use nested prefixes of the same
banks, not separately sampled states or independent trials.

c) Uncertainty and score ties: We resample the 16
episodes within each of the four tasks, preserving all can-
didate outcomes and scores at each anchor. We use 10,000
paired resamples with seed 195 and report the central 95%
range. At K = 16, the oracle gain over uniform is 9.18%,
with a range from 3.81% to 15.23%. The learned value
gain is 1.37%, with a range from —2.83% to 5.76%. The
remaining oracle gap is positive for all three tested selectors
under this conditional resampling, as shown in Tab. VIIIL
These ranges concern the recorded tasks and finite candidate
banks.

VLM progress has 38 distinct recorded probabilities, with
a tie for the top score at 33 of 64 anchors. Averaging out-
comes across the top tied candidates gives 48.07% expected
success, compared with 50.00% under the fixed index rule.
Learned value has one top tied anchor and changes from
51.56% to 50.33% under random ties. SSIM has no top ties
and remains at 50.00%. The small learned value advantage is
therefore sensitive to tie handling. For comparison, random
tie resolution in the historical frozen VLM panel changes
success from 66.67% to 67.08%, still below its uniform
baseline.

d) Validation and limits: A fresh control repeats candi-
date zero four times from one CloseSingleDoor anchor.
Its continuation actions, state traces and terminal success at
step 189 agree within the process. The same candidate’s
continuation action sequence and outcome also match be-
tween that control and the collected block. This is evidence
for the tested continuation, not certification of every state
across processes. The saved package does not contain full
serialised simulator snapshots or the realised images after
the initial 32 actions. No matched predicted versus realised

13

image experiment was completed, and old terminal labels are
not reused for reconstructed states. Since both the decision
sampling and execution horizon differ from the frozen prefix
panel, differences between the panels cannot be attributed to
either change alone.

D. Additional Selector Results and Input Diagnostics

1) Task Difficulty Groups: We define task difficulty using
only the task level success of the separately run K = 1 fixed
candidate reference. Hard tasks have success below 50%,
medium tasks have success from 50% to below 80%, and
easy tasks have success of at least 80%. This fixed rule yields
6 hard, 11 medium, and 7 easy tasks. The assignment is held
constant for every selection rule in Tab. I and does not depend
on selector performance.

a) Historical feature probes: In Tab. IX, we preserve
the results of an earlier linear probe on 2,400 demonstration
anchors, with four candidates per anchor. Its target is the
candidate with the lowest mean absolute action error to the
demonstration chunk. No candidate is executed to produce
this label. Five cross validation folds keep candidates from
one anchor together, but do not constitute a held out trajec-
tory test. The full fit has AUC 0.499 and top 1 agreement
24.3%.

The implementation audit identifies seven features that
average the current observation with predicted images, five
temporal or mixed reductions, and two remaining inputs,
learned value and final-frame SSIM. The original clip mani-
fest is unavailable, leaving its exact frame count unresolved.
Aesthetic quality, CLIP physics and CLIP task alignment in
Fig. 7 therefore remain labelled as recorded input statistics
rather than clean prediction-only measurements.

A CPU refit reproduces the full AUC of 0.499476. Re-
stricting the input to learned value and SSIM produces zero
coefficients in all five folds. Its AUC of 0.500 and top 1
agreement of 25.5% follow from constant predictions and
choosing candidate zero. Reducing the optimiser tolerance
from 107* to 10719 yields nonzero coefficients and AUC
0.499964. A separate split that keeps each of the 240
source trajectories together gives full-feature AUC 0.500207.
These checks concern demonstration-action matching, not
recognition of successful branches. The pixel change and
value-only family fits also have zero coefficients. The table
retains those fits with explicit markers rather than treating
them as independent negative results.

b) Closed loop selectors: The results in Tab. X use the
released Cosmos-Policy-RoboCasa-Predict2-2B checkpoint.
We retain the evaluator set in the main comparison and
report constant repeated-frame controls separately within the
table. Additional reward-model runs remain in the experi-
ment archive but are not part of this comparison. The five
reported slot input selectors contribute 6,000 episodes from
24 tasks with 50 trials each, using K = 4, seed 195. All
five success totals match their 120 saved run summaries
per selector. Manifests record five input images, comprising
the current observation and four images decoded from one
future camera slot. The slot images represent one future



TABLE VII
FULL CHUNK SELECTION BY TASK. EVERY TASK CONTRIBUTES 16 DECISION STATES AND 16 CANDIDATES PER STATE. ENTRIES ARE SUCCESS

PERCENTAGES.
Rule Close door Open door Counter to sink Turn off stove Overall
Uniform 91.80 66.41 34.77 7.81 50.20
Learned value 93.75 62.50 37.50 12.50 51.56
SSIM 93.75 62.50 37.50 6.25 50.00
VLM progress 93.75 68.75 31.25 6.25 50.00
Outcome oracle 100.00 75.00 43.75 18.75 59.38
TABLE VIII

UNCERTAINTY AND TIE SENSITIVITY IN FULL CHUNK SELECTION. RANGES ARE THE CENTRAL 95% OF 10,000 PAIRED EPISODE BOOTSTRAP

RESAMPLES WITHIN EACH TASK. CHANGES AND REMAINING ORACLE GAPS ARE IN PERCENTAGE POINTS. RANDOM TIES AVERAGE OVER THE TOP
SCORING TIED CANDIDATES IN EACH RECORDED BANK.

K Rule Change from uniform Remaining oracle gap Tied anchors Random ties (%)
4 Learned value -4.30 to +3.52 0.00 to 10.94 1 48.83
SSIM -4.30 to +3.52 0.00 to 10.94 50.00
VLM progress -3.12 to +2.34 0.00 to 10.94 23 50.00
16 Learned value -2.83 to +5.76 1.56 to 15.62 1 50.33
SSIM -3.81 to +3.32 3.12 to 17.19 0 50.00
VLM progress -2.73 to +2.15 3.12 to 17.19 33 48.07

TABLE IX
HISTORICAL DEMONSTRATION-ACTION MATCHING PROBES. THE
TARGET IS THE CANDIDATE CLOSEST TO THE DEMONSTRATION ACTION
CHUNK, NOT TASK SUCCESS. TOP 1 CHANCE IS 25% AND CHANCE AUC
1S 0.50. THESE ARCHIVED FITS INCLUDE AFFECTED OR UNSUPPORTED
INPUTS AND ARE NOT A CORRECTED METRIC COMPARISON.

Probe input AUC Top 1 Interval
Feature family

All features 499 243 22.6-25.9
Quality + dynamics 499 24.1 22.4-25.8
Task + physics .500 24.5 22.8-26.3
Pixel change .500 25.5 23.8-27.3
Learned value® .500 25.5 23.8-27.3
Decisions with larger action differences

Top 50% 498 232 20.8-25.6
Top 25% 499 25.2 21.8-28.5
Top 10% .503 29.6 23.8-35.4
Additional refit checks

Value + SSIM .500 25.5 23.8-27.3
All features, trajectory split .500 232 21.4-24.9

T Zero fitted coefficients and constant predictions. Top 1 intervals retain the original
anchor resampling, including for the trajectory-split sensitivity row.

timestep, not a temporal sequence. Intervals use 10,000
paired task resamples against the fixed candidate reference,
without adjustment across selectors.

No reported selector in this slot input panel improves the
reference point estimate, and all five intervals include zero.
These results describe the evaluated input adaptation, not
scoring on a predicted temporal rollout.

The log census for these five selectors covers 139,893
decisions and 559,572 scores. All recorded scores are finite,
and every selected index matches the first maximum of its
score vector. VLM controllability ties all candidates at 60.4%
of decisions and selects candidate zero at 80.0%. VLM
progress value ties at 79.1%, returns all zeros at 40.5%, and
selects candidate zero at 89.1%. It reads only the last input
image. None of the five rules is constant at every decision.

The summaries contain no scorer-failure count, and raw
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VLM responses were not saved. Two parsers can return zero
on a failed parse, so parse failures cannot be distinguished
from genuine zero responses. The finite-score check does not
resolve that missing information. The legacy panel retains
verified task aggregates but lacks the original per decision
records. In particular, the historical direction of foreground
centroid jerk cannot be confirmed from the later runtime
source.

c) Metrics that cannot rank the repeated frame input:
Three temporal rules are algebraically constant when a
decoded frame is tiled over time, and valid colour range
is constant after normalisation regardless of tiling. Three
of these rules were included in the closed loop sweep and
are marked with daggers in Tab. X. Motion smoothness
was not run online. Their numerical outcomes cannot be
attributed to their scores because all candidates tie. These
were independent end to end runs whose candidate tensors
were not matched by hash across conditions, so their small
differences are not a same bank random or fixed index
control.

d) Complete decoded slot diagnostic: Decoding Cos-
mos Policy produces 41 pixel frames spanning the latent
slots for proprioception, cameras, actions, and value. The
primary camera future occupies frames 29 to 32. During
training, this slot contains four copies of one camera image
at one timestep [2]. The four decoded images are therefore
not four successive predicted timesteps. The reference-image
correction supplies the real current observation where a score
requires it. For model-free absolute image properties, the
revised reduction excludes that observation. The audit subse-
quently found that aesthetic quality, CLIP physics and CLIP
task alignment still average it with the predicted frames.
Their recorded statistics are retained with this distinction. No
reduction creates a temporal rollout from these slot images.

In Tab. XIII, we report the audited export for 194 decisions



TABLE X
EXTENDED CLOSED LOOP SELECTOR RESULTS. EVERY SELECTOR IS EVALUATED ON 24 TASKS WITH 50 TRIALS PER TASK, EXCEPT THE LEARNED
VALUE, WHICH POOLS TWO INDEPENDENTLY RUN PANELS. CHANGES AND TASK RESAMPLED INTERVALS USE THE SEPARATELY RUN FIXED
CANDIDATE REFERENCE AT 65.9%. A DAGGER MARKS A CONSTANT RULE, A DOUBLE DAGGER MARKS MAJORITY TIES IN THE COMPLETE 24-TASK

LOG AUDIT, AND A SECTION SIGN MARKS AN UNVERIFIED HISTORICAL SCORE DIRECTION.

Selection rule Episodes Success Change Task resampled interval
Fixed candidate K =1 1,200 65.9 reference n.a.
Repeated frame and learned value panel

Learned value 2,400 66.8 +0.9 —1.5t0 +3.2
Background consistency 1,200 66.7 +0.8 —1.6to +3.2
Laplacian sharpness 1,200 66.1 +0.2 —20to +2.3
Valid colour rangeT 1,200 66.0 +0.1 —0.6 to +0.8
Peak to mean motiont 1,200 66.0 +0.1 —0.3t0 +0.5
Gradient sharpness 1,200 65.8 —0.1 —2.3t0 +2.0
Spatial complexity 1,200 65.8 —0.1 —1.8to +1.8
Motion region overlap® 1,200 65.8 —0.2 —0.7t0 +0.3
Aesthetic quality 1,200 65.7 —-0.3 —23t0 +1.6
SSIM 1,200 65.5 —-0.4 —2.8t0 +1.8
Subject consistency 1,200 65.3 —0.6 —2.8to +1.5
Image quality 1,200 65.3 —0.6 —2.7to +1.3
Frame difference 1,200 65.3 —-0.7 —29t0 +1.3
Foreground centroid jerk$ 1,200 65.1 —0.8 —28to +14
Temporal flicker 1,200 64.7 —-1.3 —3.7t0 +1.0
Decoded camera slot input

VLM controllabilitfc 1,200 65.6 —0.3 —3.3to +2.8
VLM progress valuet 1,200 65.6 —0.3 —3.0to +24
VQAScore 1,200 64.9 -1.0 —4.2t0 +23
VLM progress 1,200 64.7 —-1.3 —4.7t0 +2.3
VideoPhy 1,200 64.3 —-1.7 —4.8to +1.3

TABLE XI

SUPPORTING DIAGNOSTICS. PANEL (A) REPORTS REPEATED FRAME RULES THAT TIE WITHIN EVERY DECISION. () HISTORICAL OUTCOMES FROM
THE WEAKER SNAPSHOT PROCEDURE DESCRIBED IN SECTION I-G. A MIXED STATE HAS BOTH SUCCESSFUL AND FAILED BRANCHES.

(a) Degenerate repeated frame metrics

(b) Paired outcomes by task

Metric Value Reason Task States Mixed Rate
Motion region overlap 0.000 Zero motion map CloseDrawer 124 0 0.0
Peak to mean motion 8.000 max /mean =T — 1 OpenDrawer 70 2 29
Motion smoothness 0.429 Identity 1 — 4/7 PnPCounterToCab 53 3 5.7
Valid colour range 1.000 Frames clipped to [0, 1] CoffeePressButton 10 0 0.0
TurnOnSinkFaucet 76 1 1.3
PnPSinkToCounter 51 5 9.8
All tasks 384 11 2.9

in 12 task and trial groups. The target is mean pixel error
to one observation after the first action of candidate zero,
shared by all candidates. Mean error is 0.087922 under uni-
form selection, 0.087555 for the lowest error candidate, and
0.087700 under SSIM. Thus, the available reduction is 0.42%
of uniform error and SSIM achieves a 0.25% reduction,
recovering 60.5% of that gap. Mean SSIM recovers 78.8%.
These reference-image scores favour similarity to the current
image, not departure from it or task progress.

Both decision and whole-group resampling use 2,000
draws and preserve the same point estimate. SSIM’s recovery
range is 45.3 to 73.5 with decision resampling and 34.6
to 73.3 with group resampling. CLIP task alignment has
negative recovery under both schemes for its recorded re-
duction. A shared current-frame term in a linear per-frame
mean changes score values and spread, but preserves within-
decision ordering when the future frames, weights and per-
frame scores are otherwise unchanged. We test this directly
by comparing the four predicted slot images alone with
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the current observation followed by those same images.
Aesthetic quality, CLIP physics and CLIP task alignment
preserve the selected candidate and full ordering at all 194
decisions. Including the current observation reduces their
within decision standard deviation to 0.8 of the prediction
only value, as expected for a mean over five rather than four
images. Thus, the shared observation changes spread without
changing the measured ranking or pixel error recovery. The
comparison does not cover the separate 2,400-anchor probe
panel, and the historical arm does not retain weight or source
metadata. Results are exploratory and unadjusted across
scores. Unsupported temporal and mixed reductions remain
labelled as such even when their numerical recovery is high.
Corrected VideoPhy scores are unavailable in this export, so
its historical offline values are not substituted. The online
results are separate runs.



TABLE XII
SAMPLER INTERVENTION AT K =4. THE INTERVENTION CHANGES
ONLY THE COSMOS SAMPLER. DIVERSITY IS WITHIN DECISION ACTION
VARIANCE DIVIDED BY MARGINAL ACTION VARIANCE.

Sampler n Action variance ratio
5 steps 190 0.0043
1 step 188 0.0001
S steps + variance 190 0.0045
1 step + variance 187 0.0001

E. Transfer Across Models and Benchmarks

Historical score-transfer calculations between DreamZero
with DROID [46] and Cosmos Policy with RoboCasa are
excluded from the active comparison while their input and
target dependencies are unresolved. The action statistics
below are computed from the sampled actions and do not
use those visual-score recoveries.

In Fig. 8, the shared diversity audit covers Cosmos
Policy on RoboCasa, LingBot-VA on LIBERO-Long, and
RynnVLA on LIBERO-10 [45]. Their within decision to
marginal action spread ratios are 0.016, 0.049, and 0.093,
respectively. Each ratio uses the same dimensionless stan-
dard deviation calculation, although the underlying action
parameterisations and benchmarks differ.

The secondary closed loop checks have different limita-
tions. Learned value selection with Cosmos Policy changes
macro success on four LIBERO suites from 98.05% to
98.00%. RynnVLA’s valid K =1 and random-K =4 condi-
tions reach 85.6% and 85.0%. Its attempted imagined-frame
scorer is excluded because all candidate scores failed and the
implementation always selected candidate zero. LingBot-VA
reaches 97.0% at K =1 and 97.5% under both random se-
lection and a task progress VLM selector. The latter contains
172 episodes. None of the task resampled intervals exclude
zero. These settings therefore provide compatibility aware
breadth, not matched replications of the primary Cosmos
Policy experiment.

F. Sampling and Evaluation Scale

a) Sampler intervention: We next change only the
sampler while holding Cosmos Policy, the benchmark, K =
4, and the score panel fixed. Action diversity is the mean
within decision action variance divided by marginal action
variance, averaged over action dimensions. As shown in
Tab. XTI, this ratio remains below 0.005 across four regimes
and approximately 190 decisions per regime. These changes
do not substantially expand the numerical action spread in
the recorded regimes. Scorer-dependent recovery values are
omitted because their input dependencies remain unresolved.
This intervention does not establish that increasing diversity
would improve control. The recovered configurations use
either one or five denoising steps, with variance scaling
disabled or enabled, as labelled in the table. All four use
the same checkpoint snapshot and candidate seed schedule.
At environment step ¢, candidate ¢ uses seed 195+t +4, and
the variance draw uses that same seed when enabled. The
checkpoint revision is recorded, but the historical runtime
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source was not pinned. The configuration recovery confirms
the displayed sampler settings without restoring the omitted
visual score claims.

b) Evaluation scale: Among 500 subsamples, a screen
with four tasks and ten trials recovers the leading selector
from the complete evaluation only 10% of the time and has
mean Kendall 7 = 0.068. Using all 24 tasks with ten trials
gives 13% recovery and 7 = 0.141. As shown in Fig. 11,
rankings stabilise only near the complete 24 x 50 grid.

100

n
o
1

Top-score
recovery (%

(Kendall T)

Rank correlation

T T T
4%x50 24%x10 24 x50

Tasks X trials per task

Fig. 11. Selector-ranking stability as evaluation grows. Small screens
rarely recover the leading selector from the complete evaluation and have
low rank correlation with the complete evaluation.

G. Counterfactual Outcomes and Retrospective Selection

a) Counterfactual outcome protocol: This historical
panel uses a weaker snapshot procedure than the frozen K =
16 bank. It saves the MuJoCo simulator state [47] and four
environment scalars, but not the full controller, observable
and random number state. For each candidate, it restores
those saved quantities, executes the 16 step action chunk,
and resumes greedy Cosmos Policy. Six tasks use seed
195 and contribute 384 decision states, or 1,536 branches.
No recorded restoration or identical-candidate control ac-
companies this panel. Its outcomes therefore describe that
procedure rather than establish an isolated effect of candidate
choice.

All four branches succeed at 59.6% of states and all fail
at 37.5%. The remaining 11 states are outcome diverse.
As shown in panel (b) of Tab. XI, they concentrate on
the two pick and place tasks, while CloseDrawer and
CoffeePressButton have none.

An incomplete episode level oracle pilot finished ten
CoffeePressButton and two CloseDrawer episodes
before the remaining runs exceeded the compute budget.
These unpaired counts do not estimate selection headroom.
Likewise, nested decision states do not turn the 2.9% mixed
state frequency into an episode level upper bound.

b) Retrospective selector analyses: The following val-
ues are retained from the historical exploratory report. The
complete permutation and held out routing procedure has
not been reconstructed from the deposited package, so these
values are not used to support the main conclusions. Nine



TABLE XIII

AUDITED RECORDED-OBSERVATION DIAGNOSTIC. RECOVERY IS THE FRACTION OF THE UNIFORM-TO-LOWEST-PIXEL-ERROR GAP RECOVERED BY
A SCORE, NOT TASK SUCCESS. ALL AVAILABLE ROWS USE 194 DECISIONS FROM 12 TASK AND TRIAL GROUPS. BOTH RANGES USE 2,000 RESAMPLES.

Score Status

Recovery (%)

Decision range

Group range

Corrected endpoint and reference-image computations

Final frame entropy C —15.4 —32.7t0 +3.9 —38.7t0 —0.7
Final gradient sharpness C —11.0 —28.9to +6.0 —30.3to0 —0.5
Final Laplacian sharpness C —28.4 —44.8 to —12.0 —38.4t0 —9.2
Final observation histogram correlation C +11.3 —10.5to +31.3 +0.1to + 28.0
Final start edge correlation C +34.7 +17.5t0 +52.4 +8.8 to +49.5
Gradient sharpness C —25.3 —41.2to — 8.7 —40.7 to —12.3
Laplacian sharpness C —31.9 —49.1to —13.6 —49.8t0 +1.8
Mean frame entropy C —29.1 —44.8 to —13.1 —47.7t0 —14.4
Mean observation histogram correlation C +12.9 —89to +33.3 +1.2t0 4+ 344
Mean SSIM C +78.8 +69.4 to +87.2 +63.8 to + 85.3
Mean start edge correlation C +45.5 +29.8 to +61.3 +18.3 to + 62.6
Spatial complexity C —14.4 —35.6to +5.0 —349t0 —2.3
SSIM C +60.5 +45.3 to + 73.5 +34.6 to + 73.3
Uncertainty component C —0.8 —24.7 to +23.7 —35.4to +20.6
VLM controllability C —17.5 —35.0to +0.5 —28.5t0 +4.7
VLM progress C —6.1 —26.2t0 +14.1 —21.2to +19.4
VLM progress value C -7.0 —26.8to +15.4 —16.7 to 4 13.7
VQAScore C +5.5 —109 to +22.5 —13.3t0 +17.3
Unsupported temporal, mixed or slot-dispersion measurements

Background consistency U +1.0 —16.1to +18.5 —22.7to +19.2
Dynamic degree U —85.5 —95.9to —74.9 —101.8to —75.1
Edge flicker U +46.5 +30.4to +61.1 +29.3 to +57.9
Foreground area variation 8) +6.1 —11.2 to +23.7 —174t0 +18.1
Foreground centroid jerk 8] —-0.9 —19.2t0o +17.7 —16.6 to +6.7
Foreground spread variation U +17.2 —2.0to +33.9 —18.6 to +41.6
Frame difference U +87.5 +80.9 to + 92.6 +76.3 to +93.0
Motion centroid jerk U +2.7 —17.0 to +22.2 -89t +23.1
Motion compactness 8] —12.6 —28.5t0 +3.5 —35.7t0 +0.8
Motion focus U —4.1 —24.8 to +18.3 —23.2to 4 25.7
Motion magnitude U —87.6 —979to —77.1 —103.4to —77.1
Motion region overlap U +9.7 —11.3 to +29.7 —11.3to +43.5
Motion smoothness 8] —11.1 —28.3t0 +5.3 —28.6to +0.4
Peak to mean motion U —31.5 —47.8 to —13.0 —49.6 to + 3.4
Predicted pixel variance U —89.5 —979to —81.2 —100.6 to — 83.3
Prediction history consistency U +1.9 —18.1to +23.1 —14.8 to +30.4
Semantic component U +32.7 +12.6 to + 50.9 +9.9to 4+43.5
Subject consistency U +32.7 +12.6 to + 50.9 +9.9to +43.5
Temporal acceleration U +74.1 +61.9 to + 83.5 +43.3 to +89.9
Temporal flicker U +95.7 +92.9 to +97.8 +94.7 to + 96.8
Diagnostic or provisional computations

Candidate diversity D —15.2 —33.2to +6.6 —27.3t0 + 8.8
Colour overflow D —15.2 —33.2t0 +6.6 —27.3t0 +8.8
Combined semantic uncertainty D +26.2 +4.6 to +45.6 —8.6to +45.4
Valid colour range D —15.2 —33.2t0 +6.6 —27.3t0 +8.8
Frame means with verified ranking agreement

Aesthetic quality R +18.3 —2.4to +37.6 —0.7 to 4 28.6
CLIP physics R +15.3 —4.9to +34.2 +3.4t0 +21.9
CLIP task alignment R —30.8 —46.5 to —15.2 —43.6to —7.0
Corrected export unavailable

VideoPhy N n.a. n.a. n.a.

C denotes a corrected or verified unchanged computation, not validation of task relevance. U denotes an unsupported interpretation on the decoded-slot interface. D denotes
diagnostic or provisional status. R retains a recorded current-plus-prediction mean whose ranking agrees with the prediction-only mean at all 194 decisions. N denotes a missing

corrected export. High recovery does not validate U or D rows as temporal, physical or uncertainty measurements.

tasks show no taskwise selection gain. The largest reported
increase is 18% on TurnOffSinkFaucet under motion
centroid jerk, but the rule harms five other tasks. Taskwise
selection raises macro success by 3.9%. Permuting task and
selector identities yields 8.9%, while leave one task out
selection reaches 0.75%.
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