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ABSTRACT

Learning from demonstrations is a cornerstone of general-purpose robotic manip-
ulation. Yet success-centered imitation often underuses failure experience, while
monotonic progress supervision overlooks local setbacks and retries within suc-
cessful executions. We introduce RAISE (Risk-Aware Imitation from Successful
Experience), a data-centric framework that turns failures into learning priorities
rather than imitation targets. RAISE adapts a stage-aware progress model using
only trajectories that reach stable completion, with retry supervision capturing lo-
cal degradation and recovery. The frozen model grounds failure localization in
stage- and progress-matched successful experience through temporally corrobo-
rated action deviations, changes in success support, and progress regression. Suc-
cessful retries and localized failure onsets yield risk anchors that guide offline
reweighting of existing demonstrations, emphasizing segments with similar pre-
action states and positive predicted task advancement. Simulation and real-robot
experiments show that RAISE substantially improves overall task success across
diverse imitation learners, including conventional behavior cloning, diffusion poli-
cies, and vision–language–action models, without changing policy architectures
or imitation targets. Project page: here.

1 INTRODUCTION

A central challenge in embodied intelligence is to turn experience into reliable action in the physical
world (Osa et al., 2018). Large-scale demonstration learning advances this goal by sharing manip-
ulation knowledge across tasks, environments, and robot embodiments (O’Neill et al., 2024; Team
et al., 2024; Kim et al., 2024; Black et al., 2024). Yet policy performance depends not only on model
capacity and data volume, but also on how experience is selected, organized, and weighted (Hejna
et al., 2025; Mandlekar et al., 2021; Lin et al., 2025; Hejna et al., 2024). Successful demonstra-
tions show how tasks can be accomplished; failures reveal where this capability breaks down. Their
complementarity suggests a broader role for data curation: not merely retaining better behavior, but
identifying where learning the right behavior deserves greater emphasis.

Realizing this opportunity requires distinguishing local execution quality from trajectory outcomes:
successful demonstrations can contain setbacks and retries, while failed executions may remain
locally correct before a decisive deviation. Neither monotonic progress assumptions nor terminal la-
bels alone adequately identify where learning should concentrate. As Fig. 1 illustrates, local risk can
refocus learning on task-advancing behavior already present in successful demonstrations. Exist-
ing data-curation methods assess behavioral quality and filter suboptimal or redundant data (Zhang
et al., 2025b; Dass et al., 2026). Stage- and retry-aware supervision incorporates task structure and
local mistakes into progress assessment (Chen et al., 2026a;b; Qin et al., 2026), while outcome-
based approaches use successful and failed executions for reward learning, policy optimization, and
demonstration selection (Liang et al., 2026; Fei et al., 2026; Chen et al., 2025a; Xu et al., 2025).
However, recognizing poor behavior does not fully exploit failure: errors do not make an entire
rollout uninformative (Liu et al., 2025). The challenge is to strengthen imitation from recoverable
mistakes and terminal failures without being misled by erroneous actions or unreliable progress esti-
mates. Beyond states covered by successful experience, genuine deterioration can be confused with
prediction error (Liang et al., 2026; Agia et al., 2024).
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1 Successful execution can include local setbacks.

2 Failed execution can reveal local risk.

Final outcomes hide local execution

quality.

Approach Grasp Local error Recovery
Place

(success)

Approach Grasp Move Risk Failure

✦ Same demonstrations, different learning emphasis.

Conventional imitation learning All successful moments
are treated equally.

RAISE: Failure-informed emphasis
Focus more on informative

successful moments.

Approach

𝒘

Grasp

𝒘

Local error

𝒘

Recovery

𝒘

Place

(success)

𝒘

Approach

𝒘

Grasp

𝒘

Local error

𝒘

Recovery

𝒘

Place

(success)

𝒘
task-advancing

✓ Keep all valid samples. Reweight, don't discard.

Use failure cues to refocus learning within successful 

demonstrations.

task-advancing

Figure 1: Failures guide learning emphasis, not action targets. Successful executions can con-
tain setbacks and recovery; failed executions expose vulnerable contexts. RAISE reweights task-
advancing segments in the same successful demonstrations while retaining all valid samples. Frames
and event labels are conceptual illustrations, not temporal ground truth.

To address these challenges, we introduce RAISE (Risk-Aware Imitation from Successful Expe-
rience), a data-centric framework that learns more effectively from successes by reasoning about
failures. RAISE adapts a stage-aware progress model only on stable successful trajectories, com-
bining global task structure with local degradation–recovery dynamics. The frozen model localizes
failures against task-, stage-, and progress-matched successful references through temporally cor-
roborated action deviations, success-support changes, and progress regression. Successful retries
and localized failures yield risk anchors that emphasize successful segments with similar pre-action
states and positive predicted task advancement. All valid samples and their original action targets
are retained; failed rollouts neither update the adapted progress model nor supply policy imitation
targets. Reweighting is offline and leaves policy architectures unchanged. Simulation and real-robot
experiments demonstrate substantial task-success gains for existing behavior-cloning methods, with
analyses of progress accuracy, failure localization, and risk-guided reweighting.

Our contributions are threefold:

Success-only, retry-sensitive progress learning. We combine task-stage structure with local
degradation–recovery preferences to learn a progress reference from stable successes.

Success-referenced failure localization. We identify failure onsets through temporally corrobo-
rated action deviations, success-support changes, and progress regression under stage- and progress-
matched comparisons.

Risk-guided success reweighting. We use retry- and failure-derived risk to emphasize segments
with positive predicted task advancement, improving imitation through reweighting rather than ar-
chitectural changes.

2 RELATED WORK

Data curation and weighted imitation. Robot data curation optimizes dataset mixtures (Hejna
et al., 2024), estimates trajectory quality (Hejna et al., 2025; Kuhar et al., 2023), filters transi-
tions (Zhang et al., 2025b), and retrieves demonstrations using task similarity, training influence,
or execution outcomes (Du et al., 2023; Dass et al., 2026; Chen et al., 2025a). Weighted imitation
uses discriminator scores or value estimates to favor desirable actions (Xu et al., 2022; Peng et al.,
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2019; Wang et al., 2020). These approaches motivate distinguishing action quality from the need
for additional supervision: unpredictable actions can still be essential (Hejna et al., 2025). RAISE
emphasizes successful segments whose pre-action contexts resemble those implicated in retries or
failures, without rejecting valid samples.

Progress and reward models. Temporal alignment (Sermanet et al., 2018; Dwibedi et al., 2019),
visual–language representations (Ma et al., 2022; 2023; Alakuijala et al., 2024; Ma et al., 2025; Son-
takke et al., 2023), and synthetic or comparative supervision (Zhang et al., 2025a; Lee et al., 2026;
Liang et al., 2026) support progress and reward estimation. SARM/SARM2 align progress with
semantic stages (Chen et al., 2026a;b). ReTVL learns retry-sensitive values and weights imitation
chunks by predicted progress improvement (Qin et al., 2026). RAISE builds on these ideas but uses
a distinct weighting signal: retry- and failure-derived risk is transferred to successful pre-action con-
texts and gated by predicted advancement. Unlike ReTVL’s use of failed-terminal labels in value
learning, RAISE analyzes failed rollouts only after task-specific progress adaptation is complete.
All valid policy-training samples retain positive weight.

Failure analysis and policy improvement. Interactive imitation obtains expert corrections at
policy-induced states (Ross et al., 2011; Kelly et al., 2019; Hoque et al., 2021; Liu et al., 2025); mon-
itoring and diagnosis identify unreliable execution (Agia et al., 2024; Sagar et al., 2026). Offline-to-
online and preference-based methods improve policies through values, rewards, or preferences (Nair
et al., 2020; Chen et al., 2025c; Zhang et al., 2024; Xu et al., 2025). SRPO uses whole-trajectory
successful references (Fei et al., 2026), while RePO-VLA retains useful failure prefixes and collects
corrective rollouts (Liufu et al., 2026). GTP-FA (Grasp-Then-Plan with Failure Attribution) routes
optimization between grasping and downstream execution (Xu et al., 2026). RAISE instead trans-
fers localized risk to weights on existing successful actions, requiring neither new corrective targets
nor online policy reinforcement learning (RL). It can complement a fixed GTP-FA system rather
than replace its grasping pipeline.

3 METHOD

3.1 PROBLEM SETUP

An imitation policy πθ(· | xt, ℓ) maps observation context xt and instruction ℓ to an action chunk
at = (at, . . . , at+Ha−1). Single-step policies use Ha = 1; language-free policies omit ℓ. The fixed
dataset DE = {(xi, ℓi,ai)}Ni=1 contains valid samples from successful demonstrations, including
any locally imperfect actions within them.

Progress supervision uses a separately annotated corpus of stable successes, with and without retries:

DV = D+
clean ∪ D+

retry. (1)

A causal visual-history model Vϕ(ht, ℓ) ∈ [0, 1] estimates task advancement, not discounted return,
and may decrease during mistakes. It is frozen before analyzing failed rollouts D−, which never
achieve stable completion within the execution horizon. These rollouts provide risk evidence but
neither update the adapted progress model nor supply policy action targets.

For a training batch B, RAISE changes only the loss weights:

LRAISE(θ;B) =
∑︁

i∈B wiLbase
i (θ)∑︁

i∈B wi
, 1 ≤ wi ≤ 2. (2)

Here Lbase
i is the learner’s original per-sample objective. Weights are computed offline and fixed

during training. Dataset membership, action targets, and sampling probabilities are preserved; unit
weights recover the baseline. Figure 2 summarizes the pipeline.

3.2 RETRY-SENSITIVE PROGRESS LEARNING

Stage-aware representation. We initialize from ROBOMETER-4B (Liang et al., 2026) and adapt
the progress model exclusively on the stable-success corpus DV , using low-rank updates to its lan-
guage component while keeping pretrained weights frozen. From zt = fϕ(ht, ℓ), two linear softmax

3



162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215

Under review as a conference paper at ICLR 2027

Tasks

Real-robot tasks

PullCubeTool

StackCube

PourWater

· · ·

Simulation tasks

PullCube

PokeCube

· · ·

(a) Retry-Sensitive Progress Learning

Learn a stage-aware progress model from stable successes.

Successful demonstrations 𝒟
V

= 𝒟
clean

+
∪ 𝒟

retry

+

Clean successes 𝒟
clean

+
Successful retries 𝒟

retry

+

··· ···

0

1

0

1

P
ro

g
re

ss
 V

ₜ

P
ro

g
re

ss
 V

ₜ

Timestep t Timestep t

Temporary

dip

Monotonic progress Dip and recovery

Joint supervision

Stage-aware progress model 𝒱

Pretrained

model

(initialization)

Progress

Model 𝒱 Frozen
for (b) and (c)

Outputs (per timestep)

𝑧𝑡
෠𝑘𝑡
𝑢𝑡
𝑉𝑡

Training objective (joint loss)

ℒ
V

= ℒ
stage

+ ℒ
prog

+ λ
retry

ℒ
retry

+ ℒ
term

stage

classification

progress

regression

retry consistency

(dip & recovery)

terminal

constraint

(b) Success-Referenced Failure Localization

Locate the failure onset using complementary evidence.

Failed rollout 𝒟
−

Failure

Compare

Success references 𝒟
+

···

Reference bank S⁺
Calibration set C⁺

Three complementary evidence streams

Action

deviation

Support

loss

Progress

regression

ℰ
A

ℰ
S

ℰ
V

(c) Risk-Guided Success Reweighting

Assign higher weights to informative successful samples.

Risk anchors (two sources)

Retry anchor A
R

Failure anchor A
N

From successful

retries (pre-error states)

From localized

failures (onset states)

Match to pre-action states of successful demos

···
Similarity

matching

Retry risk 𝒓𝒊
𝑹 Failure risk 𝒓𝒊

𝑵

Combined risk

r𝑖 = max(r𝑖
R
, r𝑖

N
)

Task-advancement gate

Final sample weight

w𝑖 = 𝑐𝑙𝑖𝑝(1 + 𝛽𝑞𝑖𝑟𝑖 , 1, 2)

All valid samples

retained

(reweight only).

Train with weighted imitation loss

Behavior

Cloning

Diffusion

Policy
VLA ···

Plug in to existing imitation learning methods with fixed offline weights.

Stage prediction

State embedding

Within-stage progress

Global progress

𝒒𝒊 = 𝒄𝒍𝒊𝒑
[𝚫𝑽𝒊]+
𝜹𝑽

𝟎 𝟏

State–progress match State–progress match

Recorded chunk → progress gain

Temporal failure onset confirmation

S
co

re

Timestep t

Action deviation

Support loss

Progress regression

Onset refinement Failure anchor

Candidate onset Decision time

Ƹ𝑡0 𝑡𝑑𝑒𝑐

EA / ES: propose     EV: strong confirmation

Ƹ𝑡0 → Ƹ𝑡 A
N

Figure 2: RAISE overview. (a) Stable successes train a stage-aware, retry-sensitive progress model.
(b) The frozen model supports local successful-reference comparisons and temporal failure-onset
confirmation. (c) Retry and failure anchors are matched independently to successful pre-action
states; the larger risk score is gated by predicted advancement to produce offline weights. All valid
imitation targets remain unchanged. Curves are schematic.

heads predict stage probabilities pt,k and a shared ten-bin within-stage distribution qt,j . For K non-
terminal stages and completion stage K,

ut =

9∑︂
j=0

qt,j
j

9
, Vt = pt,K +

K−1∑︂
k=0

pt,k(bk + αkut). (3)

The nonnegative stage proportions αk sum to one and are estimated from clean training trajectories;
bk =

∑︁
m<k αm. Both are then fixed. The within-stage prediction ut is shared, not separately

conditioned on each stage.

Global calibration and local retries. Clean successes provide stage classification, segment-wise
progress targets, and unit-progress completion anchors (Chen et al., 2026a). For a contiguous non-
terminal segment [s, e], e > s, with stage label k∗t ,

u∗
t =

t− s

e− s
, g∗t = bk∗

t
+ αk∗

t
u∗
t , j∗t = round(9u∗

t ). (4)

Returning to a stage starts a new segment. Singleton segments and retry neighborhoods are excluded
from absolute-progress supervision; the first stable-completion window anchors completion, and
later frames are excluded from progress-model training. With ρ denoting unit-transition SmoothL1,
the clean stream minimizes

Lstage = −⟨log pt,k∗
t
⟩stage,

Lprog = ⟨− log qt,j∗t + ρ(Vt − g∗t )⟩prog,
Lterm = ⟨ρ(Vt − 1)⟩term.

(5)

Each mean uses its own validity mask. Stage/retry labels are constructed offline and are not model
inputs; annotation and reduction details appear in Appendix A.3.

Successful retries provide pre-error, degraded, and recovered windows W pre
r ,W near

r ,W post
r ,

clipped at trajectory and neighboring-event boundaries. With µv
r = |W v

r |−1
∑︁

t∈Wv
r
Vϕ(hr,t, ℓr),

we minimize

Lretry =
1

|R|
∑︂
r∈R

[︁
softplus(µnear

r − µpre
r ) + softplus(µnear

r − µpost
r )

]︁
. (6)
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Here R is a batch of retry events from distinct successful trajectories, and softplus(x) = log(1 +
expx). Equally weighted events encourage a local valley without ordering pre-error and recovered
progress (Qin et al., 2026). Retry trajectories contribute only through this auxiliary stream, not the
clean calibration losses. Joint training uses

LV = Lstage + Lprog + λretryLretry + Lterm. (7)

We use λretry = 2. After adaptation, zt, k̂t = argmaxk pt,k, ut, and Vt form the frozen interface for
localization and reweighting. Training settings and retry-strength analyses appear in Appendices A.3
and B.

3.3 SUCCESS-REFERENCED FAILURE LOCALIZATION

Local successful references. Outside regions supported by successful trajectories, progress es-
timates alone may be unreliable. We therefore compare action, support, and progress evidence
against local successful references (Fig. 2(b)). The reference bank S+ and calibration set C+ are
trajectory-disjoint, exclude evaluation rollouts, and retain natural retries. Using frozen representa-
tions z̄t = zt/∥zt∥2, each query retrieves Knn = 5 neighbors with the same task and predicted stage
from nearby within-stage progress bins. Sparse bins expand symmetrically within the stage. For this
neighbor set Nt, state-support distance and action deviation are

dS(t) =
1

Knn

∑︂
j∈Nt

∥z̄t − z̄+j ∥2, (8)

DA(t) =
1

Knn

∑︂
j∈Nt

RMS(At −A+
j ). (9)

Here superscript + denotes successful references, and At = StdC+([aapplt−2 ; a
appl
t−1 ; a

appl
t ]) concate-

nates three actually applied controls, standardized using fixed calibration statistics; RMS(v) =

∥v∥2/
√︁

dim(v). Larger dS indicates weaker support; larger DA indicates unusual control among
comparable states. This history differs from the policy prediction horizon Ha. Progress regression
compares adjacent three-state windows:

gt = median(Vt+1, Vt+2, Vt+3)−median(Vt−2, Vt−1, Vt). (10)

Both windows must be available. Negative gt indicates predicted regression; medians reduce sensi-
tivity to isolated fluctuations.

Calibrated evidence and temporal confirmation. Queries from C+ against S+ yield stage- and
progress-conditioned 99th-percentile thresholds qS(k̂t, ut) and qA(k̂t, ut) for the state and action
scores, and a stage-conditioned 1st-percentile threshold qV (k̂t) for gt. Sparse statistics use fixed
stage-level and global nonterminal fallbacks. With rS(t) = dS(t)/qS(k̂t, ut) and indicator 1[·],

EA(t) = 1[DA(t) > qA(k̂t, ut)],

ES(t) = 1[rS(t− 1) ≤ 1]1[rS(t) > 1],

EV (t) = 1[gt < qV (k̂t)].

(11)

The indicators mark atypical control, departure from successful-state support, and unusually low
progress change relative to successful calibration trajectories, respectively. EV indicates predicted
regression only when gt < 0. Calibration excludes failure-test onset labels.

A candidate onset t̂0 begins at an EA or ES event and requires a different strong-evidence type
within five steps, not repetition of its own type. EV confirms but does not initiate candidates,
because progress loss can lag the initiating action or state change. An EA candidate may also use
near-boundary support 0.95 ≤ rS(s) < 1 within its confirmation window when D(s) = 1, where

D(s) = 1

[︃
rS(s+ 1) ≥ 0.90 ∨ max

τ∈{s+1,...,s+5}
rS(τ) > 1

]︃
. (12)

This check rejects immediate recovery deep inside support unless a later boundary crossing cor-
roborates the deviation. This weaker route cannot initiate candidates, and confirmation preserves
t̂0.

5
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Offline onset refinement. After confirmation, a five-step look-back using the successful action-
calibration distribution’s 95th percentile refines t̂0 to t̂. Only the reported location changes, not de-
tection, the evidence route, or the logged decision index tlogdec. Future observations enter progress and
persistence checks, so this index is not a measured online alarm time. Confirmed failed rollouts sup-
ply candidate risk anchors, not causal ground truth; unconfirmed rollouts supply none. Appendix C
details the detector and evaluation.

3.4 RISK-GUIDED SUCCESS REWEIGHTING

Risk anchors and matching. Risk identifies where extra supervision is relevant; predicted ad-
vancement selects which successful segments receive it (Fig. 2(c)). The retry pool AR stores the last
valid pre-error state in W pre

r for each successful retry; AN stores confirmed, refined natural-failure
onsets. Anchors store (z̄, k̂, u, ℓ): normalized representation, predicted stage, within-stage progress,
and instruction, not action targets. For demonstration sample i, we encode its pre-action state with
the same frozen model. Each source σ ∈ {R,N} independently returns the nearest same-task,
same-stage anchor by cosine distance:

jσ(i) = argmin
j∈Aσ

ℓj=ℓi, k̂j=k̂i

dij , dij = 1− z̄⊤i z̄j . (13)

This uses one anchor per source, not the detector’s five neighbors. Let dσi = di,jσ(i) and ∆uσ
i =

|ui − ujσ(i)|. The matched risk is

rσi = 1[dσi ≤ δz, ∆uσ
i ≤ δu]

[︃
1− dσi

δz

]︃
+

[︃
1− ∆uσ

i

δu

]︃
+

. (14)

Here [x]+ = max(x, 0); δz and δu bound representation distance and within-stage progress mis-
match. Missing or rejected anchors give zero risk without another search; retrieval precedes progress
filtering. Risk correspondence is not failure probability; neither failed-action similarity nor an extra
global-progress constraint is used.

Advancement-gated weights. Risk proximity alone may emphasize local mistakes within suc-
cessful trajectories. For sample i starting at ti, let Ti be its trajectory’s last recorded state index and
Vi,t = Vϕ(hi,t, ℓi). We compute

t+i = min(ti +Ha, Ti), ∆Vi = Vi,t+i
− Vi,ti ,

qi = clip

(︃
[∆Vi]+
δV

, 0, 1

)︃
.

(15)

Here δV > 0 controls saturation; clip restricts values to the specified interval. Endpoint clipping ex-
cludes artificial transitions from action padding. Advancement is a proxy, not an action-correctness
label, and gates only additional emphasis. For fixed nonempty active sources U ⊆ {R,N} and
weighting strength β, we define

ri = max
σ∈U

rσi , wi = clip(1 + βqiri, 1, 2). (16)

Single-source choices yield retry-only or failure-only weighting; both sources combine by maxi-
mum, not addition or pooled retrieval. All ten main simulation tasks use U = {R,N}, δz = δu =
0.15, δV = 0.12, and β = 1, fixed before policy training without task-specific adjustment. Ap-
pendix A.5 details loss integration; Appendix E.1 gives the StackCube data and weighting protocol.

The weights enter Eq. (2) while preserving all valid samples, action targets, and sampling probabil-
ities, including samples from successful retries. Unmatched or non-advancing samples retain unit
weight. Risk annotations and subsequent observations affect only offline weights, not policy inputs.
Deployment adds no progress-model or risk-matching calls; risk collection and offline computation
still incur costs.

6
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4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

We evaluate ten ManiSkill3 tasks (Tao et al., 2025) spanning picking, stacking, pushing/pulling,
pose adjustment, tool use, insertion, and transport (Table 1). Each task supplies 300 successful
demonstrations without an imposed retry ratio. We compare Behavior Cloning (BC), Diffusion Pol-
icy (DP) (Chi et al., 2025), π0.5 (Physical Intelligence et al., 2025), and GTP-FA-π0.5 (Xu et al.,
2026) with their RAISE variants. Within each pair, demonstrations, initialization, architecture, ac-
tion targets, and optimization budget are fixed; GTP-FA’s grasp front-end is also fixed. The 300-
demonstration budget counts policy action-supervision trajectories only; RAISE additionally uses
successful reference and calibration trajectories and retry/failure evidence for offline weight con-
struction. Progress models are adapted per task, including PushCube, which retains GTP-FA’s base
task setting. Data roles and training configurations are given in Appendix A.

Each final model is evaluated on 200 fixed environment seeds with a 250-environment-step hori-
zon, without stopping at transient success. We report equal-weight means over three training seeds:
{0, 1, 2} for BC/DP and {42, 43, 44} for VLA systems. Baseline and RAISE share evaluation initial-
izations within each pair. Entries report success-once / Stable Success@3: any successful state ver-
sus any three consecutive evaluation states satisfying the completion predicate. Unlike terminal-only
success at end, Stable Success@3 rejects isolated successes without requiring completion at
the rollout endpoint; it does not guarantee lasting stability. Full definitions appear in Appendix A.1.

Table 1: Cross-policy evaluation on ten ManiSkill3 tasks: success-once / Stable Success@3 (%).
Each baseline is followed by its RAISE variant, trained on the same 300 demonstrations. Bold task
values mark within-pair stable-success gains. Avg. and ∆ average all ten tasks; ∆ is in percentage
points. All rows average three training seeds, with 200 episodes per task and seed.
Method Stack Push Pull Pick Lift Poke Tool Peg Apple Box Avg. ∆ (pp)

BC 0/0 3.5/2.3 100/99.8 94.2/93.8 61.5/61.2 68.7/64.5 30.8/30.8 19.2/10.3 20.7/19.8 36.5/32.2 43.5/41.5 –
+ RAISE 15.3/13.7 23.2/21 100/99.8 96.2/95.2 73.2/71.2 70.3/66.5 45/44.7 33.2/32.7 36.8/35.7 48.5/48.2 54.2/52.9 +10.7/+11.4

DP 39.7/39.2 0/0 42/41.7 72/72 26.7/24.7 69.3/68.8 32.8/32.7 0.17/0.17 56.2/52.2 32.2/27.7 37.1/35.9 –
+ RAISE 50.2/49.5 12.2/12 52.3/51.7 79.2/79 41.8/41.7 76.2/76 41.5/41.3 13.5/13.5 65/65 42.3/41.2 47.4/47.1 +10.3/+11.2

π0.5 96.2/96.2 93.3/92 94.5/94 1.2/1.2 13.5/11.3 44.2/44 38/38 1.3/1 56/53.5 34.2/32 47.2/46.3 –
+ RAISE 96.2/96 95.7/94.5 96.5/96 21.5/21.2 30/29.5 57/56.2 49.5/49.2 13.5/13.2 65/64.5 46.3/44.5 57.1/56.5 +9.9/+10.2

GTP-FA-π0.5 97.5/97.2 95.7/94.5 95.5/94.3 26.5/26.2 69.7/69.2 71/70.3 54.3/53.5 16.5/16.2 69.2/64.3 51/46.3 64.7/63.2 –
+ RAISE 98.3/98.2 96.2/95.3 96.3/94.2 45.2/45 81/80.3 82.5/81.2 66.5/65.2 29.5/29.2 82.5/82.2 64.7/62.5 74.3/73.3 +9.6/+10.1

Stack, Push, Pull, Pick, and Poke denote the corresponding Cube tasks; Lift: LiftPegUpright; Tool: Pull-
CubeTool; Peg: PegInsertionSide; Apple: PlaceApple; Box: TransportBox. Means and gains are rounded
independently; DP on Peg is 1/600 under both metrics (0.17%).

4.2 PERFORMANCE ACROSS POLICY FAMILIES AND TASKS

Table 1 shows that RAISE improves ten-task mean Stable Success@3 from 41.5% to 52.9% for BC
(+11.4 pp), 35.9% to 47.1% for DP (+11.2 pp), 46.3% to 56.5% for π0.5 (+10.2 pp), and 63.2% to
73.3% for GTP-FA-π0.5 (+10.1 pp). The four-pair mean improvement is 10.7 percentage points in
stable success and 10.1 points in success-once, computed before rounding. Stable success increases
in 37 of 40 task–base-system settings, is unchanged in one, and decreases in two. Gains remain
task-dependent: GTP-FA-π0.5 improves from 26.2% to 45.0% on PickCube and 64.3% to 82.2% on
PlaceApple, but decreases slightly from 94.3% to 94.2% on PullCube. The standard π0.5 pair also
decreases slightly on StackCube, from 96.2% to 96.0%.

These comparisons measure reweighting on fixed base systems, not the contribution of GTP-FA
itself. Mean gains alone do not establish statistical significance on every task. The main results
average three training seeds; the earlier seed-42 Expert300 study and its role in V3 selection are
reported separately in Appendix E.3.
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Table 2: Published VLA adaptation systems and our GTP-FA combinations. Published rows retain
source-defined success rates; our rows report Stable Success@3 (%). Online policy RL is separated
explicitly. Different data budgets and evaluation protocols make these system-level comparisons,
not controlled estimates of RAISE’s effect.

Panel A: Shared tasks from StARe-VLA (Xu et al., 2025)

Method Data/task Online RL Stack Push Pull Lift Avg.

Other backbones: published reference results
Octo (FT) (Team et al., 2024) 1000 D No 1.0 67.0 90.0 0.0 39.5
SmolVLA (FT) (Shukor et al., 2025) 1000 D No 12.7 86.3 90.7 16.3 51.5
RoboFAC-7B (Ye et al., 2025) N/S N/S 85.5 80.4 80.7 84.0 82.7

OpenVLA-7B: without online policy RL
SFT 100 D No 12.0 11.7 31.0 5.3 15.0
GRAPE (Zhang et al., 2024) 100 D + 50 P No 15.7 13.3 35.3 7.7 18.0
StA-TPO 100 D + 50 P No 19.3 16.0 35.7 12.3 20.8
RAISE (GTP-FA)⋆† 300 D No 87.5 89.2 90.2 71.3 84.5
OpenVLA-7B: with online policy RL
RL4VLA (Liu et al., 2026) 100 D Yes 64.0 95.7 90.3 32.0 70.5
StA-PPO 100 D Yes 92.7 96.0 95.3 89.7 93.4
IPI 100 D + 50 P Yes 94.3 97.3 98.5 95.5 96.4

π0.5: without online policy RL
SFT 100 D No 26.3 18.3 43.0 10.7 24.6‡

GRAPE (Zhang et al., 2024) 100 D + 50 P No 22.7 16.3 45.0 6.3 22.6
StA-TPO 100 D + 50 P No 28.0 22.3 44.7 15.7 27.7
GTP-FA⋆ 300 D No 97.2 94.5 94.3 69.2 88.8
RAISE (GTP-FA)⋆† 300 D No 98.2 95.3 94.2 80.3 92.0
π0.5: with online policy RL
πRL (Chen et al., 2025b) 100 D Yes 72.3 96.7 93.3 58.0 80.1
StA-PPO 100 D Yes 80.7 98.0 92.7 75.3 86.7
IPI 100 D + 50 P Yes 84.3 99.3 95.0 80.7 89.9
D: successful demonstrations; P: preference pairs; N/S: not specified. ⋆GTP-FA uses the backbone named in
its group. Our results average training seeds {42, 43, 44}, with 200 episodes/task/seed and 250 environment
steps/episode; StARe retains its own success criterion and 300-episode/30-step protocol. †RAISE also uses
auxiliary retry/failure evidence, not additional action targets. ‡The π0.5 SFT average is recomputed from the
four published task rates; the source reports 25.6%. Other published averages are retained as reported.

Panel B: Failure-informed systems

Method Evaluation Stack Pull Lift Avg.

DAG-VLA + AFIL (Zheng et al., 2026) Published; 50× 3 runs 84.7 98.0 90.7 91.1
GTP-FA-π0.5 Stable@3; 3× 200 episodes 97.2 94.3 69.2 86.9
RAISE (GTP-FA-π0.5) Stable@3; 3× 200 episodes 98.2 94.2 80.3 90.9
AFIL uses 1500 successful, 1000 failure-corrected, and 1500 raw-failure trajectories. Our 300-demonstration
π0.5 results reuse Table 1; no matched-protocol re-evaluation or metric conversion is implied.

Progress, localization, and risk-source analyses. The paired input study changes camera, res-
olution, and history jointly: render-camera 512 × 512/H8 increases retry-preference satisfaction
from 45.5% to 69.5% over base-camera 128 × 128/H16, with clean-progress MAE changing from
0.05288 to 0.05449 (Appendix B.4). On Dev2, comprising 1000 controlled failures and 1000 clean
successes, the same change raises detection recall from 60.2% to 69.0% and all-failure localization
accuracy within ten steps from 40.8% to 49.4%, while adding eight false positives. Dev2 informed
development; these are not independent final-test results (Appendix C).

In seven matched policy–task settings, full RAISE raises mean Stable Success@3 from 37.2% to
49.4% relative to uniform training. Removing retry supervision, using progress-only localization,
or removing advancement gating reduces the full-method mean by 9.1, 14.6, and 3.5 points, respec-
tively (Appendix E.5). The separate seed-42 StackCube study shows composition-dependent gains
but no gain on original Expert300 (Appendices E.3 and E.4).
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4.3 COMPARISON WITH PUBLISHED VLA ADAPTATION SYSTEMS

Table 2 positions RAISE on GTP-FA-based systems, separately from the matched comparisons
above. Without online policy RL, the OpenVLA and π0.5 combinations achieve 84.5% and 92.0%
mean Stable Success@3, respectively; published StA-TPO means are 20.8% and 27.7% (Xu et al.,
2025). IPI includes online policy RL and reports 96.4% for OpenVLA. Different demonstration
budgets, grasp front-ends, metrics, and horizons prevent attributing these cross-study gaps to RAISE
alone. Avoiding online policy RL also does not eliminate auxiliary rollout or offline computation
costs.

Within our GTP-FA-π0.5 pair, RAISE increases the four-task mean from 88.8% to 92.0% (+3.2
pp). No unweighted GTP-FA-OpenVLA baseline is evaluated, so this comparison does not isolate
RAISE’s contribution on that backbone. On AFIL’s shared tasks, our system reports 90.9% versus
its published 91.1%; AFIL uses distinct trial construction and a failure-informed action-generation
mechanism (Zheng et al., 2026). This is system-level context, not a matched-protocol comparison.
Additional RDT/PhysGen references appear in Appendix F.

4.4 REAL-ROBOT EVALUATION

Five Franka Research 3 tasks use 300 demonstrations and 50 physical trials per method and task:
Orange-to-Tray, StackCube, PokeCube, PullCubeTool, and PourWater (cup-to-cup transfer of small
balls). We retain GTP-FA’s task-level end-of-execution completion criteria, not simulation Stable
Success@3. The two baseline rows in Table 3 are reused from Xu et al. (2026); RAISE variants
are evaluated under the same protocol. The grasp front-end is fixed within the GTP-FA pair. We
separately adapt the progress model on successful real-robot trajectories using base-camera RGB;
platform and annotation details appear in Appendices A.6 and D.

RAISE increases mean task success from 11.2% to 26.4% on the standard π0.5 policy (+15.2 pp),
and from 76.8% to 84.0% on GTP-FA-π0.5 (+7.2 pp). Both comparisons improve on all five tasks.
The GTP-FA system gains eight points on StackCube and PullCubeTool and fourteen on PourWater.
These are task-level comparisons with reused baseline measurements, not paired-trial estimates;
absolute performance remains limited for the standard VLA policy.

Discussion. These results support two complementary observations: RAISE improves a standard
VLA policy without changing its architecture or adding failed-rollout actions as imitation targets,
and remains beneficial with a stronger, fixed grasp front-end. Reweighting thus acts at the data-
supervision level and can complement improvements elsewhere in the manipulation pipeline.

Table 3: Real-robot task success (%): 50 trials per method/task. Baseline measurements are reused
from Xu et al. (2026); RAISE rows are evaluated here under the same task-specific demonstrations
and protocol. ∆ is the macro-average gain in percentage points.
Method Orange Stack Poke PullTool Pour Avg. ∆ (pp)

π0.5 10.0 4.0 24.0 16.0 2.0 11.2 –
RAISE (π0.5) 28.0 20.0 36.0 32.0 16.0 26.4 +15.2

GTP-FA-π0.5 92.0 74.0 86.0 78.0 54.0 76.8 –
RAISE (GTP-FA-π0.5) 94.0 82.0 90.0 86.0 68.0 84.0 +7.2

5 CONCLUSION

We introduced RAISE, a data-centric framework for learning from failures without treating failed
actions as imitation targets. RAISE first learns a retry-sensitive progress reference from stable suc-
cessful executions, then localizes failures through success-referenced temporal evidence, and fi-
nally transfers retry- and failure-derived risk back to the original successful demonstrations through
bounded, task-advancement-aware reweighting. This design preserves the policy architecture, ac-
tion targets, and valid training samples, while changing only where learning places greater emphasis.
Future work will explore using RAISE’s risk-guided weights to focus reinforcement-learning fine-
tuning on failure-prone contexts.
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than introducing failed actions as imitation targets.
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APPENDIX

A EXTENDED EXPERIMENTAL SETUP AND REPRODUCIBILITY

This appendix specifies experimental protocols and implementation details. Baseline–RAISE pairs
retain the same architecture, interfaces, demonstrations, initialization, optimization budget, and eval-
uation distribution.

A.1 SIMULATION TASKS AND EVALUATION PROTOCOL

Tasks and demonstrations. The ten tasks in Table 1 retain their native scenes, robots, action
interfaces, and success conditions. Each main experiment uses a fixed Expert300 set of 300 success-
ful trajectories, with identical paired membership and no imposed clean-to-retry ratio. Successful
trajectories containing retries remain included.

Success criteria. Let st ∈ {0, 1} be the task-success flag and ct ∈ {0, 1} the completion predicate
for stability, with ct ≤ st. They coincide when no additional completion conditions apply. For a
rollout of length T ,

Sonce = max
1≤t≤T

st, Send = sT , Sstable@3 = max
3≤t≤T

(ct−2ct−1ct),

where Sstable@3 = 0 for T < 3. The stable window can occur anywhere, not only at the endpoint,
and denotes consecutive steps rather than trials. Stable Success@3 implies success-once but neither
implies nor is implied by success-at-end: a stable window may be followed by failure, and final
success may lack a preceding stable window. It rejects isolated successes, not all later instability,
and is not a calibrated physical duration. For StackCube, ct requires stacking and release, linear
speed ≤ 0.01m/s, and angular speed ≤ 0.5 rad/s; other tasks retain their own predicates.

Evaluation and aggregation. Final models in Tables 1 and 2 use 200 fixed environment seeds and
at most 250 steps, without stopping at transient success. Training seeds are {0, 1, 2} for BC/DP and
{42, 43, 44} for the main VLA results. Within each task, method, and seed, baseline and RAISE start
identically and train independently. Paired variants and training seeds share task-specific evaluation
lists; BC/DP also share theirs. Main VLA evaluations use 400005010--400005209, inclusive.
For success counts ks, p̄ = 1

3

∑︁
s 100ks/200 = 100

∑︁
s ks/600. Thus, 600 rollouts are three

models on 200 common initializations, not 600 distinct environment seeds. Means and gains precede
rounding. Equal numeric seeds across tasks do not imply equal scenes; BC/DP and VLA generally
use different lists. The earlier StackCube policy studies in Appendices E.3 and E.4 retain their
seed-42 protocol.

Simulation backend and control. Simulations use the PhysX CUDA backend. VLA runs on
A100/RTX 5090 use ManiSkill3 3.0.0b18 and SAPIEN 3.0.0b1; BC/DP runs use ManiSkill3
3.0.0b21 and SAPIEN 3.0.2. Native control and physics frequencies are 20 and 100 Hz, respec-
tively. Policies retain task-specific joint-position or end-effector-pose increment interfaces, fixed
within each baseline–RAISE pair. BC updates its action every native control step, DP replans after
eight actions, and π0.5 after ten. The PegInsertionSide VLA wrapper repeats each action twice.
Genuine task failures remain included; technical failures are logged separately rather than relabeled
as task failures.

A.2 DATA ROLES AND ISOLATION

Table 4 separates data roles. Training, development, reference, calibration, and final evaluation
are trajectory-separated; development data have zero policy-training mass. The reference bank and
calibration set are mutually disjoint and exclude evaluation trajectories. Natural failures are techni-
cally valid rollouts with no Stable Success@3, not infrastructure exceptions. Thresholds, weights,
and checkpoints remain fixed during each comparison; V3-selection chronology is distinguished in
Appendix E.3.

14



756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

Under review as a conference paper at ICLR 2027

Auxiliary experience. The 300-demonstration budget counts policy action supervision only.
Within each task, policy families and training seeds share frozen auxiliary trajectory pools; model-
dependent quantities are recomputed when required by an ablation. For StackCube, progress adapta-
tion uses 1000 clean-success trajectories and 1000 retry events from 729 successful trajectories. The
success reference bank and calibration set contain 1000 trajectories each. Of 489 natural failures,
352 yield confirmed risk anchors (Appendix E.1). These auxiliary sources do not add policy action
targets.

Table 4: Data roles and direct gradient use. Auxiliary failure evidence determines weights but
supplies no policy action targets.
Data role Source Gradient use Purpose

Expert300 Stable successful demonstrations Policy Original action supervision
Ordinary success Clean stable-success trajectories Progress model Stage and absolute-progress

supervision
Retry success Stable successes containing local

retries
Progress model Local degradation–recovery

supervision
Retry-risk
anchors

Pre-error states from successful
retries

None Retry-derived risk estimation

Natural failures Failed rollouts from a frozen base
policy

None Failure localization and risk
estimation

Success Bank Independent successful
trajectories

None Local successful-state reference

Calibration set Independent successful
trajectories

None Evidence-threshold calibration

Development
sets

Disjoint clean/retry/controlled
rollouts

None Method development and ablation

Final evaluation Frozen seeds or physical trials None Final performance reporting

A.3 RETRY-SENSITIVE PROGRESS MODEL

Architecture and inputs. Table 5 specifies simulation models. Language-backbone LoRA and
two heads are trained; ROBOMETER-4B’s pretrained parameters, visual encoder, and original
heads remain frozen. Stage-slot semantics and active labels are task-specific; the within-stage head
is shared. Main inputs are native render-camera RGB at 512 × 512/H8. Initial padding repeats
the first real observation, never future frames. Physical-state labels and labeling potentials provide
offline supervision, not model or policy inputs.

Eligibility and supervision boundaries. Only stable-success trajectories adapt the model. Phys-
ical predicates supply simulation labels, checked by human review (Appendix D). Equation (4)
normalizes each valid contiguous nonterminal segment independently; re-entry starts a new seg-
ment. Singletons and retry neighborhoods have no absolute-progress targets. The first stable win-
dow anchors unit progress; later frames are excluded from model training, not from fixed policy-
demonstration rows. Stage, progress, and terminal masks remain distinct. StackCube terminal suc-
cess without a stable window gives no training endpoint, although observations and diagnostics are
retained.

Retry windows and neighboring events. Annotations determine W pre
r , W near

r , and W post
r ; pre-

dicted minima do not select them. Windows are clipped at trajectory endpoints, the effective super-
vision boundary, and neighboring attempts. Under the STACKCUBE labeler, a one-step predicate
interruption is transient; an interruption of at least two policy steps can initiate a reliable retry. A
connected transient can supply context but cannot independently establish an event. Empty win-
dows or invalid ordering exclude an attempt from Lretry without relocating its keypoint; the reliable
degradation interval remains masked from absolute-progress targets. Clipping resolves conflicts in-
volving near-error windows, but W post

r may overlap W pre
r+1 because these are positive contexts for

different setbacks. Means use actual members without supervision padding. A one-member retry
window is valid, unlike a singleton segment whose temporal normalization needs a nonzero interval.
Figure 3 illustrates this distinction. These event-boundary rules are specific to STACKCUBE; other
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Table 5: Simulation progress-model configuration. Loss coefficients follow the
stage/progress/retry/terminal order in Eq. (7).

Component Configuration

Backbone ROBOMETER-4B
Visual input render RGB, 512× 512, H8
Trainable backbone language LoRA
LoRA rank / alpha / dropout 64 / 128 / 0.05
LoRA projections q/k/v/o/gate/up/down
Stage head 2560 → 4
Within-stage head 2560 → 10
Main-stream batch 16
Retry auxiliary batch 8 events from 8 trajectories
Optimizer AdamW
Learning rate 2× 10−5

Betas / ϵ (0.9, 0.999) / 10−8

Weight decay 0.01 for matrix parameters
Gradient clipping global norm 10
Warmup / scheduler 100 updates / cosine
Training budget 1000 optimizer updates
Loss coefficients 1/1/2/1
Precision BF16 mixed precision
Model selection fixed final update 1000

tasks use their own annotations. The labeler targets degradation–recovery and has no dedicated
stall-only detector.

Retry-supervision windows

Wpre
r  = {28} Wnear

r  = {29, 30}

Wpost
r  = {31, 32, 33}

Step 28 Step 29 Step 30

Step 31 Step 32 Step 33

Figure 3: A successful StackCube retry: W pre
r = {28}, W near

r = {29, 30}, and W post
r =

{31, 32, 33}. A preceding retry clips the pre-error window from {26, 27, 28} to {28}. Original
policy indices mark supervision membership, not input-history length or predicted progress; win-
dow sizes are event-specific.

Training streams. The clean-success stream supplies stage, absolute-progress, and terminal su-
pervision. An independent auxiliary stream samples eight retry events from eight distinct successful
trajectories and weights events equally. Retry trajectories contribute through this stream, not the
clean calibration losses. Both streams optimize Eq. (7). After update 1000, all parameters are frozen
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for localization and reweighting; final-failure trajectories never update the model. Appendix B eval-
uates the resulting model’s global progress accuracy and local retry sensitivity. Supervision bound-
aries and retry-window handling are specified in the preceding paragraphs.

A.4 BASE POLICIES AND LEARNER-SPECIFIC TRAINING

Table 6 specifies native objectives and training settings. Paired runs share initialization, data, nor-
malization, seed, and budget. The π0.5 pair starts independently from pi05 base, predicts ten-
action chunks, and uses fixed final checkpoints. GTP-FA’s grasp front-end remains fixed; its preced-
ing optimization is not rerun or attributed to RAISE.

Table 6: Learner-specific configurations, fixed within each baseline–RAISE pair. OpenVLA is used
in Table 2, not Table 1.

Policy
Training

data Optimization Policy-specific configuration

BC 300/task Seeds {0, 1, 2}; batch 1024; LR
3× 10−4; 10k iterations

State normalization enabled

Diffusion
Policy

300/task Seeds {0, 1, 2}; batch 1024; LR
1× 10−4; 100k iterations

Tobs = 2, Tact = 8, Tpred = 16;
diffusion embedding 64; U-Net
[64, 128, 256]; 8 groups

π0.5 300/task Seeds {42, 43, 44}; global batch 32;
30k optimizer updates

10-action chunks; fixed final
checkpoint

OpenVLA-7B 300/task Seeds {42, 43, 44}; AdamW;
constant LR 5× 10−4; maximum
200k updates/run; batch 16/GPU;
accumulation 1

LoRA rank 32, α = 16, dropout 0;
224× 224 images; deterministic
decoding; used only in Table 2

OpenVLA-specific preparation. OpenVLA-7B (Kim et al., 2024) is initialized from pretrained
weights and fine-tuned on 300 MPLib trajectories per task. Common preprocessing removes
idle actions with negligible end-effector pose change before fixing the training set; RAISE
removes no additional samples. We follow the official LoRA fine-tuning configuration in
vla-scripts/finetune.py, using AdamW with a constant learning rate of 5 × 10−4 and
up to 200k optimizer updates per run. Batch and adapter settings are listed in Table 6. Training
uses all-linear LoRA, BF16 without four-bit quantization, and augmented 224× 224 images.
Evaluation uses each run’s final saved checkpoint and deterministic decoding under Appendix A.1,
rather than StARe’s protocol. The π0.5 systems retain their separate 30k-update budget.

A.5 RAISE INTEGRATION

Fixed weights from Eq. (16) enter the learner’s per-sample objective through Eq. (2). They receive
no gradients, and no risk-proportional resampling is introduced. Unit weights recover the original
loss and gradients. Unmatched or non-advancing samples remain in training, including samples
from successful retries. In the π0.5 implementation, the 10 × 32 flow-matching residual is first
averaged within each row; the weighted numerator and denominator are then reduced over the full
logical batch. Ratios computed separately on devices or microbatches are not averaged. A unit-
weight sample remains supervised, although its relative contribution changes when other samples
receive larger weights.

Progress inference, reference construction, failure localization, and risk matching are offline prepa-
ration steps. Risk annotations and later observations affect only weights, not policy inputs. Deploy-
ment adds no progress-model or risk-matching call and preserves the existing grasp front-end where
applicable. Auxiliary rollout collection and offline scoring nevertheless incur data and computation
costs.

A.6 REAL-ROBOT PLATFORM AND EVALUATION

A Franka Research 3 uses a Robotiq parallel-jaw gripper and base/wrist Intel RealSense D435i
cameras; computation is listed in Table 7. The five tasks in Table 3 use 300 demonstrations and 50
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physical trials per method/task. PourWater transfers small balls between cups. End-of-execution
completion follows Xu et al. (2026), not simulation Stable Success@3. Baseline measurements are
reused; RAISE follows the same task-specific demonstration and evaluation protocol.

Recorded RGB-D, robot/gripper states, grasp poses, and execution histories support perception and
retrospective review. Policies retain native inputs, without simulator privileged state, tactile/contact
ground truth, future observations, human annotation, or outcome-conditioned action generation. The
progress model is separately adapted on successful physical trajectories using base-camera RGB
(Sec. 4.4). Reweighting preserves cameras, controller, demonstrations, and evaluation conditions,
including the fixed GTP-FA front-end. Annotation semantics appear in Appendix D.

Execution timing. End-effector pose targets are updated at 10 Hz. Policy inference is syn-
chronous, with a new prediction after each block of ten control commands. These command-level
rates are distinct from the camera and annotation time bases.

A.7 REPRODUCIBILITY AND REPORTING CONVENTIONS

Records retain data/checkpoint identities, learner settings, seeds or physical trials, and results. Main
three-seed evaluations remain separate from the seed-42 study informing V3 selection. Out-of-
memory events, unavailable devices, missing dependencies, simulator crashes, corrupted artifacts,
and communication failures are infrastructure exceptions, not genuine task failures.

A.8 COMPUTATIONAL RESOURCES

Table 7 lists host configurations, not per-run allocations. Main progress models use LoRA (Table 5);
full-parameter ROBOMETER training belongs to a separate development setting.

Table 7: Computational platforms. GPU counts describe hosts rather than per-run allocations.
Primary use CPU GPUs

ROBOMETER development and adaptation; VLA
training and evaluation

Intel Xeon Gold 6330 8× NVIDIA A100

Task-specific ROBOMETER adaptation; VLA
training and evaluation

Intel Xeon Silver 4310 2× RTX 5090

STACKCUBE VLA ablations AMD Ryzen 9 9950X 2× RTX 4090

Behavior Cloning and Diffusion Policy training and
evaluation

Intel Xeon Silver 4310 5× RTX 4090

Real-robot perception and VLA deployment Intel Xeon Gold 6226R 1× RTX 4090

B ADDITIONAL ANALYSIS OF RETRY-SENSITIVE PROGRESS LEARNING

We examine global calibration and local retry sensitivity through supervision-strength, data-
coverage, directional-loss, and input comparisons. Historical development studies are distinguished
from the paired A/B models.

B.1 EVALUATION PROTOCOL AND EXPERIMENTAL CONFIGURATIONS

Models within each comparison share evaluation trajectories, annotations, and validity masks. Clean
successes assess global progress; successful retries assess local degradation–recovery. Targets fol-
low Sec. 3.2 and Appendix A.3; set sizes and experiment-specific settings accompany each table.

Global accuracy. For progress-valid indices Iprog with Nprog = |Iprog|, define

MAE =
1

Nprog

∑︂
i∈Iprog

|Vi − g∗i |, Acc@δ =
1

Nprog

∑︂
i∈Iprog

1[|Vi − g∗i | ≤ δ], (17)
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where g∗i is the fixed target. Stage macro-F1 and terminal-anchor error assess stage classification
and deviation from unit progress at completion, using their respective masks.

Retry sensitivity. Using the annotated window means from Sec. 3.2, event satisfaction is

sr = 1[µpre
r > µnear

r ]1[µpost
r > µnear

r ]. (18)

Both inequalities are strict, with no additional margin. Pevt averages events; Ptraj first averages
within trajectories and then weights trajectories equally. We also report ∆pre = meanr(µ

pre
r −

µnear
r ), ∆post = meanr(µ

post
r − µnear

r ), and recovery consistency, the fraction satisfying µpost
r ≥

µpre
r . The latter is diagnostic, not a training constraint. These metrics assess predictions, not policy

task success.

B.2 EFFECT OF RETRY SUPERVISION STRENGTH

The earlier STACKCUBE base-camera 128×128/H16 study varies λretry ∈ {0, 1, 2, 3, 4, 5}, holding
data, sampling, training seed, masks, and the 1000-update budget fixed. Training uses 1000 clean
trajectories and 1000 retry events from 750 successful trajectories. Setting λretry = 0 disables only
the explicit retry loss. Table 8 averages metrics equally across three separately collected holdouts,
not training seeds.

Table 8: Retry-loss strength on three StackCube holdouts with base-camera 128× 128/H16 inputs.
Fixed update-1000 results are averaged equally across holdouts. Accuracy, satisfaction, and recovery
are percentages; ∆pre/post use the normalized progress scale.

λretry MAE ↓ Acc@0.10 ↑ Pevt ↑ Ptraj ↑ ∆pre ∆post Recovery

0 0.05084 87.85 9.20 8.49 -0.0637 0.0108 69.67
1 0.05249 87.68 39.96 38.88 0.0896 0.2012 75.08
2 0.05690 86.62 45.47 43.80 0.1386 0.2664 77.33
3 0.06375 84.64 45.65 44.34 0.1556 0.2968 77.84
4 0.06924 83.11 51.08 50.27 0.1771 0.3206 75.50
5 0.07488 81.49 48.91 47.71 0.1740 0.3094 75.03

Evaluation sets. The three holdouts contain 194/197/199 clean trajectories and 317/336/357 retry trajecto-
ries, respectively. Their progress-valid sample counts are 3956/4004/4053, and their retry-event counts are
425/457/488.

Without retry supervision, MAE is lowest but satisfaction is only 9.20%, with negative ∆pre. At
λretry = 2, satisfaction improves by 36.27 points while Acc@0.10 falls by 1.23. Larger coefficients
either add little satisfaction (3), trade accuracy and recovery for higher satisfaction (4), or worsen
both objectives (5). The main render-camera/H8 configuration inherits 2 as a compromise; this
sweep evaluates the earlier base-camera/H16 inputs only.

B.3 DATA COVERAGE AND OPTIMIZATION CONTROLS

Coverage. E1–E7 vary training data, not architecture (Table 9). E1–E4 fix 300 clean trajectories
and increase retry coverage; E2/E5/E6 fix the 299-event retry pool and increase clean coverage. E7
combines 1000 clean trajectories and 1000 retry events. All runs use base-camera 128×128/H16 in-
puts, λretry = 1, equal directional coefficients, seed 20261221, and 1000 updates. Final-checkpoint
metrics and development-window near-best summaries remain separate.

Retry coverage raises satisfaction from 24.5% to 40.5% (E1–E4), whereas extra clean data with fixed
retries change it little (E2/E5/E6). Clean coverage instead improves stage macro-F1 from 0.8520 to
0.8657 (E4/E7). These roles are complementary; covarying retry-event and source-trajectory counts
prevent isolating their individual effects.

Directional-loss controls. With E7 membership and λretry = 2 fixed, coefficients cpre and cpost
multiply the two terms of Eq. (6). Balanced (1, 1) and pre-emphasized (4/3, 2/3) settings preserve
the coefficient sum and sampling and use the same two training seeds. Table 10 shows that pre-
emphasis increases ∆pre but reduces ∆post, recovery consistency, and joint preference satisfaction
for both seeds. A sharper predicted decline does not by itself improve the complete retry pattern.
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Table 9: StackCube training-data coverage. Evaluation uses 200 clean trajectories and 200 retry
events from 150 trajectories. Final columns use update 1000; near-best is the median of the three
highest development-window preference values, not a held-out or training-seed average.

Training data Final update 1000 Near-best

ID Clean traj. Retry traj. Retry events Pevt (%)
Stage

macro-F1 Pevt (%)

E1 300 49 78 24.5 0.8531 29.5
E2 300 219 299 36.5 0.8544 37.0
E3 300 367 500 38.0 0.8541 38.5
E4 300 750 1000 40.5 0.8520 40.5
E5 500 219 299 36.5 0.8511 38.0
E6 1000 219 299 37.5 0.8578 39.5
E7 1000 750 1000 40.5 0.8657 40.5

These development-window results favor balanced weighting but provide limited evidence about
training-seed sensitivity.

Table 10: E7 directional-loss controls at λretry = 2 on the development sets of Table 9. Values
are historical development-window medians, not fixed-final or holdout results. Satisfaction and
recovery are percentages.
(cpre, cpost) Seed Pevt Ptraj ∆pre ∆post Recovery

(1, 1) 20261222 46.0 47.1 0.1209 0.2469 77.0
(1, 1) 20261223 45.5 45.3 0.1350 0.2753 74.5

(4/3, 2/3) 20261222 43.5 43.9 0.1394 0.2178 70.5
(4/3, 2/3) 20261223 44.5 44.7 0.1480 0.2440 68.5

B.4 PAIRED COMPARISON OF VISUAL INPUT CONFIGURATIONS

Matched conditions. A uses base-camera 128 × 128/H16 inputs; B uses render-camera 512 ×
512/H8 inputs. The models share training membership, annotations, initialization protocol, balanced
directional coefficients, λretry = 2, seed 20261222, and 1000 updates. Both use the fixed final
checkpoint. A is trained on the paired corpus, not reused from historical E7. Viewpoint, resolution,
and history change jointly, so the comparison does not isolate an individual input factor.

Results and paired outcomes. B improves local satisfaction, valley differences, stage classifica-
tion, and terminal anchoring, but slightly worsens clean MAE, Kendall τb, and monotonicity viola-
tions (Table 11). Among 200 events, 76 satisfy the preference under both models, 63 under B only,
15 under A only, and 46 under neither. The net gain of 48 events corresponds to a 24.0-percentage-
point improvement, although the A-only cases show that the gain is not universal.

B.5 TASK-WISE PROGRESS-MODEL EVALUATION

Configuration B is adapted separately to each task with the shared recipe in Appendix A.3 and task-
specific stages, targets, masks, and retries. Table 12 reports ten-task development results at update
1000, assessing task-specific progress learning rather than zero-shot transfer or downstream policy
success.

Global accuracy and local sensitivity remain distinct. TransportBox has MAE 0.03278 and
Acc@0.10 of 94.84%, but retry satisfaction is 56.00%. Satisfaction ranges from 47.00% on Pe-
gInsertionSide to 99.50% on PullCube. Different stage semantics and event distributions preclude
interpreting these values as a controlled task-difficulty ranking; both global and local diagnostics are
needed.
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Table 11: Paired StackCube inputs: A is base-camera 128 × 128/H16; B is render-camera
512 × 512/H8. Training uses 1000 clean trajectories and 1000 retry events from 729 trajectories;
development uses 200 clean trajectories (3996 progress-valid samples) and 200 retry events from
149 trajectories. Both checkpoints are fixed at update 1000.
Metric A B

Clean-success development
Stage macro-F1 ↑ 0.8426 0.9061
Sample MAE ↓ 0.05288 0.05449
Acc@0.05 (%) ↑ 69.47 70.52
Acc@0.10 (%) ↑ 87.94 87.81
Acc@0.15 (%) ↑ 93.62 93.34
Terminal-anchor error ↓ 0.07896 0.04252
Trajectory-mean Kendall τb ↑ 0.9382 0.9205
Monotonicity violations (%) ↓ 6.88 9.03

Retry development
Pevt (%) ↑ 45.50 69.50
Ptraj (%) ↑ 44.52 68.79
∆pre 0.1750 0.3088
∆post 0.2881 0.4851
Recovery consistency (%) ↑ 74.50 79.50
Retry loss ↓ 1.20688 1.06744

B.6 QUALITATIVE ANALYSIS AND LEARNING DYNAMICS

The following examples use the fixed final checkpoints of the paired A/B models. Learning curves
describe their training trajectories separately.

Clean trajectories. Figure 4 aligns two clean-development trajectories with saved predictions and
segment-wise targets. In case01, stage-2 segments at steps 6–17 and 19–21 are separated by a stage-
1 singleton at 18. The singleton has no absolute-progress target; re-entry restarts u∗

t = 0, yielding
g∗t = b2 ≈ 0.289. This target reset follows normalization and does not independently establish a
physical setback.

Table 12: Task-specific B models on ten tasks at update 1000. Each development set has 200 clean
trajectories and 200 retry events; Nprog counts valid progress samples and Ntraj counts retry-source
trajectories. Acc@0.10 and preference satisfaction are percentages.

Clean development Retry development

Task Nprog MAE ↓
Stage

macro-F1 ↑
Acc@0.10

↑ Ntraj Pevt ↑ Ptraj ↑
StackCube 3996 0.05449 0.9061 87.81 149 69.50 68.79
PushCube 2567 0.04357 0.8564 90.73 160 89.50 88.63
PullCube 1848 0.03905 0.6707 92.91 200 99.50 99.50
PickCube 1509 0.08370 0.8273 72.63 182 90.50 90.93
LiftPegUpright 1297 0.07392 0.8848 74.79 184 96.00 97.08
PokeCube 4295 0.09163 0.8145 76.44 198 88.50 88.89
PullCubeTool 4509 0.07964 0.8680 76.18 188 94.00 94.33
PegInsertionSide 5381 0.09053 0.8227 67.85 136 47.00 44.22
PlaceApple 9521 0.08667 0.7379 71.69 187 74.00 75.22
TransportBox 14798 0.03278 0.9208 94.84 193 56.00 56.99

Stage macro-F1 retains the original four-slot evaluation convention, including the inactive stage slot for Pull-
Cube. Nprog is not the denominator for stage classification.

Retry preferences and counterexamples. Figures 5 and 6 show all four paired preference out-
comes: both models succeed in case03, B only in case04, A only for the selected case05 event, and
neither in case06. The trajectories ultimately succeed; preference failure denotes prediction order-
ing, not execution failure. Each point is a complete annotated-window mean, not a prediction for
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A: base128, H16 B: render512, H8

Segment-wise supervision target

Photos: saved B view. Shading: segment-wise progress targets masked.

(a) case01  Ordinary success

(1) Step 1 (2) Step 3 (3) Step 6 (4) Step 19 (5) Step 22 (6) Step 24

0

0.5

1

1 3 6 19 22 24

Policy step

Global progress

(1) (2) (3) (4) (5) (6)

Target segments: 1-2, 3-5, 6-17, 19-21; masked steps: 18, 22-24.

(b) case02  Ordinary success

(1) Step 1 (2) Step 3 (3) Step 5 (4) Step 10 (5) Step 21 (6) Step 23

0

0.5

1

1 3 5 10 21 23

Policy step

Global progress

(1) (2) (3) (4) (5) (6)

Target segments: 1-2, 3-4, 5-20; masked steps: 21-23.

Figure 4: Clean-success predictions and segment-wise targets on StackCube. Numbered B-view
images align with policy steps; A/B retain their own inputs. Diamonds mark valid targets and shad-
ing excludes absolute-progress supervision only. The case01 reset reflects segment normalization,
not an independently measured setback. Saved predictions are unsmoothed and endpoints are not
forced.
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the displayed frame. The examples were selected post hoc to illustrate outcomes, whose frequencies
come from the full 200-event comparison in Appendix B.4.

A: base128, H16 B: render512, H8

Saved B view: full context and local detail from the same photo.

(a) case03  Preference satisfied by both

Pre-error

Step 22; window {20,21,22}

Near-error

Step 24; window {23,24,25}

Post-recovery

Step 31; window {29,30,31}

0

0.5

1

Pre-error Near-error Post-recovery

Mean predicted progress

(b) case04  Preference satisfied by B only

Pre-error

Step 18; window {16,17,18}

Near-error

Step 19; window {19,20}

Post-recovery

Step 24; window {22,23,24}

0

0.5

1

Pre-error Near-error Post-recovery

Window role (categorical)

Mean predicted progress

Detail crops are for display only; model inputs are unchanged.

Figure 5: Final A/B retry-window predictions: both satisfy case03; only B satisfies case04. Points
average complete annotated windows, and categorical positions do not encode time. Full views and
crops share the same B-view image. Post-hoc successful-trajectory examples illustrate prediction
ordering, not aggregate performance.
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A: base128, H16 B: render512, H8

Saved B view: full context and local detail from the same photo.

(a) case05  Preference satisfied by A only Selected event only

Pre-error

Step 24; window {22,23,24}

Near-error

Step 25; window {25,26}

Post-recovery

Step 29; window {27,28,29}

0

0.5

1

Pre-error Near-error Post-recovery

Mean predicted progress

(b) case06  Preference satisfied by neither

Pre-error

Step 18; window {16,17,18}

Near-error

Step 19; window {19,20}

Post-recovery

Step 23; window {21,22,23}

0

0.5

1

Pre-error Near-error Post-recovery

Window role (categorical)

Mean predicted progress

Detail crops are for display only; model inputs are unchanged.

Figure 6: Complementary final-checkpoint cases: only A satisfies the selected case05 event; neither
satisfies case06. Both trajectories succeed. Unconnected points are full-window means; paired
views are the same saved images. The case05 conclusion concerns its selected event only.
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Learning dynamics. Figure 7 separates training losses from development metrics. Both models
reduce losses and clean MAE. After early fluctuations, B maintains higher retry satisfaction through
update 1000: 69.5% versus 45.5%, with slightly higher clean MAE (0.054492 versus 0.052883).
The final-checkpoint comparison therefore preserves the local–global trade-off rather than selecting
an intermediate optimum. Remaining prediction errors motivate complementary state-support and
action evidence, not treating progress decreases as verified failure onsets.

A: base128, H16 B: render512, H8

(a) Total training loss
Logged total loss

0

6

12

0 500 1000

Optimizer update

(b) Retry training loss
Raw retry loss (before weighting)

0.5

1

1.5

0 500 1000

Optimizer update

(c) Retry event satisfaction
RetryDev: 200 events

0%

50%

100%

0 500 1000

Optimizer update

Final A: 45.5%
Final B: 69.5%

(d) Clean sample progress MAE
CleanDev: 3996 valid samples

0

0.15

0.3

0 500 1000

Optimizer update

Final A: 0.052883
Final B: 0.054492

Figure 7: Paired A/B learning dynamics: total loss, raw retry loss before λretry scaling, retry
satisfaction, and clean MAE. Each configuration is one training run. Curves are unsmoothed; no
across-seed uncertainty is estimated.
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C SUCCESS-REFERENCED FAILURE LOCALIZATION

Appendix B examines progress predictions and their remaining errors. We now evaluate how suc-
cessful references and temporally corroborated evidence support offline failure detection and onset
localization. Logged decision timing is reported separately, and paired A/B comparisons remain
distinct from historical detector-development studies.

C.1 EVALUATION PROTOCOL AND METRICS

Data and reference onsets. The paired STACKCUBE study uses four trajectory-disjoint sets: 1000
successful reference trajectories, 1000 successful calibration trajectories, 1000 controlled failures,
and 1000 clean evaluation successes. Failures comprise 250 interventions each of wrong direction,
action freezing, premature gripper opening, and action perturbation. An example is accepted when
the unmodified continuation from the same pre-intervention state reaches stable success but the
intervened rollout does not. Its reference t∗a,i is the first actually modified action after bounding and
application, not the first altered raw output or later visible consequence. The controlled and clean
evaluation sets form Dev2, which informed development and input selection; it is not an independent
final test.

Model-specific references and calibration. The paired A/B models from Appendix B.4 use
update-1000 checkpoints. Trajectory membership and statistical rules are shared, but represen-
tations, reference indices, and thresholds are built separately. Retrieval uses five neighbors, ten
progress bins, and same-stage expansion. Conditional calibration requires 20 rows, otherwise falling
back to stage-level and global nonterminal statistics. Strong state/action thresholds use successful-
calibration 99th percentiles; progress uses the stage-conditioned 1st percentile. Confirmation retains
five indices, 0.95 ≤ rS < 1 near-boundary support, and Eq. (12); refinement uses the weak-action
95th percentile and at most five preceding steps.

Detection and localization metrics. Detection counts trajectories, not repeated alarms. Confir-
mation on a controlled failure is a true positive (TP); a trigger on a clean success is a false positive
(FP). False negatives (FN) and true negatives (TN) are the respective nontriggered trajectories. Pre-
cision and F1 refer to this balanced failure–success mixture. For confirmation indicator γi ∈ {0, 1},
define

ei =

{︃
|t̂i − t∗a,i|, γi = 1,

50, γi = 0.
(19)

For n controlled trajectories,

NLE =
1

50n

n∑︂
i=1

ei, Acc@k =
1

n

∑︂
i:γi=1

1[ei ≤ k], k ∈ {3, 5, 10}. (20)

Misses remain in overall denominators. The fixed value 50 is a miss penalty and normalization scale,
not the execution horizon. Conditional Acc@k instead divides by the confirmed-failure count. These
step-tolerance metrics differ from progress-value tolerances in Appendix B.1.

Uncertainty and timing. Paired 95% confidence intervals use 2000 trajectory-level bootstrap
replicates, stratified by four intervention types and clean successes, with seed 20261222. They
describe trajectory-sampling variation for fixed models, not training-seed variation. Logged tlogdec is
distinct from t̂0 and t̂; dependence on later observations prevents interpreting logged differences as
online alarm latency.

C.2 PAIRED DETECTION AND LOCALIZATION RESULTS

B detects 88 additional failures and adds eight false positives (Table 13). Paired intervals exclude
zero for the 8.60-point Acc@10 gain and 0.08592 NLE reduction on Dev2. The FPR interval in-
cludes zero but does not establish absence of a false-positive cost. B’s 69.0% recall differs from its
49.4% overall Acc@10; conditional Acc@10 is 71.59% after excluding 310 misses. Conditional
scores use different detected subsets and cannot replace the overall metrics.
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Table 13: Paired A/B results on Dev2 (1000 controlled failures, 1000 clean successes). Rates are
percentages; ∆ = B − A uses percentage points except for NLE. Paired 95% intervals describe
the fixed models. Differences are computed before rounding; conditional metrics use each model’s
detected subset.
Metric A B ∆ 95% CI for ∆

Trajectory-level detection
TP / FN 602/398 690/310 – –
FP / TN 122/878 130/870 – –
Recall ↑ 60.20 69.00 +8.80 [+5.00,+12.50]
FPR ↓ 12.20 13.00 +0.80 [−1.90,+3.30]
Precision ↑ 83.15 84.15 +1.00 [−1.88,+4.02]
F1 ↑ 69.84 75.82 +5.99 [+3.24,+8.80]
Balanced accuracy ↑ 74.00 78.00 +4.00 [+1.75,+6.15]

Overall localization: 1000 failures per model
NLE ↓ 0.49932 0.41340 −0.08592 [−0.11974,−0.05386]
Acc@3 ↑ 26.00 36.40 +10.40 [+6.80,+14.30]
Acc@5 ↑ 33.10 41.70 +8.60 [+4.90,+12.60]
Acc@10 ↑ 40.80 49.40 +8.60 [+4.80,+12.60]

Conditional localization: 602 A / 690 B triggers
Conditional Acc@3 ↑ 43.19 52.75 – –
Conditional Acc@5 ↑ 54.98 60.43 – –
Conditional Acc@10 ↑ 67.77 71.59 – –

Table 14: Dev2 results by intervention, with 250 failures per type. Recall and Acc@10 are percent-
ages. NLE and overall localization retain misses according to Eq. (20).

Recall ↑ NLE ↓ Acc@10 ↑
Intervention A B A B A B

Wrong direction 72.4 74.0 0.34376 0.34216 60.4 57.2
Action freezing 51.2 57.2 0.59824 0.57776 32.0 25.6
Premature gripper
opening 62.0 81.6 0.49032 0.25592 41.2 71.2
Action perturbation 55.2 63.2 0.56496 0.47776 29.6 43.6

Table 15: Earlier E7L2-01 rules on 500 controlled failures and 500 clean successes. G1–G4 vary
bank/calibration trajectory counts. FP counts trajectories; Acc@10 and FPR are percentages. A1–
A3 retain their earlier definitions.
Group: bank/calibration Gate TP FP NLE ↓ Acc@10 ↑ FPR ↓
G1: 500/500 A1 283 143 0.54844 38.2 28.6

A2 243 139 0.62460 29.8 27.8
A3 14 14 0.97816 1.2 2.8

G2: 500/1000 A1 277 134 0.56016 36.6 26.8
A2 243 132 0.62284 30.0 26.4
A3 12 6 0.98264 0.8 1.2

G3: 1000/1000 A1 277 134 0.56016 36.6 26.8
A2 236 133 0.63516 28.8 26.6
A3 12 6 0.98264 0.8 1.2

G4: 1000/500 A1 283 143 0.54844 38.2 28.6
A2 235 138 0.63944 28.2 27.6
A3 14 14 0.97916 1.0 2.8
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C.3 FAILURE-TYPE ANALYSIS

B improves recall for all intervention types (Table 14), but Acc@10 gains concentrate in premature
gripper opening (+30.0 points) and action perturbation (+14.0). Acc@10 decreases for wrong direc-
tion (−3.2) and action freezing (−6.4), despite higher recall. Lower penalized error or fewer misses
need not place more onsets inside a particular tolerance. These controlled STACKCUBE comparisons
highlight the importance of evaluating failure detection and onset localization separately across in-
tervention types.

C.4 DEVELOPMENT ANALYSES OF EVIDENCE RULES AND REFERENCE SETS

The reference-set and evidence-rule studies below use the earlier E7L2-01 checkpoint and reuse a
cohort of 500 controlled failures and 500 clean successes. Onset-refinement results on Dev2 are
reported separately for historical E7L2-01 controls and a matched comparison using the fixed final
B checkpoint (Table 17).

Reference scale and earlier gates. A1 uses progress alone; A2 requires current successful-state
support; A3 adds a same-index raw-action anomaly (Table 15). These earlier gates differ from the
current detector and are unrelated to visual A/B. Restrictive conjunction reduces false alarms but
misses almost all failures (G3/A3: 12/500 versus A1: 277/500). Increasing bank/calibration size
does not resolve this behavior under these rules.

Temporal and action controls. With applied-action evidence, S0 requires same-index conjunc-
tion; R0 permits windowed three-type evidence; R1 uses action/support-initiated two-type confir-
mation; R2 also permits progress initiation (Table 16). R1 improves detection/localization at a false-
positive cost; R2 adds 0.6 Acc@10 points and 2.2 FPR points. State conditioning raises Acc@10 at
both W = 5 and W = 7, also increasing FPR. S95 adds near-boundary support; D2 persistence low-
ers its FPR from 15.8% to 13.6% while retaining 60.8% Acc@10. Persistence therefore moderates
false alarms rather than improving every metric.

Table 16: Historical controls on the reused 500-failure/500-clean cohort. W is the confirmation
window, not visual history. TP counts trajectories; FPR and Acc@10 are percentages. Repeated
baselines reuse the same records.
Setting W TP FPR ↓ NLE ↓ Acc@10 ↑
(a) Temporal evidence rules

S0: same-index conjunction – 12 1.0 0.98048 1.4
R0: windowed three-type 5 45 0.8 0.92748 5.4
R1: action/support anchor 5 300 9.8 0.52880 36.0
R2: any evidence anchor 5 312 12.0 0.51252 36.6

(b) Global versus state-conditioned action
Global action 5 300 9.8 0.52880 36.0
State-conditioned action 5 392 12.8 0.33540 57.2
Global action 7 308 10.8 0.50764 38.6
State-conditioned action 7 397 12.8 0.31696 60.2

(c) Weak support with state-conditioned action
S95 5 412 15.8 0.29220 62.2
S95 + D2 5 398 13.6 0.31336 60.8

Onset refinement. Historical E7L2-01 variants C0–C5 retain identical detection outcomes (Ta-
ble 17(a)). The adopted five-step C2 rule lowers NLE from 0.30250 to 0.28402 and raises Acc@10
from 59.8% to 62.9% relative to C0; longer look-backs attain higher point estimates on several met-
rics. For the fixed final B checkpoint (Table 17(b)), C2 lowers NLE from 0.44310 to 0.41340 and
increases Acc@3, Acc@5, and Acc@10 by 7.2, 3.9, and 6.8 percentage points, respectively, while
recall and FPR remain unchanged at 69.0% and 13.0%. These comparisons change only the reported
onset, not detection outcomes or the logged decision index; the gains therefore reflect more accurate
offline localization rather than earlier online alarms.
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Table 17: Onset refinement on StackCube Dev2. (a) Historical E7L2-01 controls: TP/FN/FP/TN
remain 821/179/116/884. qA is the weak-action quantile, L the look-back in steps, and C5 permits
a support precursor. (b) Matched comparison using the fixed final B checkpoint, with detection
outcomes held unchanged. All Acc@k values include all 1000 controlled failures; recall uses these
failures and FPR uses 1000 clean successes. Rates are percentages.
(a) Historical E7L2-01 controls

Variant qA L Support precursor NLE ↓ Acc@3 ↑ Acc@5 ↑ Acc@10 ↑
C0 – 0 No 0.30250 41.1 48.7 59.8
C1 0.975 5 No 0.29090 43.9 51.3 61.7
C2 0.950 5 No 0.28402 46.4 52.4 62.9
C3 0.975 10 No 0.27694 45.8 54.9 65.7
C4 0.950 10 No 0.26926 47.9 55.4 67.3
C5 0.950 10 Yes 0.26822 47.1 55.5 67.6

(b) Fixed final B: effect of onset refinement

Reported onset Recall ↑ FPR ↓ NLE ↓ Acc@3 ↑ Acc@5 ↑ Acc@10 ↑

No refinement (t̂0) 69.0 13.0 0.44310 29.2 37.8 42.6
C2 refinement (t̂) 69.0 13.0 0.41340 36.4 41.7 49.4

C.5 TEMPORAL EVIDENCE AND QUALITATIVE CASES

Evidence coordinates. Figures 8 and 9 show B’s saved evidence for three action-perturbation
rollouts and one clean success, selected post hoc for accurate attribution, offset attribution, a miss,
and a false alarm. Four saved images accompany applied-action deviation, support-distance ratio,
and progress regression. Orange curves are evidence, dashed curves are thresholds, the weak support
boundary is 0.95, and missing indices remain disconnected. For display, action evidence at index t
appears at state t + 1, support at t, and gt at t + 3, the last required future state. Ref., Initial, C2,
and Log D retain the recorded indices of t∗a, t̂0, t̂, and tlogdec. Display coordinates do not reconstruct
online decisions.

D EVENT ANNOTATION AND HUMAN REVIEW

This appendix defines task events and evaluates annotation agreement. Human judgments and
automatic–human timing are distinct from the controlled localization evaluation in Appendix C and
from policy success.

D.1 TASK STAGES AND EVENT DEFINITIONS

Stages describe execution structure; retries describe local departures. Table 18 lists the real-robot
task stages and separate completion criteria. Revisiting a stage does not create a new phase. A
local failure is an observable setback, such as a missed or lost grasp or a disrupted tool–object
relation. Correction onset marks remedial action; recovery re-establishes the relevant relation, not
necessarily final completion. Regrasping a dropped cube can restore the grasp without completing
stacking. Routine adjustment alone is not a retry.

D.2 ANNOTATION PROCEDURE AND VISUAL INTERFACE

Simulation predicates applied to recorded physical states generate stages, retries, and completion
labels, which human review checks against execution. Failure onset, correction onset, recovery,
and the potential-based retry keypoint retain distinct meanings; the labeler stores degradation and
recovery boundaries separately. These physical signals construct supervision, not additional model
inputs (Appendix A.3).

The real-robot workspace combines base/wrist views, sparse event labels, temporal navigation, and
notes (Fig. 10). Labels are confirmed at annotation-grid frames; unmarked frames remain unla-
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StackCube Dev2 / input B saved evidence threshold

(a) Controlled failure: near reference onset

1: state 11 2: state 13 3: state 15 4: state 50
1 2 3 4

Ref. 13
Initial 13
C2 13
Log D 17

Action deviation: standardized RMS, shown at t+1

0
1
2

Support distance / threshold

0
0.75

1.5

Progress change g(t): fraction, shown at t+3

-1
0
1

0 10 20 30 40 50
State index (availability convention)

(b) Controlled failure: displaced onset

1: state 12 2: state 14 3: state 16 4: state 50
1 2 3 4

Ref. 14
Initial 26
C2 25
Log D 27

Action deviation: standardized RMS, shown at t+1

0
1
2

Support distance / threshold

0
0.75

1.5

Progress change g(t): fraction, shown at t+3

-1
0
1

0 10 20 30 40 50
State index (availability convention)

Figure 8: B evidence on action-perturbation rollouts. (a) Initial and refined onsets equal reference
13; Log D is 17. (b) Refinement from 26 to 25 leaves an 11-step error relative to reference 14. Log
D is 27, although confirming progress requires state 30. Orange curves are saved evidence, dashed
curves are thresholds, and gaps denote unavailable evidence. Log D records attribution rather than
measured online alarm time. These post-hoc examples illustrate accurate and offset localization, not
their population frequencies.
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StackCube Dev2 / input B saved evidence threshold

(a) Controlled failure: no trigger

1: state 1 2: state 3 3: state 5 4: state 50
1 2 3 4

Ref. 3
Initial none
C2 none
Log D none

Action deviation: standardized RMS, shown at t+1

0
1
2

Support distance / threshold

0
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1.5

Progress change g(t): fraction, shown at t+3
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State index (availability convention)

(b) Successful execution: false alarm

1: state 18 2: state 20 3: state 22 4: state 50
1 2 3 4

Ref. not defined
Initial 17
C2 17
Log D 17

Action deviation: standardized RMS, shown at t+1

0
1
2

Support distance / threshold

0
0.75

1.5

Progress change g(t): fraction, shown at t+3

-1
0
1

0 10 20 30 40 50
State index (availability convention)

Figure 9: B counterexamples. (a) The reference-3 intervention is missed. (b) A clean success
triggers with initial onset, refined onset, and Log D all 17; confirming progress nevertheless requires
state 20, and no failure reference exists. Zero logged gap is therefore not zero online latency. Mean
logged gaps of 2.397 (A) and 2.230 (B) use different triggered subsets, not matched online timings.
Misses and false alarms remain; natural-failure anchors are candidate risk locations, not causal truth.
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Table 18: Real-robot annotation stages and separate completion criteria. PourWater transfers small
balls between cups.
Task Process stages Completion criterion

StackCube Approach and grasp; transport and align;
stack and release.

The upper cube is stacked, released,
and stable.

PokeCube Acquire the rod; align its tip; push the cube
toward the target.

The cube reaches the target region and
the robot is stationary.

PullCubeTool Acquire the tool; position the hook; pull the
cube.

The cube reaches the designated
retrieval region.

Orange-to-Tray Approach and grasp; transport and align;
place and release.

The released orange remains at the
target location in the tray.

PourWater Acquire the container; position it; pour; finish
the transfer.

At least 90% of the initial small balls
reach the receiving cup.

beled, not implicit negatives. The displayed 10 Hz grid, source-frame indices, timestamps, and
policy-action indices require explicit temporal mapping. For StackCube, the current frame is the
third of a visual three-frame stacking, release, and stability check; other tasks use Table 18. This
observational check is not the simulator’s physical-state predicate or the end-of-execution policy
evaluation criterion.

(a) Dual-view inspection
Base view Wrist view

(b) Sparse event labels (c) Status and success reference

(d) Grid and source correspondence

Figure 10: Real-robot annotation workspace: dual-view inspection, sparse event labels, completion
reference, and grid/source-time mapping. Panels are display crops from one interface screenshot.
Unmarked frames are unlabeled, and the 10 Hz annotation grid is distinct from policy-action indices.
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D.3 AGREEMENT ON RETRY PRESENCE

Two annotators review retry presence on 300 simulated StackCube trajectories and 300 physical
trajectories across five tasks. The unit is a binary trajectory judgment, not an event count. Agreement
uses the two initial labels only when both responses are valid: 260 simulation pairs and 298 physical
pairs. The remaining 40 and two records stay in review totals but not binary agreement; valid
disagreements remain included. Let nuv count responses u, v ∈ {0, 1}, where 1 denotes retry
presence, and Npair =

∑︁
u,v nuv among Nreview reviewed trajectories. We report

Coverage =
Npair

Nreview
, Po =

n11 + n00

Npair
, κ =

Po − Pe

1− Pe
,

Pe =
(n11 + n10)(n11 + n01) + (n01 + n00)(n10 + n00)

N2
pair

.

(21)

Coverage and agreement have different denominators; neither annotator is ground truth. Table 19
summarizes valid-pair coverage and agreement between the two annotators.

Table 19: Two-annotator retry-presence judgments. Coverage uses all reviewed trajectories; con-
tingency counts and agreement use valid binary pairs only (1: present, 0: absent). Missing responses
are excluded, not converted to negatives. Rates are percentages.
Domain Reviewed Valid pairs Excluded Coverage (%)

Simulation 300 260 40 86.67
Real robot 300 298 2 99.33

Domain n11 n10 n01 n00 Po (%) κ

Simulation 150 35 42 33 70.38 0.2580
Real robot 294 1 1 2 99.33 0.6633

Simulation labels agree on 183/260 trajectories, with 77 disagreements, Po = 70.38%, and κ =
0.2580, indicating substantial ambiguity in visual retry judgments. Physical labels agree on 296/298,
with Po = 99.33% and κ = 0.6633, but each annotator labels 295/298 as retry-present and only two
receive two negative labels. High physical agreement therefore provides little evidence about retry-
absent judgments. Different tasks, observations, and class proportions make the domain contrast
descriptive rather than a controlled modality comparison.

D.4 TEMPORAL CORRESPONDENCE WITH HUMAN REFERENCES

For StackCube, we compare automatic and human stage anchors, local failure onsets, recovery
points, and completion confirmations. Each category c uses Mc corresponding annotation pairs on
the same simulation-step axis:

TAc(k) =
1

Mc

Mc∑︂
j=1

1[|tautoc,j − thuman
c,j | ≤ k], k ∈ {2, 10}. (22)

Counts refer to paired events, not independent trajectories or autonomous event-detection recall.

Table 20: StackCube automatic–human temporal correspondence. M counts paired annotations
and Qk counts those within k simulation steps; TA(k) = 100Qk/M . Human, automatic, and paired
counts coincide within each reported category.
Annotation type M Q2 TA(2) (%) Q10 TA(10) (%)

Stage anchor 400 310 77.50 395 98.75
Local failure onset 126 94 74.60 123 97.62
Recovery point 122 90 73.77 120 98.36
Completion confirmation 146 127 86.99 145 99.32
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Table 20 shows agreement rates of 73.77%–86.99% within two steps and 97.62%–99.32% within
ten steps. Completion has the highest two-step agreement; failure and recovery boundaries vary
more. Coarse agreement does not establish precise alignment, and aggregate counts do not identify
discrepancy causes. Human–human presence agreement, automatic–human timing, and controlled
failure localization answer different questions. None establishes a unique causal onset for natural
failures.

E RISK-GUIDED REWEIGHTING AND POLICY LEARNING

Following the localization and annotation analyses in Appendices C and D, we examine how risk
evidence shapes learning from successful demonstrations. Appendices E.1–E.4 analyze StackCube
weight distributions, risk sources, and demonstration composition under the original seed-42 policy-
training protocol. Appendix E.5 extends the analysis to three-seed downstream ablations across
seven policy–task settings.

E.1 DATA SOURCES AND REWEIGHTING PROTOCOL

Data sources. The motion-planning Expert300 contains 300 successful trajectories and 31,707
valid action-supervision rows. Natural mix denotes this unstratified demonstration collection, not
the natural-failure pool. Auxiliary retries provide 1000 pre-error anchors from 729 trajectories; 352
of 489 natural failures yield confirmed anchors, and 137 yield none (Table 21). Only Expert300
supplies policy action targets.

Table 21: StackCube Expert300 and auxiliary risk sources. Trajectories, policy-training rows, and
risk anchors are different units; only Expert300 supplies action targets.
Source Trajectories Contribution

Original Expert300 300 31,707 valid action-supervision rows.
Successful retries 729 1000 event-specific pre-error risk anchors.
Natural failures 489 352 confirmed anchors; 137 untriggered rollouts.

Weights and loss. The frozen update-1000 B model uses render-camera 512 × 512/H8. Each
risk source independently returns one nearest same-task, same-stage anchor by cosine distance, then
applies δz = δu = 0.15; a rejected anchor is not replaced. Advancement uses t+i = min(ti+10, Ti),
δV = 0.12, and β = 1, yielding weights in [1, 2] through Eqs. (14)–(16). V0 uses unit weights, V1
retry risk, V2 natural-failure risk, and V3 their maximum before the shared advancement gate. All
rows remain, including 2700 short terminal chunks; padding adds no physical transitions. Loss
reduction follows Appendix A.5: the 10× 32 residual is averaged per row and the weighted ratio is
computed over the full logical batch, preserving targets, normalization, and sampling probabilities.

E.2 DISTRIBUTION OF TRAINING EMPHASIS

Candidate availability, match acceptance, and enhancement (wi > 1) are distinct. A boundary
match can have zero risk, and nonpositive advancement suppresses enhancement. Table 22 uses
all 31,707 rows. V1/V2/V3 enhance 8634/15,485/16,177 rows; their unit-weight fractions are
72.77%/51.16%/48.98%.

Figure 11 retains the masses at w = 1. Because the gate is shared, wV3
i = max(wV1

i , wV2
i ); the

cumulative-distribution ordering follows the fusion rule, not policy superiority. The ten largest an-
chors contribute 66.06%, 37.50%, and 31.69% of extra weight for V1/V2/V3. V3 attributes extra
weight to the larger-risk source and splits positive exact ties equally. These statistics describe em-
phasis, not individual anchor effectiveness.

Matching and advancement examples. Three post-hoc rows from one expert trajectory illustrate
distinct cases. At row 3, accepted natural risk 0.1550 and qi = 0.2985 yield wV3

i = 1.0463. At
row 19, an accepted natural match but ∆Vi = −0.06757 gives unit weight. At row 0, advancement
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Table 22: Offline statistics over all 31,707 Expert300 rows. V3 availability/acceptance requires
either source to qualify. Top-10 share is the fraction of extra weight

∑︁
i(wi−1) attributed to the ten

largest anchors, not normalized loss share.
Statistic V1: Retry V2: Natural V3: Combined

Candidate coverage (%) 100.00 99.00 100.00
Accepted matches (%) 46.90 76.95 80.69
Enhanced rows, w > 1 (%) 27.23 48.84 51.02
Mean raw weight 1.0477 1.1008 1.1116
95th-percentile raw weight 1.3232 1.5136 1.5383
Maximum raw weight 1.8444 1.8669 1.8669
Top-10 anchor extra-weight share (%) 66.06 37.50 31.69

Original StackCube Expert300
Empirical CDF · all 31,707 valid training rows

Rows with weight ≤ w (%)

0

25

50

75

100

1.0 1.2 1.4 1.6 1.8 2.0

V1  Retry only

V2  Natural only

V3  Combined max

Raw training weight, w

Figure 11: Empirical raw-weight distributions over all 31,707 Expert300 rows, including unit
weights. V1 uses retries, V2 natural failures, and V3 their maximum before the shared advancement
gate. Saved weights are shown without smoothing or distribution fitting.

is positive but both candidates are rejected, also giving unit weight. These are the first examples of
each condition in training-row order, not policy evaluations.

E.3 RISK-SOURCE ABLATION

V0–V3 fix Expert300 and start independently from pi05 base, using seed 42, global batch 32,
and 30,000 updates. Final checkpoints share 200 evaluation seeds, a 250-step horizon, and ten-
action chunks. Table 23(a) varies only risk sources; (b) compares V0/V3 on each composition. All
differences are relative to the V0 trained on the same dataset.

V3 and V0 tie at 96.0% under both criteria. Retry-only is four points lower and natural-only 0.5
points lower. Combined risk avoids these aggregate reductions but does not exceed uniform training
on Expert300; broader enhancement coverage is not itself a policy gain.

Variant selection. An earlier, separate development study favored V2. The Expert300 comparison
in Table 23(a) subsequently informed the choice of V3 for later experiments and is reported here as
a variant-selection analysis.
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Table 23: StackCube risk sources and demonstration composition. (a) Original Expert300; (b)
controlled compositions with Natural mix as a separate reference. Entries are successes/200 with
percentages in parentheses; gains are relative to each dataset’s V0. Natural mix is unstratified and
differs in collection source, not a fourth controlled retry ratio.
(a) Original Expert300: risk-source ablation

Variant Risk source Once Stable@3 ∆once (pp) ∆stable (pp)

V0 None 192 (96.0) 192 (96.0) 0.0 0.0
V1 Retry 184 (92.0) 184 (92.0) −4.0 −4.0
V2 Natural 191 (95.5) 191 (95.5) −0.5 −0.5
V3 Combined 192 (96.0) 192 (96.0) 0.0 0.0

(b) Demonstration composition and original-data reference

Dataset Variant Clean/retry Once Stable@3
∆once

(pp)
∆stable

(pp)

G00 V0 300/0 194 (97.0) 192 (96.0) 0.0 0.0
G00 V3 300/0 193 (96.5) 192 (96.0) −0.5 0.0

G25 V0 225/75 190 (95.0) 187 (93.5) 0.0 0.0
G25 V3 225/75 191 (95.5) 190 (95.0) +0.5 +1.5

G50 V0 150/150 180 (90.0) 179 (89.5) 0.0 0.0
G50 V3 150/150 190 (95.0) 185 (92.5) +5.0 +3.0

Natural mix V0 Unstratified 192 (96.0) 192 (96.0) 0.0 0.0
Natural mix V3 Unstratified 192 (96.0) 192 (96.0) 0.0 0.0

E.4 DEMONSTRATION-COMPOSITION ANALYSIS

Composition datasets. G00/G25/G50 contain 0%/25%/50% retry-success trajectories. Each has
300 successes collected with the same frozen V0 policy and retains all 250 actions per trajectory,
giving 75,000 rows. Across datasets there are 450 unique trajectories: adjacent mixtures share
225 each, and G00/G50 share 150. Within each dataset, V0/V3 share membership, normalization,
initialization protocol, and budget, but train independently. The progress model and external risk
pools remain fixed; weights are recomputed for each dataset’s rows. G00 excludes retries from
policy demonstrations, not from the auxiliary risk pool. Natural mix has a different collection source
and remains outside the ordered composition comparison.

Results and interpretation. Stable Success@3 gains over matched V0 are 0.0, 1.5, and 3.0 points
for G00/G25/G50 (Table 23(b)); the latter two correspond to three and six additional stable episodes.
Success-once gains are −0.5, +0.5, and +5.0 points. The pattern suggests greater relative bene-
fit when successful demonstrations contain more retries, but absolute stable success falls for both
methods as the retry fraction rises. Reweighting partially offsets that decline; it does not show that
adding retries improves demonstration quality. G50-V3 reaches success-once in 190 episodes but
stable success in 185, preserving the metrics’ distinction.

Relation to the main evaluation. Table 1 retains each task’s original 300 demonstrations, without
selecting a retry ratio from this analysis. The StackCube π0.5 pair uses the Natural mix corpus and
averages training seeds {42, 43, 44}; the composition comparisons in this subsection retain their
original seed-42 protocol.

E.5 DOWNSTREAM RISK-SOURCE AND COMPONENT ABLATIONS

Protocol. We evaluate seven policy–task settings spanning five tasks and three policy families
(Table 24). Within each setting, variants use the same 300 policy demonstrations, initialization pro-
tocol, learner-specific budget, and evaluation seeds as Table 1. BC/DP use training seeds {0, 1, 2};
π0.5 uses {42, 43, 44}. Each final model is evaluated for 200 episodes with a 250-step horizon. The
baseline and full-RAISE results are reused from Table 1.
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Variants. V1 and V2 retain the full progress model and advancement gate but use retry or natural-
failure risk alone. The no-retry-supervision variant uses the matched B input configuration with
λretry = 0 and recomputes the dependent references, calibration statistics, and weights. The
progress-only variant retains the full progress model but replaces multi-evidence failure localiza-
tion with a progress-only rule. The no-advancement-gate variant retains the same anchors and risk
matches and sets qi = 1. All three component ablations use both risk sources; policies are trained
independently using the resulting fixed weights.

Table 24: Downstream ablations: Stable Success@3 (%), averaged over three training seeds with
200 episodes per seed and setting. Avg. equally weights the seven policy–task settings, not the five
distinct tasks or the ten tasks in Table 1. ∆ is the mean change from V0 in percentage points. Means
and differences are computed before rounding.

Configuration
BC

Stack
DP

Stack
BC
Lift

DP
Lift

π0.5

Poke
π0.5

Tool
π0.5

Apple Avg.
∆

(pp)

Uniform (V0) 0.0 39.2 61.2 24.7 44.0 38.0 53.5 37.2 0.0
Retry risk only (V1) 0.0 34.8 55.7 18.2 40.2 31.5 46.7 32.4 −4.8

Natural-failure risk only (V2) 8.8 43.8 65.3 32.2 49.3 43.2 60.8 43.4 +6.1

No retry supervision 5.7 42.7 58.5 29.2 47.2 41.5 57.2 40.3 +3.0

Progress-only localization 0.0 36.7 58.2 21.5 42.3 35.7 49.2 34.8 −2.4

No advancement gate 9.8 47.5 68.2 36.2 52.8 44.7 62.2 45.9 +8.7

Full RAISE (V3) 13.7 49.5 71.2 41.7 56.2 49.2 64.5 49.4 +12.2

Stack, Lift, Poke, Tool, and Apple denote StackCube, LiftPegUpright, PokeCube, PullCubeTool, and PlaceAp-
ple.

Results. Full RAISE achieves the highest mean success in each of the seven settings, increasing
the aggregate from 37.2% to 49.4% (+12.2 pp). Retry-only weighting lowers the aggregate, whereas
natural-failure risk alone improves it but remains 6.0 points below combined risk. Removing retry
supervision, replacing multi-evidence localization, and removing the advancement gate reduce the
aggregate by 9.1, 14.6, and 3.5 points, respectively. The latter still improves over V0, indicating
that advancement gating adds to, rather than fully accounts for, the reweighting benefit. These
comparisons support the downstream contribution of the tested designs; they do not establish per-
setting statistical significance or universal necessity.

F ADDITIONAL MANISKILL BENCHMARK COMPARISONS

Building on the risk-source and demonstration-composition analyses in Appendix E, we place the
fixed GTP-FA-π0.5 baseline and its RAISE variant alongside published results on shared ManiSkill
tasks. The within-system pair evaluates the incremental effect of reweighting; cross-study compar-
isons provide context under different resources and evaluation protocols.

F.1 COMPARISON SCOPE AND REPORTING

Our rows reuse Table 1: three seeds {42, 43, 44}, 200 episodes per task/model, and environment
seeds 400005010--400005209. The paired grasp front-end, supervision, and adaptation set-
tings are fixed. Our metric is Stable Success@3; published rows retain source-defined rates without
conversion. Task means weight displayed tasks equally and gains are computed before rounding. No
uncertainty is inferred from rounded published percentages. The three-task table reuses the four-task
subset rather than adding an experiment. Differences in pretraining, demonstrations, controllers, and
evaluation preclude equal-resource rankings or attributing cross-study gaps to RAISE.

F.2 FOUR-TASK COMPARISON WITH THE RDT RELEASE

The RDT release uses 250 trials per method in ten groups of 25 (Liu et al., 2024). Table 25 excludes
PlugCharger from its five tasks and recomputes the shared-task means. Our paired gain is +8.42
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points, mainly from picking and insertion; their absolute stable-success rates remain 45.0% and
29.2%. RDT’s published picking rate is higher, under a different protocol.

Table 25: Four shared ManiSkill tasks from the RDT release. Peg/Pick/Stack/Push denote PegInser-
tionSide/PickCube/StackCube/PushCube. Published rows retain source metrics; ours use three-seed
Stable Success@3 (200 episodes/task/seed). Avg. covers these four tasks; ∆ is within our fixed
GTP-FA pair. Means and gains are rounded after aggregation.
Method Peg Pick Stack Push Avg.

Published reference results: official RDT release

RDT 13.2 77.2 74.0 100.0 66.10
OpenVLA 0.0 8.0 8.0 8.0 6.00
Octo 0.0 0.0 0.0 0.0 0.00
Diffusion Policy 0.0 40.0 80.0 88.0 52.00

Our evaluation: Stable Success@3, 3 seeds × 200 episodes/task

GTP-FA-π0.5 16.2 26.2 97.2 94.5 58.50
RAISE (GTP-FA-π0.5) 29.2 45.0 98.2 95.3 66.92
∆ (pp) +13.0 +18.8 +1.0 +0.8 +8.42

F.3 THREE-TASK COMPARISON WITH PHYSGEN

Table 26 retains the rates and rounded averages from Song et al. (2026). PhysGen uses 1000 demon-
strations and 125 rollouts per task; its comparison includes published and reproduced baselines.
Our three-task mean rises from 72.61% to 79.50% (+6.89 pp), mostly through PickCube. The four-
task view additionally includes insertion, so the two means summarize different task subsets, not
inconsistent model measurements. Aggregate gains do not establish per-task significance or isolate
individual risk components.

Table 26: PhysGen’s three-task reference rates and rounded means. Our rows reuse the correspond-
ing Table 25 results, not new PhysGen-protocol evaluations. Published metrics are unchanged; ours
use three-seed Stable Success@3. ∆ is the within-pair gain (pp).
Method PushCube PickCube StackCube Avg.

Published reference results: PhysGen Table 2

ACT 76 20 30 42
BC-T 98 4 14 39
Diffusion Policy 88 40 80 69
ICRT 77 78 30 62
RDT 100 77 74 84
π0 100 60 48 69
PhysGen 100 73 48 74

Our evaluation: Stable Success@3, 3 seeds × 200 episodes/task

GTP-FA-π0.5 94.5 26.2 97.2 72.61
RAISE (GTP-FA-π0.5) 95.3 45.0 98.2 79.50
∆ (pp) +0.8 +18.8 +1.0 +6.89

G TASK ILLUSTRATIONS AND EXECUTION EXAMPLES

Complementing the policy analyses in Appendices E and F, this appendix provides visual context for
task settings and recorded executions. Simulation scenes, real-robot GTP-FA+RAISE sequences,
and recorded baseline outcomes retain their distinct sources. These examples illustrate execution
structure rather than provide additional performance estimates.
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G.1 SIMULATION TASK OVERVIEW

Figure 12 shows the ten task scenes and goals. Seven panels use task-animation frames; PegInser-
tionSide, PlaceApple, and TransportBox use expert-rollout base-camera observations. The gallery
is not a common policy-evaluation cohort and does not specify training resolution or demonstrate
learned-policy success.

StackCube

Stack the cubes

PushCube

Push to the target

PullCube

Pull to the target

PickCube

Pick up the cube

LiftPegUpright

Lift the peg upright

PokeCube

Poke with a tool

PullCubeTool

Pull with a tool

PegInsertionSide

Insert the peg

PlaceApple

Place the apple

TransportBox

Carry the box

Figure 12: Ten simulation tasks and goals. Task animations supply seven panels; PegInsertionSide,
PlaceApple, and TransportBox use expert base-camera observations. Scenes illustrate settings, not
a common policy-evaluation cohort.

G.2 REAL-ROBOT EXECUTION SEQUENCES

Figures 13 and 14 illustrate the fixed grasp-conditioned π0.5 system with RAISE applied to down-
stream training. Each task shows four chronological moments from one video; full views retain
geometry and fixed same-frame crops expose object and gripper details. Crops are display aids,
not extra views or policy inputs. Timestamps refer to video presentation, not synchronized action
indices or control latency. Column headings describe presentation, not predicted stages or anno-
tated event boundaries. PourWater transfers small balls; its 90% completion criterion is not inferred
from sparse frames. These are illustrative sequences, not paired baseline–RAISE trials, success-rate
estimates, or independent Stable Success@3 checks.

G.3 RECORDED BASELINE SUCCESS AND FAILURE

Figure 15 retains two G00 V0 executions: seed-42 training on 300 clean successes, final update
30,000, and a 250-step horizon. The upper example fails both metrics; the lower satisfies both.
Labels come from complete evaluation records, not selected frames; the intermediate states do not
identify failure onset or first success. Different initialization seeds make these independent exam-
ples, not a V0–RAISE pair or new evaluations. They illustrate baseline variability without attributing
its cause to reweighting.
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Top: full frame. Bottom: same-frame detail. Time: video presentation.

Orange-to-Tray  | GTP-FA+RAISE
Initial
0.00 s

Preparation
12.93 s

Interaction
25.87 s

Late observation
35.40 s

StackCube  | GTP-FA+RAISE
Initial
0.00 s

Preparation
24.67 s

Interaction
37.03 s

Late observation
98.77 s

PokeCube  |  GTP-FA+RAISE
Initial
0.00 s

Preparation
13.97 s

Interaction
34.63 s

Late observation
38.30 s

Figure 13: GTP-FA+RAISE on Orange-to-Tray, StackCube, and PokeCube. Each task shows four
chronological video moments: full view above, fixed same-frame detail below. Times are video-
presentation timestamps; headings are descriptive, not predicted stages.
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Top: full frame. Bottom: same-frame detail. Time: video presentation.

PullCubeTool  |  GTP-FA+RAISE
Initial
0.00 s

Preparation
15.03 s

Interaction
52.67 s

Late observation
61.77 s

PourWater  |  GTP-FA+RAISE
Initial
0.00 s

Preparation
23.13 s

Interaction
32.40 s

Late observation
38.00 s

Figure 14: GTP-FA+RAISE on PullCubeTool and PourWater (small-ball transfer). Views and
timestamps follow Fig. 13.

Independent V0 executions  |  G00 composition experiment
Different initialization seeds; outcome labels from saved evaluation records.

Recorded failure
State 0 State 125 State 250

Recorded Stable Success@3
State 0 State 90 State 250

Figure 15: G00 V0 examples: failure (top) and stable success (bottom). Complete records deter-
mine outcomes; initializations differ.
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