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Abstract

Action-conditioned world models have become an important foundation for embodied pre-
diction, planning, and synthetic data generation, but their errors under new task and scene
distributions are often concentrated in localized spatiotemporal regions such as robot arms,
manipulated objects, contact areas, and occluded objects. This paper presents ConfAL-WM,
a confidence-guided active learning framework for post-training embodied world models.
Built upon EVAC, we attach a lightweight confidence probe to UNet decoder features and
predict dense confidence maps in the latent space. These maps are aggregated into task-,
frame-, and patch-level scores, enabling both efficient data selection and localized training
enhancement. Our pipeline first retrains the confidence probe and warms up EVAC with a
small subset of target-domain data, then performs task-level prescreening to allocate sampling
budgets, and finally applies selected-data retraining with optional frame or patch weighted
data enhancement. Experiments on RoboTwin2.0 show that confidence-guided selection im-
proves post-training efficiency, while dense frame and patch weighting further enhances pre-
diction quality and embodied trajectory consistency compared with scalar reward, progress,
and judge-based scoring baselines. A quick visual overview of this work is available at
https://ConfAL-WM.github.io.
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Figure 1: An introduction of our work. (A) Given reference frames and action conditions, we
use a UNet-based latent diffusion world model as the backbone and train a confidence probe on
decoder features to predict dense future risk maps. (B) Confidence guides active learning in two
ways: selecting more informative post-training data and enhancing supervision on unreliable frames
or patches. (C) Two representative episodes compare the same predicted frame from the ground
truth, warmup model, frame-weighted retraining, and frame-and-patch-weighted retraining.
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1 Introduction

Action-conditioned embodied world models aim to predict future visual observations under given
robot actions, enabling offline policy evaluation, synthetic data generation, and planning without
direct environment interaction. EnerVerse-AC (EVAC) is a representative action-conditioned world
model that generates future multi-view observations conditioned on robot actions (Jiang et al., 2025).
However, whether under zero-shot transfer to new datasets or during post-training on existing do-
mains, prediction errors are rarely uniformly distributed over the whole video. They often concen-
trate around moving robot arms, manipulated objects, contact regions, occlusions, and long-horizon
interaction errors. Recent studies on confidence-aware video generation and physics-reinforced
world simulation also suggest that unreliable or physically inconsistent regions are usually spa-
tially and temporally localized (Mei et al., 2025b; Zhang et al., 2026). This motivates a post-training
pipeline that does not merely add more data globally, but selects and enhances data according to
where the world model is likely to fail.

In this work, we study confidence-guided active learning for action-conditioned world models, and
refer to the overall framework as ConfAL-WM. We build upon EVAC as the backbone world model
and attach a lightweight confidence probe to its UNet decoder features. Unlike prior DiT-based
dense confidence estimation, where each latent token naturally corresponds to a video patch (Mei
et al., 2025b), EVAC requires an explicit feature-tapping design. We use decoder features rather
than the bottleneck features, because they retain stronger spatial locality while still carrying global
contextual information from the latent diffusion backbone. The probe predicts dense confidence
maps in the latent space, which are further aggregated into patch-, frame-, and task-level scores for
selection and retraining. To stabilize probe supervision, we also replace the random binary threshold
range used in previous confidence training with an adaptive EMA-based thresholding strategy.

Our active learning pipeline uses confidence in a staged and budget-aware manner. EVAC is orig-
inally pretrained on AgiBot World, a large-scale real-world manipulation dataset (Bu et al., 2025),
and we use RoboTwin2.0 as the post-training dataset to evaluate the effectiveness of active learning
under a new task and scene distribution (Chen et al., 2025). First, a small subset of data is used
to retrain the confidence probe and warm up EVAC, producing a domain-adapted EVAC-v1. Sec-
ond, we perform fast task-level prescreening with the confidence probe: harder tasks are assigned
larger sampling budgets, while easier tasks receive fewer selected scenes. Third, after scene selec-
tion, there are two possible retraining paths. The selected data can be directly used for EVAC-v2
retraining, or it can be further processed by EVAC-v1 and the confidence probe to obtain frame- and
patch-level confidence scores. The latter path introduces additional inference and scoring cost, but
enables confidence-guided data enhancement during retraining.

This design gives confidence two roles. At the selection level, it estimates which tasks and scenes
deserve more retraining budget. At the training level, it localizes which frames and patches should
receive stronger supervision. This differs from scalar reward, progress, or judge-based scoring
models, which can rank trajectories or frames but usually cannot provide patch-level prediction
risk for world-model retraining (Lee et al., 2026; Liang et al., 2026; Ma et al., 2024; Ji et al.,
2026). In our comparison, these scoring models are used as alternative selection signals, and part of
them are further equipped with frame-weighted retraining. Confidence is used as our main signal,
and we additionally study frame-and-patch-weighted retraining as a stronger dense enhancement
strategy. Following the EWMBench-style evaluation protocol (Yue et al., 2025), our results show
that confidence-guided selection and confidence-guided frame/patch weighting consistently improve
prediction quality and embodied trajectory consistency over scalar scoring baselines.

Our contributions are summarized as follows:

1. We propose ConfAL-WM, a staged confidence-guided active learning pipeline for efficient
post-training of embodied action-conditioned world models.

2. We adapt dense confidence estimation to a UNet-based action-conditioned world model by
designing a decoder-feature confidence probe and a more stable EMA-based training target.

3. We introduce confidence-guided data enhancement, especially frame-and-patch-weighted re-
training, to focus supervision on unreliable spatiotemporal regions.

4. We show that confidence improves both data selection and weighted retraining compared with
existing scalar reward, progress, and judge-based scoring methods.



2 Related Work

Action-conditioned world models and evaluation. Action-conditioned world models pre-
dict future observations under robot actions. EnerVerse-AC (EVAC), pretrained on AgiBot World,
is the UNet-based backbone of our framework (Jiang et al., 2025; Bu et al., 2025); we post-train it
on RoboTwin2.0 under new tasks, scenes, and robot embodiments (Chen et al., 2025). Recent alter-
natives improve action controllability or latent prediction, including IRASim and DINO-WM (Zhu
et al., 2025; Zhou et al., 2025). Most closely related, Mei et al. (2025b) introduce C3 for dense
confidence estimation in DiT-based video models.

EWMBench evaluates embodied world models through reconstruction, scene, motion, and semantic
metrics, and provides our main evaluation protocol (Yue et al., 2025). Other benchmarks connect
generated futures with policy performance or assess instruction following and physical plausibil-
ity (Jang et al., 2025; Li et al., 2025b; NVIDIA, 2025).

Dense confidence, reward, progress, and judge signals. Dense uncertainty is the closest
signal to our method. S? analyzes uncertainty in generative video models, while C? introduces dense
calibrated confidence maps for controllable video generation (Mei et al., 2025a;b). PRM-as-a-Judge
provides process-level robotic auditing with macro- and micro-level signals (Ji et al., 2026). Our
confidence additionally serves as an acquisition score and a local training weight.

We compare against several scalar scoring methods. GVL estimates temporal progress through
in-context value learning (Ma et al., 2024); RoboReward learns general-purpose vision-language
rewards for robotics (Lee et al., 2026); Robometer combines frame-level progress with trajectory
preferences (Liang et al., 2026); and LRMs generate process and completion rewards online (Wu
et al., 2026). These methods score trajectories or frames, whereas we also localizes patch errors.

Localized supervision has recently been explored from complementary perspectives. CD-LAM re-
duces action-irrelevant latent bias through embodiment-focused reconstruction and action-aware ob-
jectives (Wei et al., 2026). PhysisForcing strengthens physical consistency by emphasizing physics-
informative interaction regions (Zhang et al., 2026). Our method identifies such regions through
world-model confidence and uses them for active selection and patch-weighted retraining.

Active learning, uncertainty-aware robot learning, and auxiliary world-model objec-
tives. Classical active learning selects samples using uncertainty, disagreement, or coverage (Set-
tles, 2009; Seung et al., 1992; Sener & Savarese, 2018). Robotics-specific methods extend these
principles to view selection, rollout control, and demonstration curation (Eren & Oztop, 2024; Das-
gupta et al., 2024; Li et al., 2025a; Dass et al., 2025). Most closely related, Romer et al. (2026)
derive velocity-field disagreement (VFD) to quantify epistemic uncertainty in flow-based VLAs,
and further introduce SAVE, which uses this uncertainty to prioritize tasks and initial scenes for ac-
tive multitask fine-tuning. This shares our goal of using model uncertainty to reduce adaptation cost
and focus supervision on informative data, but operates on action-policy uncertainty, whereas our
method estimates dense video-prediction confidence and uses it for both data selection and localized
world-model retraining. Future-aware auxiliary objectives can also improve embodied representa-
tions (Yuan et al., 2026; Lv et al., 2026; Luo et al., 2026).

3 Method

In this section, we first introduce a dense confidence probe for a UNet-based action-conditioned
world model, which estimates patch-level prediction reliability from intermediate decoder features.
We then describe how the resulting dense risk maps are aggregated into task-level acquisition scores
and further converted into weights for confidence-guided EVAC retraining.

3.1 Dense Confidence Probe for UNet World Models

Confidence definition. Given an action-conditioned world model, we define confidence as the
predicted probability that a local prediction error is below a threshold. In EVAC, the diffusion model
predicts a denoising direction ©(7) for the ground-truth target v("). For a predicted future frame t
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Figure 2: Training and inference of the confidence probe in the UNet latent diffusion world
model. Video pixels are encoded into latent variables, diffused into z(7), processed by the UNet

denoiser, and supervised by the denoising target v(7). The confidence probe is attached to selectable
(0)

decoder features h g,

and predicts dense confidence maps.

and latent patch (i, 7), we compute a local mean absolute error as

T S > [d7 -+

Here, p = (c¢,x,y) indexes one channel-spatial entry in the latent tensor: c is the latent feature
channel and (z, y) is a spatial location in the latent grid. The set P; ; denotes the latent region cor-

z,gp) is the clean video latent encoded from the ground-truth video,

and ét(;) is its closed-form prediction recovered from f),g;) at diffusion timestep 7. This equiva-

lent form avoids executing a complete reverse diffusion trajectory when constructing the confidence
target. & is the cumulative noise-schedule coefficient at timestep 7.
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The binary confidence target at frame ¢ is defined as

gt = {qe.(i.5) yig € {0,137, t.(i.j (©))

where 6; is a stochastic threshold sampled from an adaptive interval. Further architectural details of
the latent-space error construction are provided in Appendix A.1.

Qt,(i.j) = {m\") ) <0},

Decoder-feature confidence probe. Let h{).

denote the feature map extracted from the ¢-th UNet de-
coder block. For each predicted future frame, the con-
fidence probe prediction is

Q= (1o (Mikseren) ) € 0,1 We. 3)

where e, denotes the diffusion-timestep embedding,
eg denotes the sampled error threshold embedding, f
is the trainable confidence probe parameterized by ¢,
and o(-) is the element-wise sigmoid function. In-

VAE latent z(® (40x64)

GT (RGB frame)
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ternally, the probe applies channel projection, spatial
Transformer layers, temporal Transformer layers, and a
patch-wise output head. The decoder index ¢ allows the
probe to trade coarse semantic context for finer spatial
resolution, as shown in Figure 3.
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the VAE latent space. The three below vi-
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EMA-calibrated random thresholding. At training step s, we compute the lower and upper
percentiles of the batch-wise local error distribution, and we update the threshold bounds as

pl(s) = Quantile; ; (m(s)) , pgf) = Quantile; g (m(5)> , 4)
19 = (1=l bypf™, B = (1= )R ) (5)

The update rate ~, is larger during learning-rate warmup and becomes substantially smaller after-
wards, enabling rapid initialization followed by stable online calibration.

A separate threshold is sampled for each predicted future frame ¢ as 6; ~ U (l(s), h(s)) . The sampled
threshold 6, is shared by all spatial patches (¢, j) within the same frame. Further implementation
details and the conditional interpretation of 6; are provided in Appendix A.2.

Probe training objective. The probe is trained with binary cross-entropy over all supervised
patches in the predicted future frames:

Leont = —Ey 5,5y [, (i.5) 108 Qe i.5) + (1 — @1,¢i.5)) log(1 — Gu¢i5)) |5 (6)

During probe training, the EVAC backbone remains frozen and gradients are propagated only
through f,. Atinference time, the frame-wise dense risk map is defined as r; (; ;) = 1 — G (i, j)-

3.2 Confidence-Guided Active Learning

Full pipeline. Given a candidate data pool, our active learning pipeline uses confidence for both
sample acquisition and localized retraining. First, we train the confidence probe and warm up EVAC
on a small subset of the data pool. The resulting EVAC-v1 is used for task-level prescreening,
where representative episodes estimate task difficulty and determine the per-task candidate quota,
according to which episodes are randomly sampled within each task.

Second, the resulting candidate subset can then be directly used for selection-only EVAC-v2 retrain-
ing. Alternatively, we perform an additional inference and confidence-scoring stage on the selected
episodes, and use the resulting confidence maps to weight the EVAC-v2 retraining objective.

Risk-based selection criteria. We consider three confidence-based selection criteria: 1. mean
risk, 2. tail risk, and 3. persistent risk. Mean risk measures the overall prediction difficulty by
averaging the dense risk map over all spatial locations and predicted future frames, whereas tail risk
emphasizes severe localized failures. For tail risk, we flatten all patch risks {r (; j)} into a vector
of length K' = T'H,,IW), and sort its entries in ascending order as r;; < rg) < -+ < r[g]. Letn
denotes the selected high-risk tail ratio, the two scores are defined as

K

1
Smean = Et,(i,j) [Tt,(i,j)} s Stail = W Z T'[n]- (7
n=K—[nK]+1

Persistent risk captures high-risk local failures that recur across multiple frames. Let K, = H, W,
for frame ¢, we sort its patch risks as r; ;17 < -+ < 7y [,] and average the largest fraction of them
to obtain a frame-level score u;. We then sort these frame scores as upy <o < and average
the highest-scoring frames:

K, T
1 1
Uy = ’—77 K —‘ E Tt,[n]> Spersistent = [7] T-| § Up]- 3
PPl n=Kp—np Kpl+1 K n=T—[nT]+1

Here, 7, denotes the fraction of high-risk patches retained within each frame, and 7; denotes the
fraction of high-risk frames retained across the predicted video.

Confidence-guided frame and patch weighting. For weighted EVAC-v2 retraining, we
perform an additional inference and confidence-scoring stage on the selected episodes. Frame
weighting assigns the spatially averaged risk uniformly to all patches within frame ¢, whereas patch
weighting retains the original dense risk 7 (; ;). We unify the two forms as

(@)

ey = By [reean] +a (reag = Eagy [reagn]) . a€l01]. ©)



When o = 0, all patches within a frame receive the same frame-level risk; when o = 1, the
original patch-level risk map is recovered. Intermediate values preserve the frame-level baseline
while introducing local residual modulation.

After quantile normalization and clipping, we denote the resulting risk by ?fog 5 € [0,1]. Tt is
converted into a local loss multiplier and applied to the world-model objective as

By i) [Wep ] 10)
Ey (i) [we,i.5)]

Here, £, (; j) is the local world-model training loss, and et (8) = Acontf min(1, s/Syarm) linearly

increases the weighting strength during the first Syarm EVAC-v2 retraining steps. Thus, higher-risk

frames and patches receive larger optimization weights. The confidence maps are detached during
EVAC retraining, so gradients are propagated only through the world model.

W (i) =1+ )\EH(S)FE?E;]')? Lwn =

4 Experiments

Our experiments are designed to answer two questions. 1. Why Confidence? Is the confidence
signal a meaningful indicator of world-model prediction errors? 2. Why Active Learning? Can
confidence-guided active learning improve post-training efficiency and final world-model quality?

4.1 Experimental Setup

Data setting. In our setting, EVAC is pretrained on AgiBot World (Bu et al., 2025), while active
learning and post-training are conducted on a subset of RoboTwin2.0 (Chen et al., 2025). This
creates a transfer setting involving new tasks, scenes, and robot embodiments. We use data from the
Aloha-AgileX dual-arm robot, covering 50 manipulation tasks. Each task contains 500 randomized
scenes, resulting in 24,992 videos in total. The video length ranges from 98 to 578 frames.

Implementation details. During confidence-probe training, the entire EVAC backbone is
frozen and only the confidence probe fy is optimized. During EVAC-v1 warmup and EVAC-v2
retraining, the UNet denoiser and two projection modules are trainable, while the VAE, CLIP em-
bedder, and action-conditioning resampler remain frozen. The full EVAC model has about 2.33B
parameters, and the confidence probe has about 8.2M parameters.

We use 6,248 episodes, about 25% of the data, for confidence-probe training and EVAC-v1 warmup.
The remaining 18,244 episodes form the candidate pool, from which 7,298 episodes are selected for
EVAC-v2 retraining. We use AdamW with learning rate 5 x 1075, fp16 training, and 4,000 default
optimization steps on two A800 GPUs. For confidence scoring, EVAC-v1 averages probe scores
over three diffusion timesteps 7 € [50,200]. The main active-learning comparison is repeated
with three random seeds, 42, 3407, and 123, and the main text reports the mean across these runs.
Detailed per-seed results and bootstrap statistics are provided in Appendix B.2.

Baselines. For evaluating confidence quality, directly comparing with the original C? is not fully
fair because it is designed for DiT-style video world models (Mei et al., 2025b). Our main com-
parisons focus on the scoring method of active learning: RoboReward!, a general-purpose vision-
language reward model for robotics (Lee et al., 2026); GVL2, which uses VLMs as in-context value
learners (Ma et al., 2024); Robometer-Prog and Robometer-Pref3, trajectory progress and prefer-
ence models (Liang et al., 2026); PRM-as-Judge*, a dense process-level robotic auditing method (Ji
etal., 2026); and LRMs®, large reward models for online robot reward generation (Wu et al., 2026).

World-model evaluation. We follow the EWMBench evaluation pipeline (Yue et al., 2025).
PSNR and SSIM measure low-level reconstruction quality. Scene consistency measures layout and
object preservation. Logics evaluates higher-level physical and interaction plausibility. Sem.-CLIP
and Sem.-BLEU measure visual-semantic and textual-semantic agreement. Traj-HSD, Traj-Dyn,
and Traj-nDTW evaluate robot-trajectory, and higher values indicate better trajectory consistency.

Beyond quantitative evaluation, Appendix B.3 and Appendix B.4 provide qualitative examples of
retraining evolution and confidence-map visualization, respectively.
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Figure 4: Qualitative confidence visualization. Two representative high-agreement episodes from
different manipulation tasks are shown. High-risk regions generally coincide with errors around
robot arms, manipulated objects, contacts, and occlusions. More results see Appendix B.4.
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Figure 5: Validity of confidence as a multi-scale risk signal. (a) Mean oracle error across con-
fidence bins in latent space (top) and pixel space (bottom). (b) Mean risk versus oracle error at the
frame-level (top) and task-level (bottom) in latent space. (c) AUROC (top) and AUPRC (bottom)

for detecting the top-Q % highest-error patches in latent and pixel spaces.

4.2 Why Confidence?

Before using confidence for active learning, we examine whether the predicted risk r; (; ;) provides
a meaningful estimate of world-model prediction error. We evaluate one episode from each of the
50 prescreened tasks using confidence maps and predictions generated by the EVAC-v1.

Qualitative localization. Figure 4 shows that the predicted risk maps respond to spatially lo-
calized failures rather than reflecting only global video quality. High-risk regions commonly appear
around moving manipulators, object interactions, contacts, and temporarily occluded objects. Their
agreement with latent prediction-error maps indicates that the probe captures local failures.

Confidence as a multi-scale ranking signal. We quantitatively compare risk with oracle
error across patch-, frame-, and task-levels. As shown in Figure 5, oracle error generally decreases
as confidence increases in both spaces, with a clearer monotonic trend in latent space. In latent
space, risk achieves Spearman correlations of 0.540, 0.590, and 0.595 at the patch-, frame-, and
task-levels, respectively. For detecting the top-5% highest-error patches, it obtains an AUROC of
0.761 and an AUPRC of 0.146, compared with random baselines of 0.5 and 0.05. These results show
that dense risk can be reliably aggregated into frame- and task-level scores for active data selection.

Spatial and temporal behavior. Table 1 further shows that risk maps are temporally stable:
adjacent frames obtain a top-region IoU of 0.740, while the flicker score is only 0.005. Risk and
latent error are also temporally synchronized, with a peak correlation of 0.602 occurring near zero
lag. Nevertheless, the top-5% spatial ToU is 0.130, suggesting that confidence reliably identifies
error-prone regions but does not precisely reproduce their boundaries.



Overall, the probe provides a strong or-
dinal risk signal for ranking patches,
frames, and tasks, although its output

Table 1: Summary of latent-space confidence validity.
Frame- and task-level statistics use mean aggregation.

should not necessarily be interpreted  property | Metric | Result
as an absolutely calibrated probabil- wyi-scale ranking | Paich / Frame / Episode Spearman (1) | 0.540/0.590,/0.595
1ty Additional pixel_space Comparisons, High-error detection | AUROC / AUPRC@top-5% (1) 0.761/0.146

. . . . Spatial agreement Top-5% IoU (1) 0.130
calibration diagnostics, per-task results,  genoorl subility | Adjacent-frame ToU (4) / Flicker (1) 0.740/0.005
failure cases, and parameter sensitivity  Temporal alignment | Peak correlation (1) / |lag| (1) 0.602/ ~ 0

analyses are provided in Appendix B.1.

4.3 Why Active Learning?

We evaluate whether confidence-guided selection and retraining improve the action-conditioned
world model under a fixed data budget. We report selection-only retraining and selection with addi-
tional weighting, since the latter requires an extra inference and scoring stage after selection.

For compact comparison, all component metrics are normalized to [0, 1] and aggregated into four
dimensions: Reconstruction = (PSNR + SSIM)/2, Scene = Scene Consistency, Semantics =
(Logics + Sem.-CLIP + Sem.-BLEU)/3, and Motion = Traj-HSD + Traj-Dyn 4+ Traj-nDTW.

Warmup v1 Selection only W Selection + frame weighting Ours: selection only Ours: selection + frame weighting Il Ours: selection + frame-+patch weighting

Random RoboReward* GVL? Robometer-Prog?

14

12 2%
[ 6% -6% 0% . %
£ %
: ) Y w L e il
goe r ! +6% [ +4% 1 1%
Sos | - [i [1 I =
g 3% 5% % 5%
)
gos ! [ [1 [ I

02

oot — - - L — L —

Ao e QO s st e < s ot e f jof e O s

o JUtits o me‘\oﬁ\ oo™ o“"‘“‘)d S W,ue“‘ g™ Lovs““d\ ST o 0o Lor\f‘“u“ S W“or\\ exco™

e e e el
Robometer-Pref? PRM-as-Judge* LRMs®

14
12 2%

10

ZZ ' n i v il
Wi I R
w ‘“\

Aggregated score

sce“a

e N 5
5 ot e

e s " e 5
5"3“ Woto® m’““ mﬂ“‘ Ca Mow’“m Serr\”‘Uc

o o
e o g v
e pec” e qec”

Figure 6: Main comparison of active-learning scoring and retraining strategies. Each panel
compares EVAC-v1 with selection-only retraining and additional frame weighting. Confidence ad-
ditionally enables frame+patch weighting. Bars report the mean over three seeds, and arrows report
relative changes from EVAC-v1. Error bars indicate paired-bootstrap 95% confidence intervals.

Main comparison. Figure 6 and Table 2 show that the acquisition signal substantially affects
post-training performance under the same data budget. Under selection-only retraining, confidence-
guided mean-risk selection achieves the best result on eight of the nine component metrics, including
PSNR, SSIM, Scene Consistency, Sem.-CLIP, Sem.-BLEU, and all three trajectory metrics.

Additional confidence-guided weighting further strengthens this result. Among methods with ad-
ditional weighting, confidence with frame weighting achieves the best Scene Consistency, while
confidence with frame-and-patch weighting achieves the best PSNR, SSIM, Logics, Sem.-CLIP,
Sem.-BLEU, Traj-HSD, Traj-Dyn, and Traj-nDTW. These results support the two roles of confi-
dence in our framework: 1. Efficient data selection: the mean risk estimation provides an effective
acquisition signal for selecting training data; 2. Effective data enhancement: dense confidence
maps further identify unreliable frames and local regions that benefit from stronger supervision.

A minor discrepancy remains in Scene Consistency: frame-and-patch weighting is slightly lower
than frame-only weighting, despite improving Reconstruction, Semantics, and Motion. This dis-
crepancy is consistent with the known tension between visual consistency and motion-oriented met-
rics, which may favor different characteristics of generated videos (Liao et al., 2024; Dou et al.,
2026; Ye et al., 2026). It also highlights the limitations of using such proxy metrics to indirectly
assess downstream embodied performance.



Table 2: Detailed normalized results under the same active-learning setting. The results are
averaged over three seeds (42, 3407, and 123). Methods are separated into selection-only retraining
and selection with additional weighting. Green, yellow, and red indicate the best, second-best, and
third-best results within each block, respectively.

St ‘ Weighting H Reconstruction (1) Scene (1) Semantics (1) Motion (1)
‘ H PSNR (1) SSIM (1) ‘ Scene Cons. (1) ‘ Logics (1) Sem.-CLIP (1) Sem.-BLEU (1) ‘ Traj-HSD (1) Traj-Dyn (1) Traj-nDTW ()
Base EVAC 0.5532 0.5778 0.8757 0.4298 0.8523 0.1799 0.0007 0.0001 0.0006
Base EVAC (Warmup v1) 0.6446 0.7309 0.9047 0.5537 0.8824 0.2708 0.1045 0.0721 0.1439
Selection-only retraining: no additional weighting after sel

Random None 0.5968 0.6849 0.8524 0.3554 0.8689 0.2372 0.1067 0.0725 0.1518
GVL? None 0.6630 0.7546 0.9057 0.5992 0.8898 0.2849 0.1114 0.0688 0.1592
RoboReward’ None 0.6266 0.7158 0.8470 0.6391 0.8861 0.2815 0.1113 0.0693 0.1554
Robometer-Prog® | None 0.5809 0.6825 0.8532 0.5840 0.8810 0.2627 0.1090 0.0690 0.1526
Robometer-Pref> | None 0.5919 0.7029 0.8443 0.5813 0.8859 0.2695 0.1046 0.0638 0.1524
PRM-as-Judge* None 0.6467 0.7580 0.9033 0.6033 0.8880 0.2852 0.1154 0.0746 0.1606
LRMs® None 0.6617 0.7603 0.8966 0.5744 0.8827 0.2756 0.0946 0.0587 0.1352
Confidence (Ours) | None 0.6746 0.7692 0.9196 0.5923 0.8903 0.2865 0.1181 0.0812 0.1650

Selection + additional weighting: extra scoring after selection

Robometer-Prog® | Frame 0.6439 0.7449 0.8882 0.5882 0.8893 0.2878 0.1097 0.0697 0.1563
Robometer-Pref* | Frame 0.6317 0.7289 0.8945 0.5289 0.8849 0.2665 0.0974 0.0654 0.1342
PRM-as-Judge® Frame 0.6584 0.7661 0.9053 0.6226 0.8868 0.2795 0.1082 0.0728 0.1536
LRMs® Frame 0.6463 0.7448 0.8882 0.5826 0.8869 0.2750 0.1053 0.0635 0.1483
Confidence (Ours) | Frame 0.6595 0.7500 0.9143 0.6171 0.8874 0.2789 0.1106 0.0684 0.1608
Confidence (Ours) | Fr.+Patch 0.6772 0.7758 0.8942 0.6226 0.8925 0.2952 0.1118 0.0759 0.1633

Table 3: Ablation of selection criteria. All experiments use the default seed 42 and no additional
weighting. Green, yellow, and red indicate the best, second-best, and third-best results.

Variant ‘ ‘ Reconstruction (1) Scene (1) Semantics (1) Motion (1)

|| PSNR (1) SSIM (1) | Scene Cons. (1) | Logics (1) Sem.-CLIP (1) Sem.-BLEU (1) | Traj-HSD (1) Traj-Dyn (1) Traj-nDTW (1)
Random 0.5968  0.6849 0.8523 0.3554 0.8689 0.2372 0.1067 0.0725 0.1518
Mean Risk 0.6838  0.7797 0.9322 0.6198 0.8894 0.2754 0.1313 0.0921 0.1780
Tail Risk 0.6317 07197 0.9218 0.5579 0.8890 0.3047 0.1207 0.0711 0.1630
Persistent Risk || 0.6529  0.7470 0.9230 0.5496 0.8928 0.2858 0.0926 0.0608 0.1342

Ablation studies. Table 3 isolates the effect of the confidence-risk aggregation used for data
selection, without additional frame or patch weighting. Mean risk gives the strongest overall result,
achieving the best performance on seven of the nine component metrics, including both reconstruc-
tion metrics, Scene Consistency, Logics, and all three trajectory metrics. Tail risk obtains the highest
Sem.-BLEU, while persistent risk obtains the highest Sem.-CLIP. We therefore use mean risk as the
default acquisition criterion in our main experiments.

5 Conclusion

We presented ConfAL-WM, a confidence-guided active learning framework for post-training action-
conditioned world models. By attaching a lightweight confidence probe to UNet decoder features,
our method supports task-level data selection as well as frame- and patch-level weighted retraining.
Experiments on RoboTwin2.0 show that confidence provides an effective risk signal and improves
reconstruction, scene consistency, and semantic quality over scalar scoring baselines.

Our current approach still has several limitations. First, the confidence probe is designed around
the internal decoder features of a UNet diffusion backbone and is trained only with EVAC on
RoboTwin2.0, making it difficult to transfer directly across world-model architectures and domains.
Future work could train a general-purpose world confidence model using multiple backbone world
models and diverse embodied datasets. Such a model would also require a more universal input
interface. Second, confidence representations are difficult to evaluate directly: their usefulness
is mainly inferred from error correlation, data ranking, and downstream retraining performance,
rather than from an independent measure of whether the desired reliability representation has been
learned. More explicit representation diagnostics and controlled causal evaluations are therefore
needed. Third, current world-model evaluation remains incomplete, particularly because visual fi-
delity and motion accuracy may conflict. Future protocols could separately evaluate robot-arm mo-
tion, manipulated-object dynamics, interaction regions, and static backgrounds, providing a more
precise account of both local reconstruction quality and action-conditioned physical evolution.



Impact Statement

This work aims to improve the data efficiency and reliability of embodied world-model post-training
by focusing computation on informative data and unreliable regions. More accurate world models
may benefit robotic simulation, planning, and synthetic-data generation, but their predictions should
not be treated as guaranteed physical outcomes, especially under distribution shifts or safety-critical
deployment.
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A More Details on Methods

A.1 Patch-level Error Construction

Figure 7 illustrates the overall architecture used to construct the patch-level confidence target.
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Figure 7: Training and inference of the confidence probe in the UNet latent diffusion world model.
The figure follows the same training and inference pipeline as Figure 2.

Latent diffusion and velocity target. Given a ground-truth training video z, the frozen VAE
encoder first maps it into a clean latent representation

Z(O) — EHCVAE(JU), Z(O) c ]RCXlLflacXVVlac7 (11)

where C denotes the latent channel dimension and (Hj.t, Wiat) denotes the spatial resolution of the
latent grid. For simplicity, the batch and video-time dimensions are omitted in this subsection.

At diffusion timestep 7, Gaussian noise £ ~ N(0, I') is sampled and added according to the forward

diffusion schedule:
27 =Va, 2% +Vi—a,e, (12)

where &, is the cumulative noise-schedule coefficient at timestep 7. The action-conditioned UNet
predicts the corresponding velocity parameterization as

37 = UNeto (2 a,e,), 60 € ROXHoxWia, (13)

where a is the robot-action condition and e, is the diffusion-timestep embedding. Under the
velocity-prediction formulation, the ground-truth denoising target is analytically constructed as

’U(T) =/a,e— \/ﬁz(o)7 U(T) c RE X Hiat X Wias (14)

Therefore, (™) and v(7) have the same tensor shape and lie in the same velocity-prediction latent
space. The action @ and timestep embedding e, condition the prediction ©(™), whereas the target
DIOET directly determined by z(o), &, and the diffusion schedule.

Equivalent clean-latent reconstruction. Rather than executing the complete reverse diffu-
sion trajectory, we can directly recover the predicted clean latent from the current noisy latent and

the velocity prediction:
20 = a2 — T —a, o). (15)

13



This provides an equivalent way to measure the local prediction error in the clean-latent space.
Specifically, substituting equation 12 and equation 15 into ]2(7) — z(o)] gives

2@),mezﬂvﬁjgﬂg,/Tifgﬁﬁ),zww

_‘a«—l 04 a (I—ae—vI—a o™ (16)
=VT-a, |VI-a; 2" - Va e +97].

Using the velocity target in equation 14, we therefore obtain
gﬂ,zw’:VTjg;ﬂﬂ,v@. (17)

Hence, at a fixed diffusion timestep 7, the clean-latent reconstruction error and the velocity-
prediction error differ only by the scalar factor /1 — &... This allows confidence supervision to
use velocity-prediction error directly, without running the full reverse diffusion process.

Patch-level latent prediction error. We now o
restore the frame index t. For each latent spatial 7' e
location (x,y), we first average the absolute clean-
latent reconstruction error over the C' latent chan-
nels:
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Figure 8: Patch-level latent error con-
struction. Channel-wise latent prediction er-
rors are first averaged into a spatial error map

Here p = (c, 7, y) denotes a latent entry, ¢ indexes  and then pooled over the region aligned with
the latent channel and (x,y) denotes the spatial 1o-  g4ch confidence-probe patch.

cation on the latent grid. Thus, Et(T) € Rt xWiat forms a spatial error map for frame .
As illustrated in Figure 8, let 2; ; denote the latent spatial region aligned with confidence-probe
output location (¢, 7). The corresponding patch-level error is obtained by spatially averaging Et(T)
over this region. Equivalently, defining

Pii=A{1,...,C} x Q; , (19)
the same quantity can be written directly over all latent entries within the patch:

(r) 1 (r)
=1 O Eitew
€2 51
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Hence, mf {mET()i,j) }ij € RE»>Wo hag the same spatial indexing as the confidence output.

t,p tp|-

Binary confidence target. The binary supervision target is obtained by comparing each local
prediction error with the adaptive threshold 6;:

Qt,(i,5) = H{ E ()zy) < at} ) 4t = {Qtv(ivj)}i,j € {0, 1}, 2h

A value g (; ;) = 1 indicates that the corresponding latent patch is treated as reliable, while g (; ;) =
0 denotes a high-error prediction. The adaptive construction of 6; is described in the following
subsection.



UNet feature tapping and confidence prediction. The denoising UNet contains multiple
encoder blocks, a bottleneck, and multiple decoder blocks:

27 5 ) oo b s g — G o ) o), (22)

enc dec
Our confidence probe taps a selectable decoder feature hffa)c, where the layer index ¢ controls the
balance between global context and spatial locality. Earlier decoder layers provide coarser, more
global representations, whereas later layers retain finer spatial information.

For future frame ¢, the dense confidence prediction is

Q=0 (fo (hoeren)),  ae o, ", 23)

where e, denotes the diffusion-timestep embedding, eg denotes the sampled error threshold embed-
ding, f, is the trainable confidence probe and o (-) denotes the element-wise sigmoid function. Each

output location (3, j) is spatially aligned with €2; ;, and therefore predicts the confidence associated
with the local error mET()Z Y

A.2 EMA-Calibrated Random Threshold Supervision

The numerical scale of the local prediction error can vary across datasets and training regimes,
making a fixed confidence threshold difficult to transfer. We therefore estimate the threshold interval
online from the batch-wise error distribution and stabilize it using exponential moving averages
(EMA). For notational simplicity, the derivation below considers a fixed training sample and omits
the sample index; the percentile statistics pl(s) and pgf) are still computed from all local errors in the
current training batch.

Batch-wise percentile estimation. At training step s, let m(®) denote the collection of patch-
(7)

level latent errors in the current batch, where each element follows the definition of m £.3irj) in
Eq. equation 20. We estimate the lower and upper error statistics as
pl(s) = Quantile, ¢ (m(s)) , pgf) = Quantile, ¢ (m(s)) . (24)

These percentiles adapt the supervision range to the current error scale without manually specifying
dataset-dependent MAE thresholds.

Two-stage EMA update. The lower and upper threshold bounds are updated as

1) = (1=l 4 epl”, A = (1= )Rl 4 ypf?, (25)

We use a two-stage update schedule,

. {020, s < Swarm, Be=1—r, = {080, 5 < Swarms (26)

° 00027 s = Swarma 09987 s> Swarnv

where ; is the injection rate of the current batch statistics and [ is the equivalent EMA momentum.
Thus, the conventional EMA form is p(*) = B,u(s—1 + (1- ﬂs)p(s). The larger update rate during
warmup rapidly adapts the threshold range to the target-domain error scale, while the smaller rate
afterwards tracks slower distributional changes with stronger smoothing.

Random threshold sampling and interpretation. After updating the bounds, a separate
threshold is sampled for each predicted future frame ¢:

00 ~ U(l@, h(s)) ) qigf()i,j) =1 {mg(i,j) < et(‘g)} ' 7

The same Gt(s) is shared by all spatial patches (7, j) within frame ¢, while different future frames
receive independently sampled thresholds.



For a fixed local error m, the binary target becomes random only through Ht(S). Since 9755) ~

U1 h(3)), its density is 1/(h(®) —1(*)) over the current threshold interval. Marginalizing over the
sampled threshold gives

h(s)
1
[R(*) — max{m, ()}] K —m
_ ’ + _
— o) = clamp <h(5) o) ,0, 1)
(28)

1, m <16,

h(s) —m
— (s) (s)

OOk ') <m < h'®,

0, m > h(®),

Hence, although each training target is binary, averaging over random thresholds induces a continu-
ous target that decreases monotonically with prediction error.

In the threshold-marginalized case, the optimal prediction under binary cross-entropy is exactly this
conditional probability:

q*(m) = arg Amin IEq\'m [_q log(j - (1 - q) log(l - qA)]
qE(O,l)

) —m (29)

In our implementation, Qt(s) is additionally embedded into the confidence probe as described in the
main method, so the probe learns threshold-conditioned reliability rather than only this marginalized
form. Equation equation 28 nevertheless explains why randomized binary supervision naturally
induces a continuous confidence ordering.
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Figure 9: Dynamics of the EMA-based adaptive threshold band. The probe uses a stochastic
threshold 6 ~ U(1*), h(%)), where 1(*) and h(*) are the EMA-tracked lower and upper bounds at
training step s, and the black curve shows their midpoint (I(*) + h(*))/2. (a) During the first 100
steps, both bounds decrease rapidly and quickly approach a stable range, reflecting fast adaptation
to the current error scale. (b) Over a longer set of sampled training steps, the threshold band shows
a clear transition from a fast-changing warmup regime to a slower and more stable regime.

Implementation and EMA dynamics. For RoboTwin2.0, we initialize [(?) = 0.20 and h(®) =
0.70, use Syarm = 300, and continue updating the EMA bounds throughout the 6000-step probe
training. The bounds eventually stabilize around [ ~ 0.0705 and h ~ 0.2610, illustrating why online
calibration is preferable to manually transferring fixed thresholds across datasets or error spaces.

Figure 9 visualizes the adaptation process. During the initial stage, the threshold band rapidly con-
tracts toward the observed target-domain error scale. Over a longer range of sampled training steps,
the evolution becomes substantially slower and more stable, showing the intended transition from
fast initialization to long-term tracking.



B More Experimental Results

B.1 Additional Confidence Evaluation Details

This subsection supplements the confidence evaluation in Section 4.2. We report additional results
for alternative risk aggregations, spatial localization, operational calibration, and parameter sensi-
tivity. Latent-space errors remain our primary oracle, while pixel-space results are included as an
external visual-domain reference.

Alternative task-level risk aggregations. Figure 10 compares mean, tail, and persistent risk
aggregation in latent and pixel spaces. Mean risk achieves the strongest global Spearman correla-
tion because averaging suppresses local noise and measures the overall prediction difficulty of an
episode. Tail risk instead emphasizes sparse severe errors, while persistent risk targets failures that
recur across multiple frames; consequently, they need not correlate as strongly with the episode-wide
mean error. These correlations therefore verify that each score contains a meaningful error signal,
but do not by themselves determine which acquisition rule yields the best post-training model. Their
downstream differences are evaluated separately in Table 3.
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Figure 10: Task-level risk aggregation in latent and pixel spaces. Mean, tail, and persistent risk
scores are compared with their corresponding oracle-error statistics over the 50 prescreened tasks.
Dashed lines show linear fits, shaded regions denote confidence intervals, and each panel reports
the Spearman correlation. Mean aggregation gives the strongest global correlation, whereas tail and
persistent aggregation emphasize different failure patterns.

Spatial localization agreement. We further compare the spatial locations selected by risk and
oracle error. For each ratio k, top-k IoU measures the intersection-over-union between the highest-
risk and highest-error patch sets, while overlap @ k measures the fraction of high-error patches recov-
ered by the high-risk set. Figure 11 shows that both metrics increase as the selected region becomes
larger. At top-5%, latent-space localization reaches approximately 0.13 ToU and 0.22 overlap, with
slightly lower values in pixel space. The relatively high overlap but moderate IoU indicates that risk
identifies many relevant error regions without exactly reproducing their boundaries. This supports
soft patch weighting rather than hard spatial selection.
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(a) Latent-space localization (b) Pixel-space localization

Figure 11: Spatial agreement between high-risk and high-error patches. Top-k IoU and
overlap @k are reported for the top-1%, 5%, 10%, and 20% patches in (a) latent and (b) pixel spaces.
The increasing scores at larger ratios reflect coarser spatial coverage and should not be interpreted

as improved localization resolution.
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Figure 12: ECE and Brier scores under different operational thresholds. Calibration is evalu-
ated by sweeping the correctness threshold 0., in (a) latent space and (b) pixel space. The confi-
dence maps are fixed throughout; only the binary correctness definition changes.
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(b) Pixel-space reliability diagrams

Figure 13: Reliability diagrams across operational thresholds. Each subfigure contains reliabil-
ity diagrams under different choices of ..,): (2) latent space and (b) pixel space. As the threshold
becomes looser, the observed correctness generally moves closer to the predicted confidence, al-
though the latent-space probe remains more overconfident near the main operating point.
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Operational calibration. Although the confidence probe is trained with stochastic binary tar-
gets, its calibration at test time depends on how prediction correctness is defined. To avoid confusion
with the diffusion timestep 7, we denote the operational error threshold by 6., and define correct-

ness as ]I{mi?z ) < Beval }- Varying 0oy, does not change the predicted confidence maps; it only

changes the post-hoc definition of whether a prediction is counted as correct.

Figure 12 summarizes calibration quality under different choices of 6y,1. In latent space, ECE
and Brier improve as the threshold becomes looser, but the probe remains noticeably overconfi-
dent around the main operating point. Pixel-space calibration appears better under its own selected
threshold, although the latent and pixel settings are not directly comparable because they rely on
different error scales. Figure 13 further visualizes the corresponding reliability diagrams. In both
spaces, the curves become closer to the diagonal as 6., increases, confirming that the apparent
calibration quality depends strongly on the operational correctness definition. Overall, these results
support using confidence mainly as an ordinal ranking signal rather than as an absolutely calibrated
probability.

Parameter sensitivity. We examine two implementation choices that are not reported in the
main text. First, Figures 14(a—b) compare mean, maximum, percentile, and top-k frame aggrega-
tion. Mean aggregation provides the strongest frame- and task-level Spearman correlations in both
latent and pixel spaces, whereas extreme-value aggregation amplifies isolated noisy patches. This
motivates the mean aggregation adopted in our main evaluation.

Second, Figures 14(c—d) vary the probe conditioning threshold 6..,q and regenerate the confidence
maps. Low-to-moderate thresholds provide the strongest spatial discrimination, while large thresh-
olds make most patches highly confident and reduce localization contrast. The default threshold
lies near the best-performing range, and the overall variation remains moderate, indicating that the
confidence-ranking conclusion is not sensitive to a narrowly tuned threshold.
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Figure 14: Sensitivity to confidence aggregation and probe conditioning. (a-b) Frame- and
task-level Spearman correlations under mean, maximum, percentile, and top-k aggregation in latent
and pixel spaces. (c) High-error detection and spatial localization under different probe conditioning
thresholds O.onq. (d) ECE, Brier score, and mean confidence under the same thresholds. Unlike the
operational threshold 6.1, changing 6..,q regenerates the confidence maps.
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B.2 Additional Numerical Results for Active Learning

This subsection provides the complete numerical results underlying the active-learning comparison
in Section 4.2. We first report the four aggregated dimensions used in the main comparison, followed
by paired-bootstrap improvements relative to EVAC-vl. We then provide the complete seed-wise
component metrics for seeds 42, 3407, and 123.

Aggregated results and paired-bootstrap evidence. Table 4 reports the aggregated active-
learning results. Reconstruction, Scene, Motion, and Semantics follow the same definitions as in
Section 4.3. For learned scoring methods, the reported values are averaged over seeds 42, 3407, and
123. Table 5 further reports paired-bootstrap improvements over EVAC-v1. For each learned scoring
method, we concatenate the episode-level paired differences from all three seeds and perform 10,000
percentile-bootstrap resamples at 95% confidence. The pairing with EVAC-v1 is preserved within
each seed before pooling. Positive values indicate improvement for all four dimensions.

Table 4: Aggregated active-learning results. Each entry reports the aggregated mean followed by its
relative change from EVAC-v1. Results for learned scoring methods are averaged over three seeds.

Scoring | Weighting | ‘ Reconstruction (1) Scene (1) Motion (1) Semantics (1)

Base EVAC 0.5655 (-17.8%) 0.8757(-3.2%)  0.0014(-99.6%) 0.4873 (-14.3%)
Base EVAC (Warmup v1) 0.6878 (0.0%) 0.9047 (0.0%) 0.3205 (0.0%) 0.5690 (0.0%)

Selection-only retraining: no additional weighting after selection
Random None 0.6409 (-6.8%) 0.8524 (-5.8%)  0.3310(+3.3%) 0.4872(-14.4%)
RoboReward* None 0.6712(-2.4%) 0.8470(-6.4%)  0.3360 (+4.8%)  0.6022 (+5.8%)
GVL? None 0.7088 (+3.1%) 0.9057 (+0.1%)  0.3393(+5.9%)  0.5913 (+3.9%)
Robometer—Prog3 None 0.6317 (-8.2%) 0.8532(-5.7%) 0.3307 (+3.2%)  0.5759 (+1.2%)
Robometer-Pref> None 0.6474 (-5.9%) 0.8443 (-6.7%)  0.3208 (+0.1%)  0.5789 (+1.7%)
PRM—as—Judge4 None 0.7024 (+2.1%) 0.9033 (-0.2%)  0.3505 (+9.4%)  0.5922 (+4.1%)
LRMs® None 0.7110 (+3.4%) 0.8966 (-0.9%)  0.2885(-10.0%)  0.5776 (+1.5%)
Confidence (Ours) | None 0.7219 (+5.0%)  0.9196 (+1.6%) 0.3643 (+13.7%) 0.5897 (+3.6%)
Selection + additional weighting: extra scoring after selection

Robometer—Prog3 Frame 0.6944 (+1.0%) 0.8882 (-1.8%)  0.3357 (+4.7%)  0.5884 (+3.4%)
Robometer-Pref® Frame 0.6803 (-1.1%) 0.8945 (-1.1%) 0.2969 (-7.4%) 0.5601 (-1.6%)
PRM—as—Judge4 Frame 0.7123 (+3.6%) 0.9053 (+0.1%)  0.3347 (+4.4%)  0.5963 (+4.8%)
LRMs® Frame 0.6955 (+1.1%) 0.8882 (-1.8%) 0.3171(-1.1%)  0.5815 (+2.2%)
Confidence (Ours) | Frame 0.7047 (+2.5%) 0.9143 (+1.1%) 0.3398 (+6.0%)  0.5944 (+4.5%)
Confidence (Ours) | Fr.+Patch 0.7265 (+5.6 %) 0.8942(-1.2%)  0.3510 (+9.5%)  0.6034 (+6.1%)

Table 5: Paired-bootstrap improvements over EVAC-v1. For each learned scoring method, episode-
level paired differences from seeds 42, 3407, and 123 are pooled before bootstrap resampling. Each
entry gives the 95% confidence interval followed by the paired mean in parentheses.

Scoring ‘ Weighting ‘ ‘ A Reconstruction (1) A Scene (1) A Motion (1) A Semantics (1)
Base EVAC [-0.133,-0.112](-0.122)  [-0.038,-0.020] (-0.029) - [-0.113,-0.049] (-0.081)
Base EVAC (Warmup v1) - - - -
Selection-only retraining: no additional weighting after selection
Random None [-0.055,-0.039](-0.047)  [-0.060,-0.045] (-0.052)  [-0.035,+0.056] (+0.011)  [-0.112,-0.046] (-0.079)
RoboReward* None [-0.020,-0.013] (-0.017) [-0.063,-0.052] (-0.058)  [-0.006,+0.038] (+0.015)  [+0.016,+0.053] (+0.035)
GVL? None [+0.018, +0.024] (+0.021)  [-0.001,+0.003] (+0.001)  [-0.008,+0.046] (+0.019) [+0.003,+0.042] (+0.023)
Robometer-Prog® | None [-0.061,-0.051](-0.056)  [-0.056,-0.047](-0.051)  [-0.017,+0.038] (+0.010)  [-0.014,+0.024] (+0.006)
Robometer-Pref®> | None [-0.046,-0.035] (-0.040)  [-0.067,-0.054] (-0.060)  [-0.024,+0.025] (+0.000) [-0.012,+0.028] (+0.008)
PRM-as-Judge* None [+0.011,+0.018] (+0.015)  [-0.004, +0.001] (-0.001)  [+0.005, +0.056] (+0.030) [+0.001, +0.040] (+0.021)
LRMs® None [+0.020, +0.027] (+0.023)  [-0.011,-0.006] (-0.008)  [-0.057,-0.008] (-0.032)  [-0.010,+0.029] (+0.010)
Confidence (Ours) | None [+0.031,+0.037] (+0.034) [+0.012,+0.018] (+0.015) [+0.018,+0.070] (+0.044) [-0.002,+0.038] (+0.018)
Selection + additional weighting: extra scoring after selection
Robometer-Prog® | Frame [+0.003,+0.011] (+0.007)  [-0.021,-0.012] (-0.017)  [-0.010,+0.041] (+0.015)  [-0.000,+0.038] (+0.019)
Robometer-Pref> Frame [-0.011,-0.004](-0.007) ~ [-0.013,-0.007] (-0.010)  [-0.049,+0.002] (-0.024)  [-0.031,+0.008] (-0.011)
PRM—as—Judge4 Frame [+0.021, +0.028] (+0.024)  [-0.003, +0.004] (+0.001)  [-0.010,+0.039] (+0.014) [+0.008,+0.046] (+0.027)
LRMs® Frame [+0.004, +0.011] (+0.008)  [-0.020,-0.013](-0.016)  [-0.027,+0.020] (-0.003)  [-0.005,+0.033] (+0.014)
Confidence (Ours) | Frame [+0.014, +0.020] (+0.017)  [+0.007,+0.012] (+0.010) [-0.007,+0.045] (+0.019) [+0.007,+0.044] (+0.026)
Confidence (Ours) | Fr.+Patch || [+0.036,+0.042] (+0.039) [-0.013,-0.008](-0.010)  [+0.008,+0.054] (+0.031) [+0.011,+0.049] (+0.030)
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Seed-wise detailed results. Tables 6-8 report the complete normalized component metrics
for seeds 42, 3407, and 123, respectively. Seed 42 is the default seed. Base EVAC, EVAC-v1, and
Random are shared reference results and are repeated in each table for ease of comparison.

Table 6: Detailed normalized active-learning results for seed 42.

S ‘ WEEhHIE ‘ ‘ Reconstruction (1) Scene (1) Semantics (1) Motion (1)

| || PSNR (1) SSIM (1) | Scene Cons. (1) | Logics () Sem.-CLIP (1) Sem.-BLEU (1) | Traj-HSD (1) Traj-Dyn (1) Traj-nDTW ()
Base EVAC 05532 0.5778 0.8757 0.4298 0.8523 0.1799 0.0007 0.0001 0.0006
Base EVAC (Warmup v1) 0.6446 07309 0.9047 0.5537 0.8824 0.2708 0.1045 0.0721 0.1439
Selection-only retraining: no iti ighting after sel
Random None 05968  0.6849 0.8524 0.3554 0.8689 0.2372 0.1067 0.0725 0.1518
RoboReward" None 0.6276  0.7067 0.8712 0.6322 0.8895 0.2832 0.1076 0.0662 0.1501
GVL? None 0.6550 07449 09136 0.5826 0.8885 0.2733 0.1033 0.0607 0.1381
Robometer-Prog® | None 05547  0.6711 0.8208 0.5496 0.8800 0.2680 0.1166 0.0774 0.1805
Robometer-Pref> | None 0.6047 07005 0.9005 0.6157 0.8866 0.2729 0.0912 0.0492 0.1242
PRM-as-Judge* None 0.6523 07641 0.9102 0.6405 0.8926 0.3023 0.1095 0.0696 0.1495
LRMs® None 0.6577 07528 0.8869 0.5785 0.8803 0.2550 0.0960 0.0595 0.1422
Confidence (Ours) | None 0.6838  0.7797 0.9322 0.6198 0.8894 0.2754 0.1313 0.0921 0.1780

Selection + additional weighting: extra scoring after selection

Robometer-Prog® | Frame 0.5932 0.6981 0.8399 0.6074 0.8883 0.2976 0.1151 0.0703 0.1655
Robometer-Pref* Frame 0.6412 0.7324 0.8948 0.6033 0.8868 0.2805 0.0981 0.0678 0.1291
PRM-as-Judge® Frame 0.6695 0.7733 0.9193 0.6281 0.8880 0.2937 0.1000 0.0592 0.1443
LRMs® Frame 0.6716 0.7616 0.8958 0.5785 0.8896 0.2733 0.0985 0.0623 0.1497
Confidence (Ours) | Frame 0.6737 0.7650 0.9295 0.6405 0.8867 0.2843 0.1179 0.0728 0.1706
Confidence (Ours) | Fr.+Patch || 0.6795 0.7746 0.9014 0.6240 0.8945 0.2859 0.1066 0.0761 0.1665

Table 7: Detailed normalized active-learning results for seed 3407.

oot ‘ Weighting H Reconstruction (1) Scene (1) Semantics (1) Motion (1)
‘ H PSNR (1) SSIM (1) ‘ Scene Cons. (1) ‘ Logics (1) Sem.-CLIP (1) Sem.-BLEU (1) ‘ Traj-HSD (1) Traj-Dyn (1) Traj-nDTW (1)
Base EVAC 0.5532 0.5778 0.8757 0.4298 0.8523 0.1799 0.0007 0.0001 0.0006
Base EVAC (Warmup v1) 0.6446 0.7309 0.9047 0.5537 0.8824 0.2708 0.1045 0.0721 0.1439
Selection-only retraining: no additional weighting after sel

Random None 0.5968 0.6849 0.8524 0.3554 0.8689 0.2372 0.1067 0.0725 0.1518
RoboReward* None 0.6262 0.7290 0.7985 0.6488 0.8863 0.2775 0.1089 0.0732 0.1554
GVL? None 0.6546 0.7503 0.8959 0.6157 0.8892 0.2868 0.1200 0.0759 0.1681
Robometer-Prog® | None 0.6492 0.7490 0.8857 0.6033 0.8814 0.2580 0.1148 0.0715 0.1491
Robometer-Pref> | None 0.6442 0.7535 0.8779 0.6033 0.8895 0.2877 0.1066 0.0671 0.1565
PRM-as-Judge* None 0.6714 0.7728 0.9020 0.5950 0.8896 0.2873 0.1197 0.0784 0.1757
LRMs® None 0.6619 0.7658 0.8991 0.5331 0.8817 0.2672 0.0925 0.0564 0.1299
Confidence (Ours) | None 0.6521 0.7443 0.9029 0.5537 0.8891 0.2953 0.0998 0.0618 0.1469

Selection + additional weighting: extra scoring after selection

Robometer-Prog® | Frame 0.6785 0.7739 0.9148 0.5661 0.8896 0.2925 0.1042 0.0683 0.1454
Robometer-Pref® | Frame 0.6329 0.7343 0.9000 0.5372 0.8875 0.2796 0.0867 0.0542 0.1241
PRM-as-Judge® Frame 0.6544 0.7606 0.8816 0.6364 0.8861 0.2681 0.1276 0.0949 0.1827
LRMs® Frame 0.6391 0.7323 0.8984 0.5868 0.8872 0.2884 0.1047 0.0582 0.1508
Confidence (Ours) | Frame 0.6644 0.7518 0.9127 0.6074 0.8887 0.2734 0.1121 0.0704 0.1663
Confidence (Ours) | Fr.+Patch 0.6798 0.7822 0.8948 0.6612 0.8926 0.2979 0.1161 0.0679 0.1665

Table 8: Detailed normalized active-learning results for seed 123.

St ‘ Weighting H Reconstruction (1) Scene (1) Semantics (1) Motion (1)
‘ H PSNR (1) SSIM (1) ‘ Scene Cons. (1) ‘ Logics (1) Sem.-CLIP (1) Sem.-BLEU (1) ‘ Traj-HSD (1) Traj-Dyn (1) Traj-nDTW (1)
Base EVAC 0.5532 0.5778 0.8757 0.4298 0.8523 0.1799 0.0007 0.0001 0.0006
Base EVAC (Warmup v1) 0.6446 0.7309 0.9047 0.5537 0.8824 0.2708 0.1045 0.0721 0.1439
Selection-only retraining: no additional weighting after sel
Random None 0.5968 0.6849 0.8524 0.3554 0.8689 0.2372 0.1067 0.0725 0.1518
RoboReward" None 0.6260 0.7117 0.8712 0.6364 0.8825 0.2838 0.1174 0.0685 0.1607
GVL? None 0.6795 0.7686 0.9075 0.5992 0.8918 0.2946 0.1109 0.0698 0.1713
Robometer-Prog® | None 0.5388 0.6272 0.8532 0.5992 0.8815 0.2620 0.0955 0.0582 0.1282
Robometer-Pref®> | None 0.5267 0.6546 0.7544 0.5248 0.8816 0.2479 0.1160 0.0752 0.1764
PRM-as-Judge* None 0.6164 0.7372 0.8977 0.5744 0.8817 0.2659 0.1168 0.0758 0.1565
LRMs® None 0.6655 0.7624 0.9037 0.6116 0.8862 0.3046 0.0952 0.0603 0.1335
Confidence (Ours) | None 0.6878 0.7836 0.9237 0.6033 0.8924 0.2889 0.1232 0.0896 0.1702
Selection + additional weighting: extra scoring after selection

Robometer-Prog® | Frame 0.6600 0.7626 0.9099 0.5909 0.8899 0.2734 0.1097 0.0706 0.1582
Robometer-Pref> | Frame 0.6210 0.7199 0.8887 0.4463 0.8804 0.2395 0.1073 0.0741 0.1493
PRM-as-Judge® Frame 0.6514 0.7645 0.9150 0.6033 0.8862 0.2766 0.0971 0.0643 0.1339
LRMs® Frame 0.6282 0.7404 0.8706 0.5826 0.8839 0.2634 0.1128 0.0700 0.1443
Confidence (Ours) | Frame 0.6403 0.7332 0.9008 0.6033 0.8867 0.2790 0.1019 0.0620 0.1455
Confidence (Ours) | Fr.+Patch || 0.6723 0.7705 0.8864 0.5826 0.8903 0.3017 0.1126 0.0837 0.1570
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B.3 AQualitative Evolution from Base EVAC to EVAC-v2

We further visualize how world-model predictions evolve throughout the post-training pipeline. We
select six representative RoboTwin2.0 episodes covering object placement, cabinet interaction, block
stacking, bowl stacking, and switch manipulation. These examples expose a consistent progression
from severe zero-shot cross-embodiment failure to target-domain adaptation and, finally, confidence-
guided refinement.

Per-episode progression. Table 9 summarizes the four aggregated evaluation dimensions for
the six selected episodes. All relative changes are computed with respect to EVAC-v1, which serves
as the common post-warmup baseline. Across the selected examples, Base EVAC performs sub-
stantially worse under zero-shot cross-embodiment transfer, while EVAC-v1 already recovers much
of the target-domain prediction quality. Confidence-guided EVAC-v2 further improves most dimen-
sions, with frame-and-patch weighting achieving the strongest Reconstruction in all six episodes.

For this per-episode analysis, Semantics is aggregated from normalized Sem.-CLIP and Sem.-BLEU
only; the binary Logics score is omitted because a single 0/1 decision would disproportionately
affect an individual episode.

Table 9: Aggregated evolution on six representative RoboTwin2.0 episodes. Each entry reports
the normalized aggregate followed by its relative change from EVAC-v1. Green and red percentages
indicate improvement and degradation, respectively. For Motion, relative changes are omitted when
the EVAC-v1 score is zero. Green, yellow, and red cells indicate the best, second-best, and third-best
values within each episode.

Episode ‘ Variant ‘ ‘ Reconstruction (1) Scene (1) Semantics (1) Motion (1)
Base EVAC 0.4592(-27.3%)  0.7890(-10.0%)  0.3591(-28.9%)  0.0000 (-100.0%)
place burger fries | EVAC-v1 0.6318 (0.0%) 0.8770 (0.0%) 0.5050 (0.0%) 0.4570(0.0%)
(ep130) EVAC-v2 Frame 0.6618 (+4.7%) 0.9430 (+7.5%)  0.5221 (+3.4%) 1.0830 (+137.0%)
EVAC-v2 Fr.+Patch 0.7020 (+11.1%)  0.9370 (+6.8%)  0.5486 (+8.6%) 1.3080 (+186.2%)
Base EVAC 0.4605 (-38.6%)  0.7120(-27.0%)  0.5454 (+2.0%)  0.0000 (-100.0%)
place empty cup | EVAC-vl 0.7503 (0.0%) 0.9750 (0.0%) 0.5349 (0.0%) 0.5600 (0.0%)
(ep294) EVAC-v2 Frame 0.7353 (-2.0%) 0.9700(-0.5%)  0.2604 (-51.3%)  0.4150(-25.9%)
EVAC-v2 Fr.+Patch 0.7558 (+0.7%) 0.9610(-1.4%)  0.6015 (+12.5%)  0.5900 (+5.4%)
Base EVAC 0.4372(-23.2%)  0.7770(-10.4%)  0.4856 (-0.5%) 0.0000 (-)
put object cabinet | EVAC-v1 0.5693 (0.0%) 0.8670 (0.0%) 0.4879 (0.0%) 0.0000 (0.0%)
(ep282) EVAC-v2 Frame 0.6178 (+8.5%) 0.9260 (+6.8%)  0.5264 (+7.9%) 0.0000 (-)
EVAC-v2 Fr.+Patch 0.6207 (+9.0%) 0.8950 (+3.2%)  0.5651 (+15.8%) 0.0000 (-)
Base EVAC 0.3793(-38.4%)  0.7970(-10.4%)  0.4391(-4.6%)  0.0000 (-100.0%)
stack blocks two | EVAC-v1 0.6160 (0.0%) 0.8900 (0.0%) 0.4603 (0.0%) 1.1470 (0.0%)
(ep325) EVAC-v2 Frame 0.6937 (+12.6%)  0.9220(+3.6%)  0.4606 (+0.1%)  1.1770 (+2.6%)
EVAC-v2 Fr.+Patch 0.7053 (+14.5%)  0.9240 (+3.8%)  0.4622 (+0.4%) 1.2470 (+8.7%)
Base EVAC 0.5532(-15.5%)  0.8000 (+12.5%) 0.4340(+4.8%) 0.0000 (-100.0%)
stack bowls three | EVAC-v1 0.6545 (0.0%) 0.7110(0.0%) 0.4143 (0.0%) 0.3390(0.0%)
(ep087) EVAC-v2 Frame 0.7407 (+13.2%)  0.9060 (+27.4%)  0.4403 (+6.3%)  0.0000 (-100.0%)
EVAC-v2 Fr.+Patch 0.7555 (+15.4%)  0.8880(+24.9%) 0.4687 (+13.1%)  0.4550 (+34.2%)
Base EVAC 0.5578 (-19.4%)  0.8260(-11.2%)  0.4431(-31.5%) 0.0000 (-)
turn switch EVAC-vl 0.6923 (0.0%) 0.9300 (0.0%) 0.6464 (0.0%) 0.0000 (0.0%)
(ep310) EVAC-v2 Frame 0.7028 (+1.5%) 0.9560 (+2.8%)  0.6869 (+6.3%) 0.0000 (-)

EVAC-v2 Fr.+Patch 0.7350 (+6.2%) 0.9410 (+1.2%)  0.8269 (+27.9%) 0.0000 (-)

Representative visual evolution. Figures 15-20 provide matched temporal comparisons for
the six representative episodes. Base EVAC is strongly out-of-distribution under the RoboTwin2.0
embodiment and often fails to preserve a recognizable robot arm or coherent interaction trajec-
tory. After warmup, EVAC-v1 recovers the robot embodiment and basic scene structure, but no-
ticeable color drift, object corruption, temporal flickering, and interaction errors remain. EVAC-v2
with frame weighting substantially improves the overall rollout, although local object geometry and
gripper—object interactions can still fail. Frame-and-patch weighting further concentrates learning
on these difficult local regions and most clearly improves manipulated objects, gripper geometry,
and fine interaction details in the selected cases.
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place_burger_fries_aloha-agilex_randomized_500_ep130
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Figure 15: Training evolution on place burger_fries (ep130). EVAC-vl1 develops a strong
blue color shift and the tray contents collapse from the middle of the rollout. EVAC-v2 Frame
removes most tray corruption, but the left arm hallucinates an object instead of grasping the burger
and the object held by the right arm is visibly deformed. EVAC-v2 Fr.+Patch correctly grasps and
places the burger while preserving the fries most faithfully.

place_empty_cup_aloha-agilex_randomized_500_ep294
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Figure 16: Training evolution on place_empty_cup (ep294). In both EVAC-v1 and EVAC-
v2 Frame, the arm only partially appears near the image boundary and fails to grasp the cup at
the beginning; EVAC-v2 Frame additionally deteriorates toward the end of the rollout. EVAC-v2
Fr.+Patch correctly grasps the cup from the boundary, places it on the plate, and maintains a coherent
scene throughout the prediction.
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put_object_cabinet_aloha-agilex_randomized_500_ep282
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Figure 17: Training evolution on put _object_cabinet (ep282). EVAC-vl shows moderate
color bias and eventually produces a floating arm together with a corrupted cabinet. EVAC-v2
Frame does not resolve these failures: the blue box in the upper-left region disappears and the arm is
generated at an incorrect location. EVAC-v2 Fr.+Patch preserves the objects, cabinet structure, and
robot geometry most consistently.

stack_blocks_two_aloha-agilex_randomized_500_ep325
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Figure 18: Training evolution on stack blocks_two (ep325). EVAC-v1 exhibits strong color
flickering, and the lower blue block disappears when the green block is lifted and stacked. EVAC-
v2 Frame largely removes the color shift but fails to keep the green block attached to the gripper
and consequently misses the stacking interaction. EVAC-v2 Fr.+Patch resolves both the object-
persistence and grasping failures.
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stack_bowls_three_aloha-agilex_randomized_500_ep087
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Figure 19: Training evolution on stack bowls_three (ep087). EVAC-v1 suffers from pro-
nounced color drift and repeated red flickering, followed by severe object corruption late in the
rollout. EVAC-v2 Frame removes the color shift but still produces substantial bowl deformation,
disappearance, and reappearance. EVAC-v2 Fr.+Patch better preserves the bowl geometry and main-
tains object persistence through the later frames.

turn_switch_aloha-agilex_randomized_500_ep310
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Figure 20: Training evolution on turn_switch (ep310). EVAC-v1 produces a reddish robot
arm, a bluish background, and implausible floating-arm geometry. EVAC-v2 Frame substantially
reduces the color bias, but the arm shape remains distorted. EVAC-v2 Fr.+Patch further improves
the local arm geometry and produces an embodiment substantially closer to the ground truth.
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Detailed EWMBench measurements. Table 10 reports the normalized component metrics
underlying these representative examples. Overall, the transition from Base EVAC to EVAC-v1 sub-
stantially improves target-domain prediction quality, while confidence-guided EVAC-v2 provides
further gains across reconstruction, scene, semantic, and trajectory dimensions. Among the selected
episodes, frame-and-patch weighting gives the strongest overall progression, particularly for seman-
tic quality and Motion when valid trajectory signals are available. These quantitative trends are
consistent with the qualitative improvements shown above.

Table 10: Detailed normalized EWMBench results for the qualitative evolution study. All
metrics are higher-is-better. Green, yellow, and red indicate the best, second-best, and third-best
distinct values within each episode, respectively.

Episode ‘ Variant ‘ ‘ Reconstruction (1) Scene (1) Semantics (1) Motion (1)
| || PSNR (1) SSIM (1) | Scene Cons. (1) | Sem.-CLIP (1) Sem.-BLEU (?) | Traj-HSD (1) Traj-Dyn (1) Traj-nDTW (1)

Base EVAC 0.4413 0.477 0.789 0.7183 0.000 0.000 0.000 0.000
place burger fries | EVAC-v1 0.5957 0.668 0.877 0.7879 0.222 0.095 0.001 0.361
(ep130) EVAC-v2 Frame 0.6777 0.646 0.943 0.8121 0.232 0.545 0.024 0.514
EVAC-v2 Fr.+Patch || 0.6980 0.706 0.937 0.8182 0.279 0.761 0.002 0.545
Base EVAC 0.5100 0.411 0.712 0.8448 0.246 0.000 0.000 0.000
place empty cup | EVAC-v1 0.7217 0.779 0.975 0.8038 0.266 0.108 0.365 0.087
(ep294) EVAC-v2 Frame 0.7117 0.759 0.970 0.3568 0.164 0.097 0.238 0.080
EVAC-v2 Fr.+Patch || 0.7197 0.792 0.961 0.8760 0.327 0.117 0.379 0.094
Base EVAC 0.4593 0.415 0.777 0.8081 0.163 0.000 0.000 0.000
put object cabinet | EVAC-v1 0.5377 0.601 0.867 0.7927 0.183 0.000 0.000 0.000
(ep282) EVAC-v2 Frame 0.5727 0.663 0.926 0.8708 0.182 0.000 0.000 0.000
EVAC-v2 Fr.+Patch || 0.5903 0.651 0.895 0.9262 0.204 0.000 0.000 0.000
Base EVAC 0.4537 0.305 0.797 0.7823 0.096 0.000 0.000 0.000
stack blocks two | EVAC-v1 0.5650 0.667 0.890 0.8246 0.096 0.303 0.205 0.639
(ep325) EVAC-v2 Frame 0.6313 0.756 0.922 0.8052 0.116 0.304 0.218 0.655
EVAC-v2 Fr.+Patch || 0.6447 0.766 0.924 0.8244 0.100 0.319 0.259 0.669
Base EVAC 0.4953 0.611 0.800 0.7860 0.082 0.000 0.000 0.000
stack bowls three | EVAC-v1 0.5630 0.746 0.711 0.8287 0.000 0.063 0.161 0.115
(ep087) EVAC-v2 Frame 0.6803 0.801 0.906 0.8116 0.069 0.000 0.000 0.000
EVAC-v2 Fr.+Patch || 0.7160 0.795 0.888 0.8204 0.117 0.062 0.225 0.168
Base EVAC 0.5507 0.565 0.826 0.7632 0.123 0.000 0.000 0.000
turn switch EVAC-vl 0.6587 0.726 0.930 0.9108 0.382 0.000 0.000 0.000
(ep310) EVAC-v2 Frame 0.6807 0.725 0.956 0.9308 0.443 0.000 0.000 0.000
EVAC-v2 Fr.+Patch || 0.7170 0.753 0.941 0.9318 0.722 0.000 0.000 0.000

B.4 More Results of Qualitative Confidence Visualization

We provide additional qualitative examples to complement the confidence analysis in the main text.
Figures 21 and 22 show the two episodes with the highest patch-level Spearman correlations, reach-
ing 0.713 and 0.695, respectively. Across different future frames, the predicted risk maps consis-
tently concentrate around manipulators, operated objects, and interaction regions, and largely agree
with both pixel- and latent-space oracle errors. The corresponding risk overlays further illustrate that
confidence provides spatially localized signals rather than merely reflecting global video quality.

Figures 23 and 24 show two challenging cases with lower patch-level Spearman correlations of 0.241
and 0.265. In these examples, oracle errors are more spatially diffuse and the predicted risk maps do
not precisely reproduce their local boundaries, although they still respond to many of the dominant
high-error regions. Together, the best and worst cases illustrate both the localization capability
and the remaining limitations of the confidence probe, consistent with our quantitative finding that
confidence reliably captures the relative severity and spatial concentration of prediction errors, even
when the predicted risk map does not exactly reproduce the oracle error boundaries.
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The best (top 1) by patch Spearman=0.713. Task: “place_container_plate”, ep290, frame 0, 30, 61, 91, 122, 152.

Ground-truth frame Predicted frame Oracle Pixel Error Predicted confidence Predicted risk Risk overlay
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Ground-truth frame Predicted frame Predicted latent error Predicted confidence Predicted risk
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Figure 21: More results of qualitative confidence visualization. Best-ranked example (top 1) by
patch-level Spearman correlation.
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The best (top 2) by patch Spearman=0.695. Task: "adjust_bottle", ep458, frame 0, 27, 55, 82, 110, 137.

Oracle Pixel Error Predicted confidence Predicted risk Risk overlay

* '--

Ground-truth frame Predicted frame Predicted latent error Predicted confidence Predicted risk Risk overlay

Figure 22: More results of qualitative confidence visualization. Best-ranked example (top 2) by
patch-level Spearman correlation.
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The worst (top 1) by patch Spearman=0.241. Task: "place_phone_stand”, ep308, frame O, 24, 49, 73, 98, 122.

Ground-truth frame Predicted frame Oracle Pixel Error Predicted confidence Predicted risk
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/ !

Predicted latent error Predicted confidence Predicted risk Risk overlay
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»

Ground-truth frame

Figure 23: More results of qualitative confidence visualization. Lowest-ranked example (top 1)
by patch-level Spearman correlation.
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The worst (top 2) by patch Spearman=0.265. Task: "move_pillbottle_pad”, ep025, frame O, 26, 53, 79, 106, 132.

Ground-truth frame Predicted frame Oracle Pixel Error Predicted confidence Predicted risk Risk overlay

Ground-truth frame Predicted frame Predicted latent error Predicted confidence Predicted risk Risk overlay

Figure 24: More results of qualitative confidence visualization. Lowest-ranked example (top 2)
by patch-level Spearman correlation.
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