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ABSTRACT

Recent world action models draw on video generation priors to jointly predict
future observations and robot actions. Adapting these priors to control requires
determining how future predictions should guide policy learning. RAP-WAM com-
bines predictive Rehearsal and Action Perturbations (RAP) with future-supervised
queries and Coupled Action Projection for policy learning. Predictive rehearsal
trains on model-generated inputs while retaining recorded targets, and accumulates
recurring errors into a spatial prior. We perturb actions and measure changes in
video predictions. Action-response-based spatiotemporal credit assignment com-
bines these responses, prediction error, and the rehearsal prior to allocate visual
supervision; spatially aggregating the responses determines supervision intensity
across future action steps. No separate scoring network or deployment-time probe
is required. The base learns from a video-pretrained backbone without interme-
diate pretraining on external embodied data. We evaluate the fixed base and its
agent-refined, task-conditioned system. On 42 RoboDojo tasks, their average
success rates are 12.85% and 15.62%, with Scores of 17.86 and 20.59. Across 15
real-robot tasks, the complete system achieves 89.00% task-macro-average success,
exceeding the strongest of five baselines by 37.67 percentage points. Across 315
fixed-output simulation windows, 45.21% of response-top20 positions fall outside
error-top20, revealing information beyond prediction error.

1 INTRODUCTION

Generative robot policies combine visual representations with continuous action generation, as
exemplified by Diffusion Policy and 7y (Chi et al., 2025} Black et al.| 2024)). The 7 series has since
advanced toward open-world generalization in 7 5 (Physical Intelligence et al.,|2025) and multimodal
steerability and compositional task generalization in 7 7 (Intelligence et al., 2026)). World action
models additionally predict future observations: UWM couples video and action diffusion (Zhu et al.|
2025)); DreamZero builds on pretrained video diffusion (Ye et al., 2026b); X-WAM incorporates
multi-view RGB-D prediction and asynchronous denoising (Guo et al., 2026).

OpenWAM studies backbone inheritance, world action interaction, and embodied-pretraining scale
(Wang et al.,[2026). We focus on adapting video priors directly to target-task demonstrations: which
visual locations and future action steps should receive additional training emphasis? Earlier work
offers complementary perspectives. Prioritized replay changes how frequently experience transitions
are reused (Schaul et al.,[2016), while value-aware model learning incorporates decision structure
into prediction losses (Farahmand et al.,|2017). These motivate distinguishing prediction accuracy
from policy relevance; allocating supervision across visual locations and future action steps in joint
video—action models remains an open problem.

We introduce RAP-WAM, coupling predictive rehearsal with action perturbations to guide repre-
sentations and supervision. Its central signal is the video prediction’s response to perturbations of
the model’s action input. Prediction error measures target mismatch, whereas this response reveals
which visual locations and future times depend more strongly on the action representation. Com-
bining them distinguishes prediction difficulty from action dependence, providing a shared basis
for prioritizing visual and action prediction.
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The framework couples three designs. Recorded future observations supervise predictive queries,
giving action generation access to future-oriented features. Predictive rehearsal conditions subsequent
demonstration segments on model-predicted observations while retaining recorded targets (Huang
et al.,[2025} [Bengio et al.} 2015), and accumulates recurring errors into a spatial prior. The credit
mechanism integrates this prior with current error and action response: spatial maps guide visual
supervision, while spatially pooled response weights future action steps. Together, these designs
turn existing demonstrations into representation targets, rehearsed inputs, and adaptive supervision
without extra region annotations or a separate scoring network.

Our contributions are as follows:

* We develop RAP-WAM to adapt video priors through future-supervised action representations and
predictive rehearsal: recorded futures shape action-generating features, while rehearsal exposes
the policy to observations affected by its own prediction errors.

* We design an action-response-driven spatiotemporal credit mechanism: action response, current
prediction error, and a historical error prior guide visual supervision, while spatially pooling the
same response allocates supervision across future action steps.

* We integrate execution-guided post-training with task-specific policy retention, using evaluation
feedback to refine demonstration sampling and preserve complementary specializations.

2 RELATED WORK

Generative control and world action models. Beyond the action and world action formulations
introduced above, UniPi derives actions from video plans through inverse dynamics (Du et al.|
2023). Motus and MotuBrain use multimodal expert architectures (Bi et al., [2026; MotuBrain
Team et al.,[2026). GigaWorld-Policy emphasizes action-centered joint learning (Ye et al.| [2026a));
AHA-WAM uses asynchronous video planning (Cai et al., 2026), while Fast-WAM retains video
co-training without test-time future imagination (Yuan et al., 2026). Our focus is how existing
target demonstrations supervise a joint policy. Further context on action interfaces and adaptive
supervision appears in Appendix [I|

Post-training for embodied policies. RECAP improves 7 ¢ into 7; ¢ through reinforcement
learning from demonstrations, autonomous experience, and expert corrections (Intelligence et al.,
20235)). SIME selects interaction segments (Jin et al.,|2025); RISE optimizes policies through imagined
outcomes (Yang et al.|2026a). ENPIRE supports agent-directed experiments (Xiao et al.l[2026)), while
ASPIRE retains validated program repairs (Lu et al.,|2026). Our agent instead guides world action
policy training on existing demonstrations; response-based credit allocates supervision, and evaluation
retains complementary task specialists. The reported gains concern this combined procedure.

3 RAP-WAM: PREDICTIVE REHEARSAL AND ACTION PERTURBATIONS

Figure [T] summarizes RAP-WAM: a future-supervised action interface, predictive rehearsal, and
response-weighted supervision on target-task demonstrations. We separately evaluate post-training
and task-specific selection, with full protocols in the appendix.

3.1 A FUTURE-SUPERVISED ACTION INTERFACE

A shared video—action predictor does not automatically give its action features an explicit repre-
sentation of the future. We introduce a future-supervised interface within that predictor; standard
conditioning and flow matching (Lipman et al., 2023)) are described in Appendix [C.I] Recent in-
terfaces supervise observed geometry (Li et al., [2026) or latent foresight (Ma et al., [2026); ours
aligns queries to recorded future video latents. We append K learned query tokens () to video
V, noisy-action A, and observed-state S tokens, forming [V, A, S, Q]. Video tokens contain the
observed prefix and noisy future latents. Let z be recorded-future latents and hy the final transformer
representation of query k. The alignment target is

K
1
ri = sg[P; Poolg(2)k] , Lalign = Ve E [1 — cos(Pghg,x))- )
k=1
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Figure 1: Predictive learning and agent-guided policy refinement. a, future latents supervise
query alignment during training. CAP predicts action flow-matching velocity vg; denoising and

unnormalization yield action chunk A. b, rehearsal updates spatial prior P. The matched probe
produces video-denoising velocity predictions v and v under original and perturbed action inputs,
sharing model, condition, video noise, and diffusion level. A denotes channel-mean squared dis-
crepancy: S compares vt with v, and E compares v with flow-matching target v¥. Spatial weights
combine separately normalized sources, W = 1 + N (P) + N (S) + 0.5N(E). Temporal weights
use 1 + N (meany,, S), repeated over action steps. Weight construction is detached. ¢, the agent
proposes post-training interventions. Evaluation retains improvements by task; other tasks keep their
policies. Accepted and rejected outcomes inform subsequent rounds. Each task selects one complete
policy. Scenes and fields are schematic.

Here P;, P, project targets and queries to a common 128-dimensional space; sg stops gradients. We
pool z onto a time-height-width grid G = (1,4, 4), yielding K = 16 targets. Alignment updates
P, and query representations, while P; remains fixed. Learned query embeddings initialize @) at
each forward with action-side noise conditioning; recorded futures are needed only for training
supervision. The base objective is

‘CO =L, +Lg+ )\q‘calign7 2
where L., L, are mean-squared errors against video and action flow-matching targets; we set the
alignment coefficient A\, = 0.1. To encourage actions to use the future-supervised query features, we
make attention connectivity directional. Within each block, we remove direct reads from action-token
query rows to video-token key columns. For their index sets A, V,

—00, 1€A, jEV
M — ) ) )
” { 0, otherwise.

The mask is added to attention logits. Action rows can read action, state, and predictive-query
keys, but not video keys. Video rows can still read action keys, preserving the action-to-video path
required by the response probe. State-mediated visual information remains accessible, so queries
are not the sole visual pathway. GigaWorld-Policy also restricts future-video-to-action reads (Ye
et al.,|2026a). Coupled Action Projection (CAP) maps final action-token features h,, to the action
flow-matching velocity vg. A compact MLP H, and a time-modulated head H, predict the same
velocity target through their sum:
vg = He(ha) + Hy(has€5), 4

H.(h) = Wy GELU(W; LN(h) + b1) + bs. @)
Here H, is the sequence head conditioned on the noise-level embedding e, ; H. uses a hidden width
one quarter of the trunk width. Zero-initializing W5, b2 adds this path without initially changing the
sequence-head output. Both branches learn through their sum against the same action-flow target,
not separate coarse/fine labels. The MLP has no separate noise-level input, although h, already
depends on that noise level. The added capacity therefore changes the action projection without
introducing a second policy or task router.

3



RAP-WAM.: Predictive Rehearsal and Action Perturbations

3.2 REHEARSAL UNDER PREDICTED INPUTS

Training uses recorded images and joint states; deployment instead supplies observations affected
by the robot’s preceding actions (Ross et al.l 2011). Scheduled sampling (Bengio et al., [2015)
and Self Forcing (Huang et al.||2025)) motivate exposing sequence models to their own predictions.
For two adjacent demonstration chunks, we generate the first chunk’s future video and actions
without gradients and replace the second chunk’s initial observation with the last predicted frame.
Scheduled state substitution optionally replaces its initial state with the last predicted absolute-joint
action, first unnormalized as an action and then normalized as a state. The predicted image and
recorded second-chunk future frames are jointly VAE-encoded; recorded actions remain the targets.
Their video/action flow losses form £, without an extra query-alignment loss. This rehearsal
trains on predicted inputs while retaining recorded supervision; its schedules are in Appendix
An initially zero spatial prior P accumulates the resulting prediction errors across updates. We
average detached second-chunk video errors over channels, batch and future time, pool them onto
a gp x gp grid to obtain €™, and update

P« pP + (1 — p)ell. 5)

We use grid width gp = 14 and decay p = 0.9. The first valid error map initializes P directly; later
updates use the moving average above. Before weighting the video loss, we resize P to the future-
latent spatial grid and repeat it across future latent times. The predicted joint action approximates the
next state, without simulator interaction or new corrective labels. Unlike DAgger, this does not relabel
visited states with an expert (Ross et al., [2011); it also differs from imagined-return optimization
in RISE (Yang et al., [2026a)). The prior records where rehearsal predictions have repeatedly been
inaccurate. The next step measures which predictions also depend on the action input.

3.3 RESPONSE-DERIVED SPATIOTEMPORAL CREDIT

Prioritized replay and focal loss allocate learning emphasis using error signals (Schaul et al., | 2016; Lin
et al.;2017). Our credit mechanism adds action-conditioned response and shares it across visual and
action supervision. response-based credit compares two forwards of the same recorded demonstration.
We draw fresh, independent noise for its future latents and actions at a shared noise level, retaining
the recorded conditioning inputs, and compute a reference prediction with gradients. A second
forward uses the same model, condition, video noise, and noise level but adds § ~ N (0, 2] ) to the
normalized noisy actions; this forward has no gradients. At future spatiotemporal position ¢, let v;, v;r
denote the reference and perturbed video velocities with C' channels. The target is v} ; = €, ; — 2i,
where z; is the clean recorded-future latent and €, ; ~ N(0, I is its sampled noise, consistent with
2o = (1 — 0)z + oe,. Here i indexes a future spatiotemporal location and * denotes the supervision
target. Holding these predictions constant for coefficient construction gives

2. (6)

1 1
Si= Zlof —sew)l?, & = Zlsew) — o2,

We set the perturbation scale 7 = 0.1. £ measures squared prediction error; S measures squared
change after the action perturbation. These are changes in model outputs, not measured physical
effects of executed actions (Appendices [C.2HC.3). For each future visual position, we normalize the
prior P, response S, and error & separately, then combine them into a video-loss weight. Here NV is
per-sample min—max normalization over future time and spatial positions, with denominator floor €,,:

W; =1+ apN(P); + asN(S); + agN(E);. @)

The coefficients are nonnegative; we set ap = ag = 1, ag = 0.5, and €, = 1076, The unit floor
gives every location a nonzero loss coefficient, capped at 3.5 with these settings. To weight ac-
tion steps, we first average the raw response over spatial positions, then normalize these means
across future time:

ct = 1+ asNiy(meany, S);,  w; = c|j/r), R=[Ha/T]. 8)

Here H, is the action-chunk length, 7" the number of future latent steps, and A; min—-max normaliza-
tion over those T steps within each sample. Using zero-based indices, each coefficient is repeated R
times and truncated to H, actions; the reported 1" = 4, H, = 16 setting assigns one coefficient to
four consecutive actions. This branch uses the raw response before spatial min—-max normalization.
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The prior is constant along time, so its normalized temporal contribution is zero; £ does not enter
this branch. Hence 1 < w; < 1+ «ag. Visual and action prediction share one response source,
with separate spatial and temporal weighting. Action coefficients depend on normalized differences
between future-step spatial means, not on the locations of individual response peaks.

We apply these weights to video and action prediction errors. Let ¢ enumerate all future video
locations across the batch and j all action steps across the batch. At current parameters 6, normalize
the detached loss coefficients as g7 = W;/ >, Wy and ¢} = w;/ ), we. For channel-mean video
errors e and action-dimension-mean errors e}, the auxiliary objective is

Lp(0:0) =rp(k) |A: 3 ai(0)ei(0) + X0 345 (0)e5(0)] ©)

where k counts training updates, Wp is the credit warmup length, and rp(k) = min(1, k/Wp);
we set A, = 0.5 and A, = 0.3. The full update uses L = Lo + bAere(k)L1 + bpLp, with
b. ~ Bernoulli(p.(k)) and bp ~ Bernoulli(pp). Here r.(k), p.(k) are the rehearsal warmup and
invocation schedules (Appendix[C.I); A, = 1 and pp = 0.5. The video error e} equals £ numerically
but retains gradients. Both video and action errors reuse the reference forward. Weight construction is
detached, so backpropagation updates the predictor through these errors only; no additional forward
is needed for this auxiliary loss. Unlike importance sampling with corrective weights (Katharopoulos
& Fleuret, |2018)), this deliberately changes the auxiliary loss emphasis. Positive, bounded coefficients
retain every target while regulating relative emphasis, not gradient norms or capability preservation
(Appendix [C.4). No separate region-scoring network or reward head is needed.

The base objective supervises predictions and query features, rehearsal substitutes predicted images
and states, and credit scales individual loss terms. At deployment, the queries, directional mask,
and CAP remain active during joint video-latent/action denoising. We return unnormalized actions
without decoding future RGB; neither rehearsal nor credit estimation is invoked. Architecture and
sampling details are given in Appendix [C.1}

3.4 POST-TRAINING AND TASK-SPECIFIC POLICY SELECTION

We evaluate the fixed RAP-WAM base and a refined system separately. The latter extends the learner
with an experiment state X,. = (B,, g,-, H): available policies, task assignments, and intervention
history. The initial repertoire contains the base. Following execution-feedback approaches (Xiao
et al., |2026} |Lu et al.| 2026), task evaluation informs subsequent training; accepted specialists remain
available rather than replacing the base on every task.

From evidence to a training intervention. At round r, the agent receives task outcomes, exe-
cution evidence, and available diagnostics, denoted F,. Together with history H,, these specify
an intervention w,.: the parent checkpoint, target behaviors, demonstration allocation, and trainable
parameter set. Here A is the agent, 7, the selected parent policy, D, the resampled demonstration
windows, and Urap the training operator producing candidate 7;F:

Uy = -A(]:ra Hr)v 771J~r = URraP (7Tr7 Dy; U'r')- (10)

Agent-guided refinement yields multiple task specializations with only a few thousand fine-tuning
steps. Parent policies and rejected outcomes remain available.

Replay under recorded targets. We implement the replay intervention with 50% natural replay,
20% task-balanced replay, 15% failure-boundary windows, and 15% late-progress windows. Natural
replay preserves coverage; task-balanced replay equalizes task sampling. Boundary replay favors
demonstration phases near progress inferred from failed executions’ partial-completion scores; late
replay favors the final portion of demonstrations. The score-to-progress mapping is a sampling
heuristic, not a measured failure time. Training retains recorded images and action targets, uses the
RAP-WAM objectives with separate backbone and interface learning rates, and evaluates intermediate
checkpoints. Appendix [H|specifies eligibility, fallback rules, optimizer settings, and budgets.

Retention without averaging policies. Let m;(mw) = (SR:(7), Score; (7)) denote success rate and
mean partial-completion score from the same execution record. A task enters C, if the candidate
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Table 1: RoboDojo comparison: Score / SR (%). Pretr.: external embodied pretraining reported
for the method. Video/VLM initialization and target-task demonstrations are excluded. *: AHA-
WAM uses robot-data pretraining for real-world experiments, but not in its default simulation setup
(Appendix [B). Score and SR are ranked separately per column; highest and second-highest values are
bold and underlined, including ties. {: VLA supervised by a frozen video generation model during
training. §: matched 42-task coverage for our RAP-WAM base and post-training system; each task is
averaged over its valid evaluation episodes.

Model Pretr. Gen-Std Gen-Rand  Precision Long-Hor.  Memory Open Average

VLA and other action policies

GO0.5 (Liu et al.|2026) Yes 27.72/21.44 9.20/4.22 28.25/20.42 44.12/32.25  8.61/7.33 1.73/1.58 20.23/14.88
Xiaomi-Robotics-1 (Xiaomi Yes 35.65/28.00 11.44/6.00 26.69/18.83 38.39/23.67  7.81/6.56 3.94/3.58 20.07/13.93
Robotics Team et al.| [2026)

Hy-Embodied-0.5-VLA Yes 21.98/17.00 1.57/0.00 13.81/8.00 25.74/14.92 13.37/12.11 0.65/0.58 13.07/8.80
(Zhang et al .| [2026)

KinRT (Yang et al.||2026c) Yes 20.94/14.78 7.09/2.44 15.65/9.92 26.40/18.08  4.82/3.56 4.23/3.83 13.02/8.80
SimpleMemVLA (Yin et al., No 10.38/7.11 2.33/0.78 7.42/2.92 14.58/5.50 33.71/33.22 0.85/0.75 12.58/9.27
2026)

P1-05 (Physical Intelligence Yes 20.93/15.00 5.82/1.00 12.40/5.50 23.54/14.67  5.78/4.56 1.98/1.67 11.41/6.91
et al.| 2025)

InternVLA-A1.5% (Maetall  Yes 16.81/12.00 3.90/2.00 15.23/10.17 23.80/13.75 4.93/3.56 1.43/1.42 11.15/7.14
2026)

VLAct (Yang et al.,|2026b) Yes 16.33/12.00 2.74/1.00 20.62/15.25 20.12/13.67  0.66/0.56 2.37/2.25 10.66/7.60
MolmoAct2 (Fang et al.|[2026) Yes 12.53/7.33 4.53/2.00 10.92/4.50 15.20/7.00 5.53/4.56 4.75/4.42  8.99/5.03

World-model-based policies

OpenWAM-« (Wang et al., Yes 33.16/25.56 8.26/4.11 18.45/9.25 34.93/25.33 10.41/9.11 1.41/1.08 17.18/11.92
2026)

X-WAM (Guo et al.| 2026) Yes 11.24/5.00 3.54/1.00 6.72/1.83 17.47/9.08 6.32/4.67 0.57/0.25  7.69/3.83
GigaWorld-Policy-0 (Yeetal., Yes 10.28/6.00 0.41/0.00 6.15/1.83 15.51/8.92  3.46/2.22 0.54/0.50  6.20/3.27
2026a)

AHA-WAM (Cai et al.,2026) Yes* 10.32/6.00 1.26/0.00 5.86/2.42 8.61/2.67 2.97/2.78 0.88/0.83  4.82/2.39
Fast-WAM (Yuan et al.|[2026) No  4.33/2.00 0.34/0.00 1.96/0.00 9.14/5.17  3.55/3.44 0.42/0.42 3.48/2.03

World-model-based: ours

RAP-WAM (base)$ No 21.55/15.00 0.82/0.00 23.97/16.51 45.12/32.50  7.97/7.00 1.06/0.75 17.86/12.85
RAP-WAM + refinement$ No 27.82/21.00 0.93/0.00 28.66/21.03 48.43/36.50 10.32/9.33 1.16/0.75 20.59/15.62
(Ours)

improves SR over its currently assigned policy, or ties SR and improves Score; a tie in both retains
the incumbent. The assignment updates as

id(m}), tec,,

gr(t), t¢&C,. an

a0 = {

Here id(7) is a checkpoint identifier and g,-(¢) denotes the selected policy identity; the corresponding
checkpoint remains in B,. An empty C, leaves the active assignment unchanged. At inference, the
task identity selects one whole checkpoint, with its architecture, normalizer, and inference settings.
Parameters and within-episode action fragments are not averaged. This assignment operates across
policies, whereas credit coefficients weight losses inside a policy’s training.

The final assignment uses the base on 14 tasks and 16 other checkpoints on 28 tasks. History retains
proposals, outcomes, and acceptance decisions for subsequent interventions. This is the recursive
aspect of the experimental procedure; it does not establish autonomous improvement or a causal
benefit from history reuse. Selection uses observed evaluation results, so independent policy-selection
tests remain necessary. The complete state update and execution rule are retained in Appendix

4 EXPERIMENTS

We evaluate the fixed RAP-WAM base and the post-trained task-conditioned system on RoboDojo,
analyze their supervision signals, and report physical execution results.



RAP-WAM.: Predictive Rehearsal and Action Perturbations

a Redistribution b Source sensitivity c Temporal credit d Response vs. error e Rank agreement
100 1.0
-0.26 =026 P 547% P 1 -2 Median 0.50
1.0 Jecsescssssssssssel Gt
‘ Ref. 1.00 1.00 1.00 1.00

54.8%
wi 100 152 [BXI 143 50 45.2% 0s

k4
s

Response rank

w2 1.00 [1.68 172 Xil]

VE 1.14%
PR

g~ w3 1.08 1.00
L] 0 0.0

=4
=3

6 1458 912 1316 Inerror  Outside error

t0p20%  t0p20%
Error rank TV distance (%) Action steps Share of high-response cells (%) Rank correlation

—
0.5 1.0 0 2 4

e
=Y

Figure 2: Complementary response signals and spatiotemporal supervision. a, signed spatial
credit redistribution. b, sensitivity to removing prior, response, or half-error. ¢, temporal action credit
in three phone-packing windows (W1-W3), with a unit reference. d, response-top20 membership
within or outside the error-top20 set. e, rank correlation across 35 condition medians. Panels a, b, d,
and e use the same 315 RoboDojo windows. Squares and segments indicate medians and IQRs; these
fixed-output diagnostics involve no retraining.

4.1 BASE AND POST-TRAINED SYSTEM PERFORMANCE

We report SR and partial-completion Score, averaged within each capability and then equally across
the five capabilities (Chen et al., [2026b). Public results are taken from the RoboDojo leaderboard
(Chen et al| [2026a); coverage and system accounting are specified in Appendices[A]and[H] Across
the 42 tasks, the full method achieves 15.62% average SR and 20.59 Score, compared with 12.85%
and 17.86 for the RAP-WAM base. The gains are 2.77 percentage points in SR and 2.73 Score.
Precision increases from 16.51% to 21.03%, Memory from 7.00% to 9.33%, and Generalization from
7.50% to 10.50%. These gains arise in the task-conditioned system, where retained specializations
contribute across different capability groups.

Long-Horizon success rises from 32.50% to 36.50%, with Score increasing from 45.12 to 48.43
(Table[I). At the task level, tower building increases from 60% to 72%, pen-holder filling from
6% to 18%, and tic-tac-toe from 80% to 86%. The task-policy breakdown is given in Appendix
Open success remains 0.75%, and random-Generalization success remains zero, indicating that the
observed gains do not resolve broad scene-shift robustness. The candidate comparison in Appendix
Figure[T2]helps explain this pattern: the base has the highest aggregate performance among individual
checkpoints, yet candidates improve different task subsets. Task-specific retention preserves these
local gains despite regressions elsewhere. Appendix Figure [TT]shows how the retained specialists
divide the task set; their value is not captured by ranking whole-policy averages alone.

4.2 ACTION RESPONSE CHANGES THE LOCATIONS EMPHASIZED DURING TRAINING

Figure 2h—b uses 315 RoboDojo windows across 35 conditions. Holding model predictions fixed,
we separately remove the historical error prior, action response, or current-error contribution and
renormalize the remaining weights to compare their effects on supervision allocation (Appendix [E).
Response redistributes spatial emphasis; the median shares of normalized coefficients redistributed
are 5.47%, 2.22%, and 1.14% for P, S, 0.5€, respectively. The rehearsal prior produces the largest re-
distribution. These distances combine magnitude and spatial shape, not additive contributions
to task success.

Figure 2k shows temporal supervision in three phone-packing demonstration windows. Spatially
pooled action responses distinguish future action steps without an extra scoring network. Removing
the response leaves all coefficients at one: P is time-constant and this branch excludes £. Appendix [E]
details reconstruction and four-action grouping.

Figure 2jd—e shows complementary rankings: on average, 45.21% of response-top20 positions lie
outside the error-top20 set. The condition-level rank distribution further characterizes this difference
over the full field. These measurements explain the local diagnostic signal; the supplementary
comparison of normalized auxiliary-credit shares is retained in Appendix [E]
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Figure 3: Credit across three timescales. a, prior spatial patterns at 3.3%, 60%, and 100% of the
same can-placement run (top, independently normalized), and the raw spatial mean at six checkpoints
(bottom, logarithmic axis). b, response-top40 locations across four future groups for the newly
trained three-can tray-placement policy. ¢, stacked component shares (top) and fixed-output removal
sensitivity (bottom) for P, S, and 0.5& across all eleven exported windows of the same demonstration.
Shares exclude the unit floor of W; sensitivity is total variation (TV) between normalized full and
component-removed weights, retaining the unit floor. Panel c uses all spatial cells and future groups.
All panels use the same training run; b—c use its final checkpoint. Definitions and display protocols
appear in Appendix [F]

Local sensitivity and relative credit. Under small isotropic action perturbations, Es[S;] =
(12/C)||J;||%, where J; is the video-output Jacobian with respect to action inputs and C'is the
channel count (Appendix[C.2). Response describes coupling at the current condition and diffusion
level; a single direction gives a noisy estimate. Per-sample normalization expresses relative priority,
not absolute sensitivity across tasks. Current error and rehearsal history complement this local
coupling, while the unit floor preserves supervision at low-response locations.

4.3 CREDIT EVOLUTION WITHIN A TASK

Figure 3| follows one three-can tray-placement run. Panel a tracks spatial priors across training; b
shows response locations across future groups at the final checkpoint; ¢ summarizes component
shares and removal sensitivity across eleven demonstration windows. The prior has the largest
share and removal sensitivity, while response and error vary across windows. This distinguishes
accumulated spatial difficulty from context-dependent reweighting: a final aggregate alone would
hide variation over training and predicted time. The analysis characterizes fixed outputs, rather
than retraining effects or object localization.

4.4 REAL-ROBOT EVALUATION AND QUALITATIVE SEQUENCES

Figure ] compares fifteen tasks, five baselines, and Ours, alongside four recorded task sequences.
Event-aligned frames illustrate intermediate object states; twelve further sequences appear in Ap-
pendix[G] The prediction-horizon analysis (Appendix Figure[T3) separately evaluates all 50 illustrated
training windows against a copy-condition baseline.

Ours achieves 89.00% task-macro-average SR, compared with 51.33% for the strongest baseline,
G0.5, a margin of 37.67 percentage points. Supplementary phone-box assembly achieves 85% versus
5% for m 5; it is reported separately and excluded from the fifteen-task average (Appendix [G).

Task variation and aggregation. Ours has the highest reported SR on each of the 15 physical
tasks, but performance is not uniform. SR ranges from 70% for fan insertion to 100% for three-can
placement, food placement, and coaster placement. Height-based bottle ordering reaches 90%,
compared with 30% for the best baseline on that task. Each task contributes equally to the reported
macro-average; it is not a pooled episode success rate. Trial counts and uncertainty estimates are
not supplied with these percentages, so the comparisons describe the recorded outcomes rather
than establish statistical significance. The separately reported phone-box assembly result does not
change the common 15-task comparison set.
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(a) Real-robot success-rate comparison
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Figure 4: Real-robot evaluation and four recorded task sequences. (a) Success rates across fifteen
tasks and six methods; bar labels show percentages. (b—e) Tasks 04, 06, 08, and 11 show height-based
bottle ordering, numbered-block rearrangement, covering numerical extrema, and fan insertion. Each
task occupies four consecutive frames in a two-row, eight-column grid. Timestamps refer to the
source video. Frames are taken directly from the original videos with torsos and incidental text
masked; task numerals are retained. The phone-box assembly task is provided in Appendix [G]

4.5 DISCUSSION

Two complementary patterns emerge: response and error prioritize different prediction locations,
whereas candidate policies specialize on different tasks. The former concerns within-policy su-
pervision; the latter concerns task-level selection. Separating their contributions requires budget-
matched training ablations and policy selection independent of final testing. Weak Open and random-
Generalization performance motivates new-layout evaluation. Specialist retention additionally re-
quires checkpoint storage and reliable task identities.

5 CONCLUSION

We presented RAP-WAM, a world action framework coupling future-supervised action representations
with predictive rehearsal. Its action-response signal organizes both spatial visual and temporal action
supervision, complemented by current and persistent prediction errors. The framework gives future
prediction two connected roles: shaping representations for action generation and supplying feedback
that guides subsequent learning. Simulation and physical evaluations demonstrate the capabilities
of the resulting policies, while task-specific post-training preserves complementary specializations
within the complete system. Together, these findings motivate a unified treatment of predictive
representation, supervision allocation, and task-level capability retention for world action models.
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Al USE STATEMENT

Generative Al assisted with research discussions, post-training intervention design, implementation
and experiment scripts, literature retrieval, manuscript drafting and translation, and figure preparation.
The improvement agents used in the experimental workflow and their role in proposing training
interventions are described in Section [3.4]and Appendix [H} their outputs are part of the method under
study. During manuscript preparation, assistance included checking citation records against primary
sources, comparing reported values with saved experiment records, and compiling and inspecting the
manuscript. All results reported in this paper have been manually reviewed by the authors. World-
model predictions in Appendix [J|are identified as model outputs and paired with recorded targets.
Reported quantitative results come from saved experiments or cited benchmark sources; pending
measurements are not replaced with generated values. Al systems are not authors, and responsibility
for the scientific claims, source attribution, code, and final submitted content remains with the authors.

ETHICS STATEMENT

This research does not involve human-subject experiments or user studies. We evaluate robot manipu-
lation policies using robot demonstrations and simulation and real-robot execution records. Physical
execution can cause unintended contact or motion; responsible deployment requires embodiment-
specific checks of joint conventions and limits, an emergency stop, and supervised commission-
ing. Improved benchmark performance does not establish safety outside the evaluated conditions.
Recorded demonstration frames and training-sample predictions are presented as qualitative evidence,
not as additional autonomous-success trials. Display copies mask incidental identifying text, visible
robot torsos in external-view sequences, and background faces in prediction comparisons; task-
relevant numerals and mahjong symbols are retained. Original scene content is otherwise preserved,
and the processing is disclosed in Appendices [G]and[J] Masking alone does not establish consent
or authorize redistribution: public release of demonstrations or identifiable recordings remains sub-
ject to the applicable dataset terms, participant permissions, and institutional requirements. No
approval or consent status is inferred from the availability of these recordings. The limitations of
task-conditioned selection, single-seed evaluation, and incomplete physical measurements are stated
to avoid overstating generalization or autonomous capability.

REPRODUCIBILITY STATEMENT

We provide the source code in the supplementary materials. Section [3|defines the model interfaces,
predictive rehearsal, response-based credit objective, and task-specific policy selection. Appendix
documents training and evaluation conventions, while Appendix [C} including Algorithm [T} provides
implementation details, assumptions, and derivations. Appendix [H|specifies post-training sampling,
optimizer settings, checkpoint retention, inference, and aggregation; Appendix [D]reports task-level
outcomes. Appendices [E] and [F] describe the diagnostic sampling and reconstruction procedures.
The scope and processing of physical recordings and the selection of paired training predictions
are described in Appendices[G|and[J]] The project records preserve source paths, hashes, selection
manifests, and figure-generation scripts. These records support auditing the presented artifacts.
Remaining reproducibility limits include the absence of independent policy-selection testing, multi-
seed estimates, and completed physical-trial statistics.
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APPENDIX: SUPPLEMENTARY MATERIAL

A TRAINING AND EVALUATION PROTOCOL

Training was performed on NVIDIA A800 GPUs.

RAP-WAM initializes its shared transformer from Wan2.2-TI2V-5B video weights (Team Wan
et al.| 2025) and jointly learns future video and robot actions from target RoboDojo demonstrations.
Action/state encoders, queries, and CAP are initialized for target-task training, without initialization
from a separately trained robot policy. The base architecture contains no additional memory, mixture-
of-experts, or post-training extension. Thus “without embodied pretraining” excludes an intermediate
pretraining stage on external embodied data, whether for action-policy learning or joint world action
modeling. It retains Wan video pretraining, pretrained text embeddings, and joint world action
training on target robot demonstrations. The collection has 3,500 episodes, with 3,499 used for
training and one for validation. The fixed RAP-WAM base is the reference for local mechanism
analyses. Table[I|reports the complete post-training system, whose retained task policies build on
this substrate. The settings in Table 2] describe the base learner, not the cumulative computation
of the entire improvement process.

Table 2: Training settings. Physical training uses the same core with task-specific interfaces; physical
success rates appear in Figure[d]

Setting

RoboDojo

Physical-robot data

Video initialization
Input

Action/state dimension
Language

Observation/future/action length

Queries/alignment width
Per-device/global batch
Optimizer/peak LR
Precision/parameter EMA
Auxiliary warmup (updates)

Rehearsal probability/denoising

Conditional state substitution

response-based credit probability
response-based credit video/action coefficients

P, S, € coefficients
VAE

Wan2.2-TI2V-5B
Head/two-wrist 384 x 320
mosaic

14/14

Precomputed instruction em-
beddings

1/16/16

16/128

1/96

AdamW/2 x 10™*
BF16/none

18,000

0.25/four iterations

0.5

0.5

0.5/0.3

1/1/0.5

Cached recorded futures; pre-
dicted inputs encoded live

Wan2.2-TI2V-5B
Head 224 x 224

Phone 28/28; numbers 32/32
None

1/16/16

16/128

1/120

AdamW/2 x 1074
BF16/none

6,000

0.25/four iterations
0.5

0.5

0.5/0.3

1/1/0.5

Live

RoboDojo policy evaluation uses 30 denoising steps and executes eight actions before replanning.
Action smoothing uses a Savitzky—Golay filter with window 9 and polynomial order 2 on all 14 action
coordinates. Four-action boundary blending uses new-chunk coefficients (i + 1)/5 fori = 0, 1, 2, 3.
This filter is distinct from classifier-free guidance. Physical deployment additionally depends on
robot-specific joint mappings, units, and control rates.

Generalization has 12 tasks, Precision 8, Long-Horizon 8, Memory 6, and Open 8. Binary success
rate (SR) and partial-completion Score are averaged within capabilities and then equally across
the five capability means (Chen et al., [2026b):

5

1 1
AvgSR = = — SR,;. 12
= 13 S s, (12)

J€Ta

Here 7; contains the evaluated tasks in capability d; Score uses the same aggregation. Row-specific
coverage is given in the table notes and Appendix [D] Standard and random variants are combined
into their parent Generalization task before aggregation. Both the base and agentic system cover all
42 task units: 12 Generalization, eight Precision, eight Long-Horizon, six Memory, and eight Open.
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For task ¢, SR is the number of successful valid episodes divided by its valid-episode count n;, and
Score is the mean partial-completion score over the same episodes. Task means are averaged within
capability and then equally across capabilities; tasks are not reweighted by n;. Layout identities
and per-task denominators are retained in the result records.

The target alignment projection is stopped along with its target features. The direct attention mask
permits state-mediated information and shared-parameter updates. At per-device batch one, the
optional local min—max difficulty correction vanishes. Spatial P broadcasts uniformly in time,
so its normalized temporal contribution also vanishes. The prior is zero until its first valid re-
hearsal update. Rehearsal and response-based credit are invoked according to their respective
sampling probabilities. Only successfully computed auxiliary losses with nonzero weights enter
the training objective. For each branch, the effective participation rate is the fraction of training
updates satisfying these conditions.

B PUBLIC REFERENCES AND PRETRAINING ATTRIBUTION

GO0.5 pretrains on robot demonstrations and web-scale vision—language data, with 14 real/simulated
embodiments mapped to a shared action space (Liu et al., 2026). GO.5 therefore uses external
embodied pretraining. Xiaomi-Robotics-1 and Hy use action-policy pretraining on handheld UMI
demonstrations (Xi1aomi Robotics Team et al.| 2026} [Zhang et al., [2026)); these are action-labeled
embodied trajectories, not necessarily robot-collected data. OpenWAM-« jointly pretrains future-
video and action prediction on egocentric and robot data (Wang et al) [2026). Its final mixture
contains 6,369 hours of egocentric human and robot trajectories; human video is not itself labeled
robot-action supervision. Our no-external-embodied-pretraining flag still includes Wan video initial-
ization, pretrained text embeddings, and joint world action training on target robot demonstrations.
Table|l|therefore defines “Pretrained” as an intermediate stage on external embodied data, includ-
ing robot/UMI action-policy and joint world action pretraining, rather than asserting that every
pretraining trajectory was robot-collected.

External embodied pretraining. The pretraining column summarizes the method’s reported use of
external embodied data. InternVLA-A1.5 uses robot-episode pretraining (Ma et al.,|2026)); VLAct
and X-VLA use cross-embodiment robot pretraining, and MolmoAct2 uses action-data pretraining
(Yang et al., |2026b; [Zheng et al.l 2026; [Fang et al.| 2026). Spatial Forcing inherits the Pi-05 base,
so both carry a positive embodied-pretraining flag (Physical Intelligence et al.| [2025)).

X-WAM reports more than 5,800 hours of robot-data pretraining (Guo et al.,[2026). GigaWorld-Policy
introduces embodied-video pretraining using robot and egocentric human data before target-task
action training (Ye et al., [2026a). AHA-WAM reports no robot-data pretraining in its default
simulation setting, but its real-world comparison pretrains both AHA-WAM and Fast-WAM on
24,600 RoboCOIN trajectories (approximately 165 hours) (Cai et al.,|[2026). The AHA-WAM Yes
flag refers to this reported real-world variant; it does not establish the initialization of the RoboDojo
checkpoint. X-WAM and GigaWorld-Policy-0 are marked Yes based on their reported pretraining.
Fast-WAM’s reported simulation configuration uses Wan initialization without external embodied
pretraining (Yuan et al., [2026)).

SimpleMemVLA training and comparison source. SimpleMemVLA uses timestamped visual
history with a Qwen3.5-4B backbone and a flow-matching action head (Yin et al., [2026). Its released
training recipe initializes the backbone from Qwen3.5-4B, constructs a new action head, and trains on
each benchmark’s demonstrations without a separate embodied-pretraining stage. We therefore mark
No under the definition above. The RoboDojo values use the official 23 September 2026 leaderboard
snapshot, including separate standard and randomized Generalization results.

World-model classification. Table|I|separates VLA and other action policies from world-model-
based policies. The latter group includes OpenWAM-«a, X-WAM, GigaWorld-Policy-0, AHA-WAM,
Fast-WAM and our policy, which learn an explicit predictive world-model component alongside action
generation. InternVLA-A1.5 is grouped with VLAs: its foresight tokens receive latent supervision
from a frozen pretrained video model, but the policy does not learn pixel-level generation and discards
the video branch at inference (Ma et al., 2026)). Its I marker records this supervision source without
classifying the policy as a world action model.
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Table 3: Post-training system results across 42 tasks. SR is in percent; Score measures partial
completion. Each task is averaged over its valid evaluation episodes.

Task Capability SR Score
Align blocks Open 0.00 0.00
Arrange largest number Generalization 4.00 5.80
Build tower Precision 72.00  79.60
Classify objects Long-Horizon 2.00 6.50
Classify objects by language Open 0.00 1.60
Cover blocks Memory 22.00 26.10
Deposit coin Precision 10.20  14.69
Fasten screws Precision 8.00 27.60
Fill egg holder Long-Horizon 0.00 1295
Fill pen holder Long-Horizon  18.00 43.40
Fold clothes Generalization 12.00 16.00
General pickup Open 6.00 6.00
Hang mugs Generalization 2.00 7.30
Imitate sorting sequence Memory 2.00 3.80
Insert key Precision 0.00 15.00
Insert tubes Precision 58.00 72.40
Make kong Long-Horizon  82.00 82.00
Make toast Generalization  10.00  18.00
Match and pick from conveyor Memory 32.00 32.00
Organize table Long-Horizon  10.00  48.50
Pack objects into box Generalization 6.00 17.20
Pick from conveyor by image Open 0.00 0.00
Play xylophone Precision 2.00 2.00
Play stacking toy Long-Horizon 0.00 2.00
Play tic tac toe Long-Horizon  86.00 96.00
Plug in charger Precision 4.00 4.00
Pour balls into vase Precision 14.00 14.00
Pour by language Open 0.00 0.00
Pour liquid into cup Generalization 4.00 4.00
Press by number Memory 0.00 0.00
Push t Generalization 0.00 0.00
Put bottles into dustbin Long-Horizon  94.00 96.10
Solve equation Open 0.00 0.00
Sort nesting dolls by size Generalization 8.00 8.00
Stack blocks Generalization 24.00  28.20
Stack blocks by language Open 0.00 1.20
Stack bowls Generalization 42.00 43.20
Store laptop and headphones Generalization 14.00 24.80
Store tools in toolbox Open 0.00 0.50
Swap t Memory 0.00 0.00
Swap blocks Memory 0.00 0.00
Sweep blocks Generalization 0.00 0.00

Xiaomi, Hy, Pi-05, VLAct, X-VLA and MolmoAct2 document action-generation objectives without
an explicit predictive world-model component (Xiaomi Robotics Team et al.| 2026} [Zhang et al.|
2026}, |[Physical Intelligence et al., 2025} |Yang et al., 2026b; [Zheng et al.|, 2026} |[Fang et al., |2026).
Spatial Forcing aligns observed geometry, not future scene evolution (Li et al., |2026); its benchmark
identity is the Pi-05-based variant. Action flow matching, current depth prediction, and textual
subtask planning alone do not qualify as world modeling here. KinRT uses kinematics-supervised
expert routing for action generation and is grouped with non-world-model policies (Yang et al.,
2026¢). SimpleMemVLA is grouped with VLAs: its video context represents observed history,
rather than an explicitly predicted future world state. These method-level labels neither make all
architectures identical nor explain performance causally.
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Table 4: RAP-WAM base results across 42 tasks, using the single step-742500 checkpoint before
post-training. Task order and metric definitions match Table[3] SR (%) and Score are computed over
valid evaluation episodes.

Task Capability SR Score
Align blocks Open 0.00 0.00
Arrange largest number Generalization 2.00 3.80
Build tower Precision 60.00 69.80
Classify objects Long-Horizon 0.00 4.40
Classify objects by language Open 0.00 1.60
Cover blocks Memory 16.00 20.60
Deposit coin Precision 4.08 7.76
Fasten screws Precision 2.00 18.60
Fill egg holder Long-Horizon 0.00 1295
Fill pen holder Long-Horizon 6.00 32.00
Fold clothes Generalization 6.00 9.20
General pickup Open 6.00 6.00
Hang mugs Generalization 0.00 3.80
Imitate sorting sequence Memory 0.00 1.20
Insert key Precision 0.00 14.40
Insert tubes Precision 54.00 69.20
Make kong Long-Horizon  74.00  74.00
Make toast Generalization 4.00 14.00
Match and pick from conveyor Memory 26.00 26.00
Organize table Long-Horizon  10.00  48.50
Pack objects into box Generalization 2.00 14.70
Pick from conveyor by image Open 0.00 0.00
Play xylophone Precision 0.00 0.00
Play stacking toy Long-Horizon 0.00 0.60
Play tic tac toe Long-Horizon  80.00 94.50
Plug in charger Precision 0.00 0.00
Pour balls into vase Precision 12.00 12.00
Pour by language Open 0.00 0.00
Pour liquid into cup Generalization 0.00 0.00
Press by number Memory 0.00 0.00
Push t Generalization 0.00 0.00
Put bottles into dustbin Long-Horizon ~ 90.00  94.00
Solve equation Open 0.00 0.00
Sort nesting dolls by size Generalization 2.00 2.00
Stack blocks Generalization 24.00 27.00
Stack blocks by language Open 0.00 0.40
Stack bowls Generalization 40.00 42.10
Store laptop and headphones Generalization 10.00 17.60
Store tools in toolbox Open 0.00 0.50
Swap t Memory 0.00 0.00
Swap blocks Memory 0.00 0.00
Sweep blocks Generalization 0.00 0.00

C MATHEMATICAL PROPERTIES AND OBJECTIVE DETAILS

C.1 PREDICTIVE REPRESENTATION AND TRAINING UPDATE

Joint flow-matching substrate. We use the linear interpolation and velocity-regression formulation
of flow matching (Lipman et al., |2023).

A frozen VAE encodes observed and subsequent demonstration video, with fixed camera mosaics
for multi-view observations. Actions and states use separate training-set normalizers. Video and
actions share a noise level o but receive independent noises:

26 =(1—0)z+0€;, ar=(l—0)a+oe, ((V,v))=(e—2 € —a) (13)
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Observed visual latents are clamped and excluded from the future-only video loss. The video-
initialized trunk is trained together with newly initialized action/state encoders, queries, and CAP
on target demonstrations.

Tokenization, conditioning, and action projection. Action and state encoders use Linear—SiLU—
Linear projections, learned position embeddings, and LayerNorm. All four token groups share
each block’s self-attention projections, text cross-attention, and feed-forward layers; there are no
modality-specific transformer experts. Rotary position encoding applies only to video-token queries
and keys. Predictive queries use action-side diffusion-time modulation. State tokens receive no
additional diffusion-time modulation, but still undergo the block’s learned modulation and all updates.
The mask in Equation 3]is applied identically at training and sampling: for i € A, j € V, the logit
is suppressed; state-mediated paths remain.

The two projections in Equation [I|have output width 128. The entire target branch, including P, is
evaluated without gradients. Future latents are pooled over time and onto a spatial 4 x 4 grid; the
resulting targets supervise 16 distinct query slots. They are neither an online memory bank nor an
independently trained teacher. In Equation[d] the MLP output projection and bias are zero-initialized;
the time-modulated branch starts from the newly initialized sequence head. Its exact form is

H,(h,e) = W,[LN(h) ® (1 + e+ ms) + (e + myp)] + b, (14)

with learned offsets mg, m;. The two branches have separate normalization operators. The construc-
tion introduces no low-pass filter, task routing, or independently supervised coarse/fine decomposition.

Generated-image and state conditions. Rehearsal is invoked with p.(k) = p.r.(k), where
rc(k) = min(1, k/W,). Conditional state substitution has probability p; min(1,k/W,). In the
reported configuration, p. = 0.25 and p; = 0.5. The first chunk uses S, gradient-free denoising
steps, with S, = 4, before RGB decoding. Its last image replaces the next observed image; this prefix
and the recorded next future frames are jointly re-encoded by the frozen VAE. Thus the recorded
RGB targets are retained, but their temporal VAE latents need not equal those encoded with the
recorded initial image. For action and state normalizers N,, Ny, the substituted normalized state is

51= N, ((1 = by)si™ " + by sg[ Ny (@o,1,-1)]) - (15)
Here @y is the sampled normalized action chunk and by selects state substitution. This mapping
assumes compatible absolute-joint action and state schemas. It does not model actuator dynamics or
contact feedback. The base loss includes query alignment; rehearsal and credit auxiliaries supervise
video/action flow outputs without additional alignment losses.

The persistent prior is initially zero, so credit remains defined before a rehearsal update. The first
valid rehearsal-error map initializes the prior directly; subsequent maps use the moving average.
The reference predictions use the original demonstration batch with fresh noising, not the rehearsed
input. Each credit invocation uses one gradient-carrying reference prediction and one gradient-free
perturbed forward, in addition to the base and any rehearsal computations.

The algorithm assumes valid training inputs, with a zero prior before its first valid rehearsal update.
It specifies the update rule, not the empirical frequency with which each auxiliary branch contributes
during training (Appendix [A). It neither sends actions to an environment nor requests new corrective
demonstration labels at predicted states.

Joint sampling and deployment. Inference begins with independent future-video and action noise.
At adjacent noise levels, Euler integration updates both modalities:

(Z7l+17 an—&-l) = (vaan) + (Un+1 - O'n)(vgavg)- (16)
The observed visual prefix is clamped at every iteration. Queries, directional attention, and CAP
remain in each forward; the action output is N, ! (ay). Returning actions does not decode future

RGB, but it does retain future-latent computation. Alignment targets, rehearsal, prior updates, and
perturbation-based credit construction are absent at deployment.

C.2 LOCAL INTERPRETATION OF THE PERTURBATION RESPONSE

Fix 6, observation, state, language, video noise, and diffusion level. Let f; : R? — R® map the
flattened normalized noisy action chunk to the predicted video velocity at location 7. For g ~ N(0, I4)
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Algorithm 1 One training update of RAP-WAM

Require: Adjacent demonstration chunks, model @, spatial prior P (initially zero), step k
1: Sample base noising; compute joint loss £ < L
2: if b, ~ Bernoulli(p.(k)) is one then
3: Generate the first chunk without gradients using S, denoising steps

4: Form the second-chunk image from the last predicted frame
5: Optionally substitute the last raw predicted joint action; normalize as state
6: Compute video/action flow loss £; against the recorded future/actions
7: Update P from detached second-chunk spatial errors
8: L LA+ Nere(k)Ly
9: end if

10: if bp ~ Bernoulli(pp) is one then

11: Fresh auxiliary noising; compute gradient-carrying (v?, v®)

12: Evaluate the action perturbation without gradients; detach P, S, &€

13: Compute W, ¢, w and normalize their masses to ¢*, ¢*

14: L+ L+Lp(0;0)

15: end if

16: Backpropagate £ and update the trainable parameters

and § = 7g,S; = C71||fi(a+7g) — fi(a)||?. At the noisy action input a,, the local interpretation is

2
Es[Si] = 7 I afia0)|[E + O a7

This perturbation argument (Bishop, |1995) motivates a forward-only sensitivity probe without explicit
Jacobians or second-order derivatives, under the regularity conditions stated below.

Proposition 1 (response interpretation). Suppose f; is three times continuously differentiable
on R? and its third derivative has globally bounded operator norm. At fixed a,

2
ES, = %||Jaf¢(a)||§, +O0(Y) ast— 0. (18)

For an affine f;, the expression without the remainder is exact for every 7. This is a standard
local sensitivity calculation, not a new control guarantee or an assertion that a finite-precision
model satisfies the assumptions.

Proof. Write the Taylor expansion as
filat+1g)—fila)=A+B+R, A=tJg, B=3rHlg.gl, |R| <Ms|lg|’/6. (19)
Here M3 bounds the third derivative, M, = ||J||op, and My = | H||op at a. Gaussian second

moments give E||A]|? = 72||J||%, and symmetry makes the cubic linear—quadratic cross term vanish.
With m,, = E|/g||?, the remaining terms satisfy

T 2 1 M. 2 M 1 M. 3
ES, — = |lJ|%] < = |74 | =2
s - T < & [t (A2 + 2 my
My M. M?
5 4V121V13 6-""3
s —3 ) 20
+7 5 ms + T 36 mg} (20)
All Gaussian moments are finite, proving the asymptotic bound. Affine maps have H = R = 0. The
constants can depend on dimension and the fixed predictor. ]
Single-direction and scale limitations. For an affine map,
274
Var(S;) = ozl tr[(J T J). (21)

Thus shrinking 7 does not eliminate the relative uncertainty of a single direction. The implementation
uses one perturbation, and generally EN(S) # N (ES); its normalized map is not an exact Jacobian-
norm ranking. Nor does per-coordinate 7 = 0.1 imply a small whole-chunk perturbation: the RMS
norm is 7v/d, approximately 1.50 for d = 16 x 14 and 2.12 for d = 16 x 28 in normalized coordinates.
The analysis motivates perturbation-scale and repeatability checks, not an environment-causality
interpretation or a prediction of task success.
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C.3 RESPONSE AND PREDICTION ERROR NEED NOT AGREE

Figure [5]illustrates how prediction error, action response, and historical error yield different super-
vision weights. For fi(a) = b and fo(a) = ka, suitable targets give

(a) Error is not sensitivity (b) Distinct supervision sources
— Ja@=1 — fy(a)=2a
A: E=1, ES=0
1 O
S
=
=]
5]
S
ERy
=9
B: E=0, ES=0.04
-0.3 0.0 0.3
Action input a Raw values; color scaled per column
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Figure 5: Why error, response, and rehearsal prior provide different supervision. An exact
constructed example, not measured robot results. At four locations, let f4(a) = 1, fg(a) = 2a,
fc(a) = 1+ 2a, and fp(a) = 0, with ¢ = 0, target zero, and prior P = (0,0,0,1). For
§ ~ N(0,0.12), use the expected response S = EsS. (a) A has error without action sensitivity;
B has sensitivity without error. (b) The four locations separate residual, response, combined, and
historical signals. (c) Applying the spatial rule to P, S, E gives positive weights (1.5,2,2.5,2). (d)
After normalization, error-only allocation gives (30, 20, 30, 20) %, whereas the full rule (Full) gives
(18.75,25,31.25, 25)%. Thus current error alone cannot reproduce the allocation. This illustration
uses expected response; training uses a single sampled perturbation, as discussed in Appendix [C.2]

Ei=0b—y)? >0, &=0, ES; =0, ES,=72k% (22)

A constant action-independent output can have nonzero error but zero response; an accurately
predicted linear output can have zero error but nonzero expected response. This demonstrates non-

equivalence of signals, not an empirical improvement in robot success. The finite-perturbation and
normalization qualifications above still apply.

C.4 FROZEN-WEIGHT SURROGATE AND REDISTRIBUTION IDENTITY

For the main visual objective, bars denote uniform empirical averages and Cov,, the corresponding
covariance over active locations:

. Cov,(W,e*)
z Ve — g7 4 w0 ) 23
- q’t 674 € W ) ( )

This separates prediction error from emphasis on particular locations. The general form and its
gradient analogue follow below. Let ¢ enumerate all active batch/spatiotemporal locations, with
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channel-mean errors e;(#) and positive weights W;. At current 0, freeze ¢; = Wi/ ; W;. The
local surrogate and its gradient are

F(0:0) =3 ai®)ei(6),  g0= D ai(B)Vei(). 24)

This is the precise backward-pass meaning of stop-gradient. At differentiable points, the fully adaptive
value F'(0) = ", qi(8)e;(0) has the additional derivative ) , e;V¢;, which the implementation inten-
tionally omits. Ties in min—max normalization do not prevent defining the frozen-weight surrogate.

Proposition 2 (redistribution identities). Let bars and Cov,, use uniform empirical averaging
over n locations, with covariance denominator n, and let g; = Ve;(0). Then

_ Cov,(W,e) _ Cov,(W,9)
jg:Qﬂ% 6*-4443%@;44*7 gq-g:=‘444%1744*. (25)
The second covariance is defined componentwise. These are explanatory identities, not original
theorems of optimization or closed-loop improvement.

Proof. For either scalar x; = e; or vector z; = g;, expanding the empirical covariance gives
n~ Y, Wiz, = Wz + Cov,, (W, z). Divide by W > 0 and use the definition of g. a

Consequently, normalized weighting can change gradient direction and/or magnitude when priorities
correlate with location-wise gradients. It need not decrease the fully adaptive value F', and it is
not a corrected importance sampler for the uniform risk. Within a single sample, & = e;, so
its spatial/temporal empirical covariance satisfies Cov,, (N (€),e) = Var, s(e)/ max(max; e; —
min; e;, €,) > 0: part of response-based credit explicitly increases coefficients at high-error locations.
Whether adding response S or persistent prior P improves control is an empirical question.

Bounded emphasis without exclusion. Letx, =1+ ap + ags + ag and K, = 1 + ag. For N,
video positions and N, action positions in their respective normalizations, nonnegative source
coefficients imply

(26)

Our settings give x,, = 3.5 and k, = 2. Thus selectivity retains every location. Detachment removes
direct gradients through credit while allowing it to adapt across updates. These bounds regulate
emphasis, not gradient norms, unbiased estimation, or preservation of previously acquired capabilities.

C.5 LIMITS OF THE INTERPRETATION

The identities characterize the weighting rule, not its causal effect on success. No matched-budget,
independently evaluated component ablation is reported here. A claim of signal-specific control
benefit would require matching auxiliary computation, initialization, data, and checkpoint selection,
and separating weighting information from gradient-scale changes. Normalizing weight sums does
not match the full AdamW update. Numerical checks on affine and smooth toy maps verify the
identities, not robot performance.

D TASK-LEVEL BASE AND POST-TRAINING RESULTS

Tables [3 and [] report the post-training system and the fixed base on the same 42 tasks. The base
achieves 12.85% SR and 17.86 Score under the capability-balanced aggregation. Base and system
use identical task coverage and aggregation rules; per-task SR and Score come from one policy’s
valid evaluation records. Generalization variants are combined within their parent task.

Figure [6] compares the per-task changes in SR and Score relative to the base.
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Figure 6: Task-level changes under the selected assignment. Aligned rows show all 42 tasks,
grouped by capability: (a) SR changes and (b) partial-completion Score changes relative to the base.
Red indicates 24 tasks with higher SR, blue four tasks with higher Score only, and gray 14 unchanged
tasks. These are observed results under the selected task-policy assignment, not an independent test
of regression-free improvement.

E SUPERVISION ALLOCATION AND RESPONSE ANALYSIS

The analyses use fixed-policy predictions to quantify supervision allocation. Simulation statistics
use the RAP-WAM base and 35 conditions of nine demonstration windows each, separate from
benchmark evaluation episodes. Physical-demonstration sources are specified in Appendix [F|

Field notation. P, S, &,V denote the cross-chunk prior, action response, prediction error, and

composite visual-loss coefficient, respectively. The three simulation component fields used in the
analyses below are normalized.
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Arithmetic source-removal analysis. Figure 2h-b uses the same simulation component maps,

with model outputs held fixed. Each of 315 windows has N = 4 x 24 x 20 = 1,920 native positions,

giving 604,800 positions in total, not that many independent observations. Cast the normalized

P, S, € arrays to float64 and reconstruct W = 1+ P + S + 0.5 instead of using the rounded

stored composite. For each X € {P,S,0.5E}, remove that source within the original window
and recompute the sum-normalization:
_x Wi — X; 1 _x

. S YT TVx == v U5 . 27

e SRUVES o x QZ!q g~ 27)

K2

The unit floor and all other normalized components remain fixed. All 315 windows share the same
saved P map; its removal is not removal of a separate learned task-specific prior.

For panel a, average tied ranks separately within each window and divide each rank by 1,920. The
horizontal coordinate is the £ rank and the vertical coordinate is the S rank. Hexagonal binning with
grid size 18 reports the arithmetic mean of A; = 1,920(g; — ¢; S) over positions in each displayed
hexagon. Color measures signed change relative to the uniform per-position coefficient 1/N, not a

ratio to q; S or a density count. The diverging scale is symmetric about zero and covers all displayed
means; no smoothing is applied. The native changes sum to zero in every window; recovering this
property from bin means requires weighting by bin counts, not an unweighted mean of the displayed
hexagons. Pooling preserves equal window representation overall, but the conditional mean in a
hexagon weights conditions by their number of positions falling there.

For panel b, TV x equals the sum of positive coefficient changes, the sum of negative changes in
magnitude, and the largest absolute change in total coefficients assigned to any subset of native
positions. Writing ax = >, X;/ > W; and p* = X,/ >, X for 37, X; > 0 gives

g—qg X = aX(pX - q*X), TVx =ax TV(pX,q*X). (28)

Thus removal sensitivity combines the source’s summed coefficients with its normalized spatial
shape. It is neither a causal importance estimate nor an additive decomposition across sources. If
>; Xi = 0, removal instead leaves the normalized coefficients unchanged and TV x = 0. Compute
TV on each window, take its median across nine windows per condition, and show all 35 condition
medians. The cross-condition median [Q1,Q3] in percent is 5.4707 [5.2891,5.7790] for P, 2.2159
[1.9935,2.5100] for S, and 1.1405 [1.0422,1.2434] for 0.5€. Each density is normalized to its own
peak. Density smoothing is display-only; the marks are descriptive IQRs, not confidence intervals.
These arithmetic removals hold model outputs fixed, do not retrain a policy, and measure neither
gradient magnitude nor success rate.

Panel c instead uses raw float32 S from one phone-packing validation demonstration, at window
starts 63, 126, and 188. These windows use the physical-image diagnostic model and data described
in Appendix [F] Spatial means of raw S are normalized over the four native future bins using
the implemented 10~ denominator floor. Their temporal ranges are respectively 3.6025 x 1079,
5.6887 x 1076, and 1.8406 x 1079, so the floor is inactive in all three retained windows. The display
shows four bin weights, each repeated over four consecutive action steps, alongside the exact unit
reference when S is removed. It does not use a normalized-map temporal proxy or 16 independently
probed actions. Because P is time-constant and this branch excludes £, removing S leaves unit
temporal coefficients. The same action perturbation thus provides spatial and temporal selectivity
without a second coefficient predictor. The displayed w precedes the objective’s normalization
q; = wy / >k wy; even its unit reference is not a retrained ablation. The companion reproducibility
materials retain the source correspondence and display specification.

Diagnostic conditions. Table[5identifies the 35 conditions used for the response and error analyses
in Figure 2] Each condition contains nine demonstration windows.

Priority-set flow and condition rainclouds. In each simulation window, top-20% membership
is defined on all 1,920 native positions, giving 384 effective members in either map. Boundary
ties receive fractional membership. For memberships a;, b; € [0,1] in &£, S, the four joint masses
are the position means of (1 — a;)(1 — b;), (1 — a;)b;, a;(1 — b;) and a;b;, followed by an equal
mean over all 315 windows. These fractions are 0.709583, 0.090417, 0.090417 and 0.109583,
respectively. Figure 2d conditions on response-top20 membership: dividing the shared and response-
only masses by 0.2 gives the displayed 54.7916% and 45.2084% bars. Each percentage uses the
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Table 5: Task identities for the 35 diagnostic conditions.
Index  Task

00  Arrange largest number
01  Build tower

02  Classify objects

03  Cover blocks

04  Deposit coin

05  Spell RoboDojo

06  Fasten screws

07  Fill egg holder

08  Fill pen holder

09  Fold clothes

10 Hang mugs

11 Imitate sorting sequence
12 Insert key

13 Insert tubes

14 Make kong

15  Make toast

16  Match + pick from conveyor
17 Organize table

18  Pack objects into box

19  Play xylophone

20  Play stacking toy

21 Play tic-tac-toe

22 Plug in charger

23 Pour balls into vase

24 Pour liquid into cup

25  Press by number

26 PushT

27  Putbottles in dustbin

28  Sort nesting dolls by size
29  Stack blocks

30  Stack bowls

31  Store laptop + headphones
32 Swap T pieces

33 Swap blocks

34 Sweep blocks

response top set as its denominator. Shared mass remains 10.9583% of all positions. The overlap
compares signals within the same window.

Raincloud points use the within-condition median of each window’s Spearman rank correlation. The
cloud density is normalized to its own peak. The cloud and median/IQR marks describe 35 curated
condition medians, not 315 independent evaluations. The separately summarized overlap median
0.559896 differs from the alluvial mean 0.547916. Distribution smoothing in the cloud is a display
device, not an uncertainty model; no confidence interval, significance test, or success gain is inferred.

Figure [2c labels the three original phone-packing windows (starts 63, 126, 188) as W1, W2, W3.
The five-panel arrangement retains the original underlying statistics.

Normalized auxiliary weight share. Appendix [E|evaluates Y, b;WV;/ >_, W; on the same win-
dows under uniform W; = 1, post-hoc error-only W, = 1 + 0.5&;, and full response-based credit
W; =14+ P; +8; + 0.5&; rules. The saved component maps are normalized; full weights are
reconstructed from them rather than taken from float16-rounded stored V. Each point is a median
over nine windows in one condition, with median/IQR marks across 35 conditions. The respective
medians are 20.00%, 20.9448% and 24.4003%; the error-only and response-based credit IQRs are
20.7050-21.2332% and 23.0325-25.3654%. Every condition-median share increases; the median
paired difference is 3.7816 percentage points (range 0.8839-5.7004), not the difference of group
medians. Adding both P and S prevents attribution to either signal alone; enrichment partly follows
from including S in both the weights and the selected set. This measures normalized auxiliary
coefficients, not gradient magnitude, task gain, or a retrained error-only control.

Figure[/|shows that the full credit rule assigns a larger weight share to response-top20 positions than
error-only reweighting in every displayed condition. The medians across conditions are 24.40% and
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(a) Removing a supervision source (b) Allocation to action-sensitive positions
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Figure 7: Condition-resolved supervision allocation. Both panels retain all 35 conditions, each
with nine windows; IDs follow Table El (a) Median total-variation distance after removing each
source from the normalized spatial weights, in percent. (b) Median normalized weight mass assigned
to response-top20 positions under error-only reweighting (blue) and the full credit rule (red, labeled
Full); each connector pairs the same condition. The dashed line is uniform allocation, 20%. The
fields and predictions are fixed throughout.

20.94%, respectively. This supports the mechanism’s ability to alter supervision beyond error-only
weighting; it does not measure a retrained success-rate gain. The source-removal distances also vary
across conditions, showing that the same coefficient rule induces different allocations for different
inputs. The 315 windows are descriptive samples, not independent policy evaluations; no confidence
intervals or significance claims are inferred from these plots.

F SPATIOTEMPORAL DIAGNOSTIC PROTOCOL

The simulation analysis uses 35 conditions with nine distinct demonstrations each. Conditions are
defined using initial image, state, and logarithmic trajectory length; each demonstration contributes
one middle valid window and one seeded draw of diffusion noise and action perturbation. Each
map contains four future bins on a 24 x 20 grid. Within-window ranks use all 1,920 positions;
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condition summaries aggregate nine windows. Pixels and windows from the same condition are
not independent policy evaluations.

The temporal-credit example in Figure[2k uses a phone-packing demonstration with window starts 63,
126, and 188. Its raw response maps have four 14 x 14 bins; spatial averaging and the normalization in
Equation 8] produce the displayed action weights. Figure [3]instead uses the three-can tray-placement
run, with checkpoint and window details below. Both analyses use recorded demonstrations, not
autonomous physical success trials.

Three-timescale display and component accounting. Panel a of Figure [3|reads the native 14 x 14
EMA prior directly from the same can-placement run at steps 690, 4140, 8280, 12420, 16560, and
20700. Percentages are relative to the final step. The upper row selects steps 690, 12420 and 20700,
independently normalized to show spatial shape. The lower row reports the arithmetic mean of the
raw stored EMA at all six checkpoints on a logarithmic axis. The curve measures the training prior
rather than held-out prediction error. The final prior is the one used in panels b—c. Panels b—c use the
verified step-20,700 can-placement checkpoint and recorded training demonstration 8574282; these
are not physical executions. Panel b retains start 112 (RGB offsets 114, 118, 122, 126), selected after
screening 32 archived windows. Its square crop is € [48,176), y € [96, 224); top40 membership
and transitions are computed over the full 14 x 14 grid before cropping. Thus the crop can show
fewer than 40 selected cells. The archived full-field tensors retain background responses.

Panel c instead includes all eleven exported windows, starts 0,16,. . .,160, without localization-based
selection. For each window let Cj € {P,S,0.56} and W = 1+ . C;. The upper row reports
100" C;/>>(W — 1), with sums over all four future groups and all 196 spatial positions. The
unit floor is excluded only from this composition ratio. The lower row normalizes W and W — C}
separately over the same positions and reports 100 TV, where TV (p,q) = 2 3" [p — g|. The unit
floor is retained in both distributions; no remaining component is recomputed or renormalized before
this final distribution normalization. This measures sensitivity of the allocation rule at fixed outputs,
not the effect of training without a component. Shared row scales are 0—100% and 0-5%; lower-row
points denote available windows and lines connect adjacent observations. Upper-row stacked shares
are linearly connected between adjacent windows.

Component share measures weight magnitude, whereas removal TV measures its effect on the normal-
ized allocation. These complementary statistics describe one demonstration at fixed model parameters.

G SCOPE OF PHYSICAL-ROBOT EVIDENCE

Sixteen task videos provide recorded manipulation sequences. Tasks 04, 06, 08, and 11 appear in
Figure [} Figures [SHI0 cover the twelve other recorded tasks. Each row contains four chronologically
ordered frames from one video: initial configuration, task-specific intermediate events, and a visible
terminal configuration. Selection follows actions rather than equal time intervals; timestamps are
source-video times. Task 15 places a hamburger in a takeaway box and closes the lid; its final frame
shows both arms returned. Task 16 packs a phone into its box and fits the lid. This supplementary
task is excluded from the fifteen-task main comparison.

All 64 frames are decoded directly from the sixteen original videos at the reported timestamps. Tight
opaque masks cover incidental packaging and equipment text, including chest branding; additional
masks cover the visible torso while preserving foreground arms and hands. Task-defining numerals
and mahjong symbols, timestamps, and stage labels are retained. Original cloth marks, object details,
and robot poses are retained. Display frames are downsampled and JPEG-compressed; no generative
editing or inpainting is applied. Original videos and unmasked extracted frames are retained.

Supplementary phone packing. For packing a phone into its box and closing the lid, the supplied
results report SRs of 5% for 7y 5 and 85% for Ours.

H POST-TRAINING IMPLEMENTATION AND EVALUATION

Agent implementation and experimental workflow. Completed task results and failure evidence
are supplied to an improvement agent based on Claude Opus 5 or GPT 5.6 Sol. The agent returns
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01 Cover the largest and smallest circles
) N

. h _
Covering the first target Covering the second target
02 Unpack the cake and place it in a bowl
I} %

b | N

Opening the package
03 Place fruits on a tray

)8

Transferring the cake

First placement Further placements

05 Nest three bowls
17.0s,

First bowl nested ‘Second bowl aligned Final configuration

Initial configuration

Figure 8: Additional recorded task sequences (I). Tasks 01, 02, 03, and 05 show circle-size
selection, cake unpacking and placement, fruit placement, and bowl nesting. Frames are event-
aligned within each source video; torsos and incidental text are masked before display downsampling
and compression.

a post-training proposal specifying the parent policy, target behaviors, training-data allocation, and
parameter-update scope. Training produces a candidate for task-level evaluation. Improved task capa-
bilities enter the repertoire; unsuccessful candidates are excluded from active execution. Evaluation
outcomes feed the next proposal, linking policy learning to repeated experimental decisions.

Evaluation object. The full system combines task-specialized policies developed on the RAP-
WAM substrate. Its task-to-policy assignment is part of the evaluated system specification. SR and
Score for a task refer to the same policy execution record; parameters and within-episode action
fragments are not averaged across policies. The numerical source manifest preserves task identities,
policy identities, and original summary paths.

Aggregation. The complete system has Generalization SR/Score of 10.50/14.375, Precision
21.0255/28.6617, Long-Horizon 36.5000/48.4318, Memory 9.3333/10.3167, and Open 0.75/1.1625.
Applying Equation [12]| gives 15.6218% SR and 20.5895 Score, rounded to 15.62% and 20.59 in
the main text. Tabl% shows Generalization’s standard and random columns separately, recon-
structed from the corresponding task-policy records. The local base comparison uses identical
capability denominators.

Inference configuration. Evaluation uses 30 denoising steps, replanning every eight actions, nine-
step Savitzky—Golay smoothing, and four-action boundary blending. Each task assignment identifies
the policy architecture, checkpoint, normalizer, and inference path.

Component comparisons. Separating policy learning from agentic decision-making requires
matched data, training compute, interaction counts, and retry budgets. The relevant comparisons
are continued training without agent-guided intervention, refinement with history reset, and the
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07 Place three cans on a tray

First can placed Second can placed

09 Place food in separate dishes

First item placed Second item placed

10 Place a can on a coaster
v 10.0's

Can grasped
12 Align disposable towels an

1355 2

Align disposable towels Move thick towel

13 Arrange a pair of shoes

\ 1595/

Reorient first shoe

Initial

Align second shoe Arms returned

14 Mahjong kong formation
\

i

Initial First tile revealed

1\a

15 Pack a hamburger and close the box
¥

"‘1 (

. Further tiles revealed

Initial Place burger in box i Close the lid Arms returned

Figure 9: Additional recorded task sequences (II). Tasks 07, 09, and 10 show can placement, food
placement, and coaster placement. Task 12 aligns disposable towels and places a thick towel on top;
the torso and packaging text are masked; the recorded scene is otherwise retained. Tasks 13 and 14
show shoe organization and mahjong kong formation. Task 15 places a hamburger in a box and closes
its lid, ending with both arms returned. Timestamps and frame-selection conventions follow Figure [§]

complete feedback loop. Removing response-based credit tests the local learning rule; resetting
experiment history tests the role of cross-round evidence. The reported system comparison eval-
uates the combined procedure.
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16 Pack aphoneinto its box

N

Initia Position the phone Fit thelid Arms returned

Figure 10: Additional recorded task sequence (III). Task 16 packs a phone into its box and fits the
lid. The four original-video frames show the initial configuration, phone positioning, lid placement,
and the final configuration with both arms returned. Torso and incidental packaging and equipment
text are masked; timestamps refer to the source video.

Post-training implementation. In the continuation experiment with demonstration replay, we
start from base step 742500, updating all action-generating parameters with AdamW and cosine
decay. Learning-rate warmup lasts 2,000 updates; rehearsal, state-substitution, and credit schedules
restart over 5,000 updates. Its immutable demonstration sampler uses 50% natural replay, 20%
task-balanced replay, 15% reliable failure-boundary windows, and 15% late-progress windows. The
source covers 35 training tasks; failure-boundary evidence is available for 21. Five virtual epochs
correspond to ten source-dataset equivalents, with a final training step of 145,585. The final repertoire
uses intermediate checkpoints at 12,500, 25,000, and 50,000 steps; the last training checkpoint is
not automatically the retained policy for every task.

Task-level improvement. The final assignment retains the base for 14 of 42 tasks and uses 16
specialist checkpoints for the other 28, drawing on 30 recorded candidate identities. Nine specialists
are obtained within 5,000 additional optimization steps, indicating that useful task-specific refinements
can emerge from short training runs. Success improves on 24 tasks; four other substitutions improve
Score at unchanged SR. The capability-balanced SR gain is 2.7697 percentage points, from 12.8520%
to 15.6218%. These checkpoint budgets describe the retained solutions; total development cost also
includes longer training branches and candidate evaluation.

The base serves 14 tasks, while 16 other checkpoint identities serve 28. Different specialists serve dif-
ferent capability groups. Assignments use the observed evaluation results, as specified in Appendix [H]

Evaluation scope. The RAP-WAM base and post-trained repertoire use no external embodied
pretraining. Task-policy selection uses observed evaluation results; the reported evidence does
not include an independent held-out policy-selection test. Runs also differ in RNG and live-VAE
metadata, so they are not paired stochastic replicates. This RoboDojo comparison evaluates integrated
simulation performance. Real-robot results are reported separately in Figure [}

Replay-intervention parameter values. The sampler uses 7o) = 0.15, by = 0.08, byax = 0.22,
Kk = 0.5, Thoundary = 0.30, Ktallback = 128, and Tiaee = 0.65. The replay proportions are
(0.50,0.20,0.15,0.15) in the order used in Section giving 2N virtual windows. Learning rates
are Npackbone = 107> and Nintertace = 3 X 1075, AdamW uses betas (0.9,0.95) and weight decay
10~ for decayed parameter groups, with zero decay for the excluded groups; warmup lasts 2,000
optimizer steps, followed by cosine decay. Candidate checkpoints are saved every 2,500 steps. These
values instantiate the replay intervention used in the experiments.

Execution evidence to a training distribution. For each task, the execution profile records the
fraction of failed episodes with positive partial-completion scores, together with a center ¢; and
quartiles ¢o5 ¢, g75 ;. Boundary replay is enabled for eligible tasks whose positive-failure fraction
reaches a reliability threshold 7). A demonstration window at offset &£ has normalized progress
p = k/max(1,L — H), with p = 1 if no offset range is available; L is episode length and
H the required sequence span. Set by = clip(bmin + £(¢75.t — @25.t), Dmin; bmax) and proximity
w = exp[—(p — ¢)?/(2b?)]. The boundary pool contains windows with w > T,oundary; an empty
pool falls back to the Kfanpack highest-proximity windows, capped by the available count. The
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P01 1 1
P02 2

P03 1

P04 1 1

P05 1 1
P06 1 1

P07 1 2

P08 2

P09 1 1
P10 1

P11 1 1

P12 1 1
P13 1

P14 1 1

P15 1

P16 1

Generalization Precision Long-Horizon Memory Open

Cell values: assigned task count

Figure 11: Task assignments in the retained repertoire. Each cell counts tasks assigned to the base
or a retained specialist within one capability group; blank cells denote zero assignments. PO1-P16
identify existing checkpoints, with identities recorded in the accompanying manifest. This is the final
repertoire snapshot, not an iteration history or a policy-removal experiment.

late-progress pool uses p > Tiate. This transfers a task-level score profile to demonstration progress
as a sampling heuristic, rather than estimating a physical failure time.

Continued training and candidate generation. The training distribution combines natural re-
play, task-balanced replay, boundary replay, and late-progress replay with nonnegative proportions
Otnaturaly Obalanced s @boundary » Mate SUMMInNg to one. A virtual epoch preserves one complete pass
over the source windows and adds the other pools in these proportions. Additional samples are
balanced across eligible tasks and drawn uniformly within each task pool, with replacement only
when the requested count exceeds pool size. Images and action labels remain unchanged. The selected
parent is then optimized using the existing RAP-WAM objectives. The backbone and action interface
use separate learning rates 7backbone aNd NMinterface; the latter covers the action head, action/state
encoders, query tokens, and projections. The optimizer runs within a specified update budget, saving
candidates at a prescribed interval for evaluation. The replay-intervention parameter values above
specify the thresholds, mixture proportions, optimizer configuration, and checkpoint schedule.

Per-task episode accounting. All reported aggregates use the same 42-task definition. Each task
uses its valid evaluated layouts; the evaluation records contain 49 for Deposit coin and 44 for Fill
egg holder, shared by the base and candidate policies. The source summaries and per-layout records
were cross-checked; duplicate records were counted once. Candidate selection uses observed SR first
and Score to break ties, with both metrics taken from one policy. Deposit coin uses PO7 at 12,500
post-training steps (5/49 successes, Score 14.6939); Fill egg holder retains the base (0/44, Score
12.9545). Metrics are computed directly over these valid episodes. The unified base aggregate is
12.8520% SR / 17.8602 Score, and the system aggregate is 15.6218% / 20.5895, a gain of 2.7697
percentage points and 2.7293 Score.

The base has the highest aggregate SR and Score among the individual checkpoints in this candidate
pool. Nevertheless, refinements improve subsets of tasks while regressing on others. The retained
assignment combines these local gains and reaches 15.62% SR and 20.59 Score. This distinguishes a
task-specialized improvement from a universal improvement of one checkpoint. All candidate results
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(a) Policy-level performance (b) Candidate task-wise changes
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Figure 12: Why retain task specialists? (a) All 30 candidate checkpoint identities, evaluated using
the same 42-task aggregation. Filled blue circles are retained specialists, open circles other candidates,
the square is the base, and the diamond is the task-conditioned system. Axis origins are truncated to
display the observed range. (b) For each of the 29 non-base candidates, tasks with lower SR (left)
or higher SR (right) relative to the base; unchanged tasks are omitted from the bars. Candidates are
ordered by average SR, with Score breaking ties. P identifiers match Figure[IT} U identifiers denote
unused candidates.

are shown, including candidates excluded from the repertoire. The comparison uses the observed
results involved in policy selection; the system point is reconstructed from its task assignments, rather
than an independent validation or evidence that the same gains persist under new seeds. Inference
metadata differences are described in Appendix

H.1 POST-TRAINING AND POLICY-RETENTION DETAILS

Building on execution-feedback approaches (Xiao et al.,[2026} |Lu et al., 2026)), the outer improve-
ment loop uses experiment results to guide continued training, retain useful task specializations, and
combine them through task-conditioned execution. Its state X, = (B, g,, H,-) contains the policy
repertoire, task assignment, and experiment history; the repertoire initially contains RAP-WAM. Train-
ing creates candidates, while evaluation and retention determine which capabilities remain available.

From execution evidence to continued training. At round 7, completed experimental results
are supplied to a language-model-based improvement agent. Its input F,. contains task outcomes,
execution trajectories, and available model diagnostics; the agent uses these results to design the
next post-training procedure. The agent compares weak task behavior with previous interventions
in H, to formulate a hypothesis about a learning bottleneck. It then specifies u..: the parent policy,
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target tasks or execution phases, the data or training-code change, and the trainable parameter set.
This is a decision about the learning procedure; the policy optimizer carries out the resulting update:
The intervention and optimization are defined by Equation [I0] Agent-guided refinement yields
multiple task specializations with only a few thousand fine-tuning steps, reusing existing policies
and demonstrations. The operator Ur ap updates designated parameters from a parent checkpoint
while preserving that policy. The replay intervention below instantiates this process; implementation
details and workflow provenance appear in Appendix [H]

Evidence-guided continued training. The intervention mixes ordinary, task-balanced, failure-
boundary, and late-progress demonstrations: ¢, = ¢ yatural,balanced,boundary,late} @5 > With
a; >0and )" ; @ = 1. Boundary windows are selected by proximity to a score-derived task profile;
reliability thresholds and fallback rules handle weak evidence or empty pools. Ordinary replay
maintains demonstration coverage. All pools retain recorded observations and action targets. Training
optimizes the RAP-WAM objectives from the parent checkpoint, with intermediate checkpoints
evaluated as candidates. Appendix [H|specifies window selection, optimizer settings, and budgets.
The score-to-progress mapping is a sampling heuristic, not a measurement of physical failure time.

Retention and task-conditioned composition. Task-wise comparison with the current assignment
gr produces a result vector &, of success, partial completion, and observed failures. Let C,. contain
the tasks on which the candidate is accepted. The comparison retains a task-level change vector
A; = (ASRy, AScore;) relative to the incumbent on each task, so improvements and regressions
are not hidden by an aggregate mean. Both metrics must come from the same candidate execution
record. Their assignments switch to the candidate; other tasks retain their policies. A candidate
with an accepted improvement enters the repertoire; if C, = &, it is discarded from the active
policy set and g, is unchanged:

B’f“+1 = Retain(B7'7 ﬂ-j7 C"")? gr+1 = ASSign(BT'+lch'7 g7”)7 HT'+1 = H"" U {(-FV'7 Ur, 57‘7 CT)} (29)

The base and previously useful policies remain available. For task ¢ and observation history o<y,
the system executes

ag ~ Wg,.(t)(' | o<k, t). (30)

The outer assignment selects a complete learned policy; credit coefficients govern supervision
within policy training. Task-level comparison determines retention, with evaluation accounting
specified in Appendix

Closing the improvement loop. History retains interventions, task-wise outcomes, and acceptance
decisions, including rejected candidates. Later rounds can revise unsuccessful hypotheses and
continue from useful specialists. Each evaluation is supplied back to the agent to design the next
post-training round. The resulting loop is evaluate, propose, train, re-evaluate, and retain or discard.
Discarding a policy does not imply discarding the experimental evidence used for the next decision.

I ADDITIONAL RELATED WORK

Generalist representations and action interfaces. OpenVLA adapts vision—language represen-
tations to robot actions (Kim et al.,|2024). GO.5 places reasoning and action in one autoregressive
stream (Liu et al.,2026)), while Xiaomi-Robotics-1 scales action-labeled pretraining (Xiaomi Robotics
Team et al.,2026) and Hy-Embodied uses modality-specific computation with a flow-based action
expert (Zhang et al., [2026)). Spatial Forcing supplies geometric alignment targets (Li et al., 2026).
Our model learns its action interface on the target data. Its loss-coefficient rule uses the joint
model’s own outputs and existing future targets, rather than requiring an additional pretrained robot
expert or geometric-label pipeline.

Training with predicted inputs and adaptive supervision. Self Forcing trains video diffusion on
self-generated context with sequence-level supervision (Huang et al.,2025). Our rehearsal instead
supervises an adjacent recorded segment and retains its demonstration targets.

Scheduled sampling and interactive imitation learning address discrepancies between recorded demon-
stration inputs and histories produced by policy execution (Bengio et al., 2015 |Ross et al.,2011). Our
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adjacent-segment training replaces observed inputs with predictions while retaining recorded demon-
stration targets; it neither collects new interactions nor inherits interactive data-aggregation guarantees.
Prioritized replay and focal loss emphasize selected errors (Schaul et al., 2016; |Lin et al., [2017);
importance sampling targets estimator variance (Katharopoulos & Fleuret, |2018), and value-aware
model learning uses decision structure (Farahmand et al., 2017). response-based credit combines
persistent error with action response, and projects the same response into spatial and temporal su-
pervision. RoboDojo and RoboTwin offer complementary manipulation benchmarks (Chen et al.,
2026b; 20235)); we report RoboDojo and real-robot task outcomes, alongside prediction diagnostics.

Synthetic trajectories and joint world action pretraining. UWM couples video and action
diffusion with independent modality timesteps (Zhu et al.,|2025)); DreamZero jointly models video
and actions to transfer across tasks and embodiments (Ye et al.,[2026b). Motus learns latent actions
from optical flow (Bi et al.,[2026)), and MotuBrain extends joint modeling to multiview and cross-
embodiment settings (MotuBrain Team et al., [2026). DreamGen generates synthetic task videos
and recovers pseudo-actions using latent-action or inverse-dynamics models (Jang et al., [2025). Our
rehearsal instead changes the conditioning context while retaining recorded demonstration targets;
response-based credit then redistributes supervision within that training. These approaches provide
architectural and data-generation context, not controlled evidence for the effect of our credit rule.

J RECORDED AND PREDICTED FUTURES IN REAL-ROBOT TRAINING

Figures[14H28| show one reproducible training example for 15 of the 16 real-robot tasks with external-
view video sequences in Appendix [G] Task 16 uses the completed Tencent Cloud phone-training run;
its configuration, checkpoint, and sample identity were independently verified. Each example uses
the final checkpoint of its audited task-training run. We select the median-length eligible continuous
training segment and its middle legal two-chunk window, before inspecting predictions or attention.
The archived exports used previously are replaced by these identified samples so that predictions
and attention come from the same forward trajectory. Recorded targets belong to the same training
sample as the prediction; the separately filmed external-view execution need not be the same episode.
Each model receives only the conditioning observation and recorded current state at inference. There
are no weight updates. The first column repeats the condition; offsets t + 1,¢ 4+ 4,t +8,t 4+ 12,t 4 16
index the sampled future sequence, not seconds.

Prediction metrics. Every predicted frame is labeled with RGB SSIM (Wang et al.,2004); figure-
level SSIM and LPIPS (Zhang et al., 2018) are arithmetic means over the five displayed future
frames, excluding the condition. SSIM uses an 11 x 11 Gaussian window with ¢ = 1.5, population
covariance, and channel averaging, excluding a five-pixel image border. LPIPS uses the official
AlexNet network, version 0.1, at native resolution with inputs mapped to [—1,1]. Both metrics
use decoded float images clipped to [0, 1], before privacy masks, quantization, or JPEG display
compression. The orange dashed baseline (‘“Repeat current frame”) uses the current conditioning
image itself as the prediction at every future position, without running the world model. For current
image I; and recorded future I;, its plotted error is LPIPS(Iy, I; ). Thus it measures how much
the recorded scene departs from remaining visually unchanged. Higher SSIM and lower LPIPS
indicate closer images. We also retain metrics for all 16 predicted frames in the accompanying data.

Attention and local error. The bottom strip shows the condition with a fixed task-region rectangle,
predictive-query attention, mean absolute RGB prediction error over the five displayed future frames,
and the horizon-wise LPIPS curve. Rectangles were marked from condition images and checked for
visible task coverage, independently of attention magnitude; they are coarse task regions, not object
segmentations, and do not track moving objects. Region SSIM and MAE use the same rectangle
in each future frame. A read-only probe records the actual self-attention query/key tensors after
normalization and rotary encoding, retaining the model’s additive mask and full softmax denominator.
We average all 24 heads and 16 predictive-query rows at layers 10, 20, and 30, and denoising
iterations 4, 8, and 16. We then display attention to the conditioning-time visual tokens. The spatial
grid is 7 x 7, displayed without smoothing. Attention color is density relative to a uniform spatial
distribution after conditioning on the displayed view, using a common 0-4x scale; error uses a
common [0, 0.15] scale. Values beyond either scale are clipped for display only. Region enrichment
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is its fraction of attention divided by its fraction of image area; 1 denotes uniform allocation. Raw
attention masses and layer/iteration maps are retained.

Scope of the evidence. Across these 15 selected examples, mean SSIM is 0.879 versus 0.814
for persistence, and mean LPIPS is 0.018 versus 0.095. Under the fixed aggregation, 1 of 15 task
regions have attention enrichment above 1. Thus these maps do not establish preferential attention
to task objects or accurate object recognition. They are descriptive internal diagnostics, not causal
explanations. The examples come from training data and different task checkpoints; they do not
establish held-out prediction quality, task success, or the separate contribution of response-based
credit or agentic refinement. Incidental text and visible background faces are masked at paired
locations; task numerals and mahjong symbols remain. Display editing is limited to deterministic
masking, display downsampling, and compression.

Horizon-wise comparison. The fourth diagnostic panel in each task figure plots LPIPS over all 16
predicted frames, against the copy-condition baseline, using a common vertical scale within each
domain. Figure|l3|aggregates all 15 real-robot and 35 simulation windows with equal task and frame
weights. Full-horizon mean LPIPS decreases by 81.8% for real robots and 86.3% for simulation,
computed as one minus the ratio of the model and baseline grand means. Every task has a lower
full-horizon mean, although individual frames can favor persistence; all frames and tasks are retained.
These comparisons demonstrate improved future-image fidelity over repeating the current observation
on the selected training windows. They do not isolate the contribution of response-based credit or
compare against an independently trained base model.

= World model = = Repeat current frame
Real robot (15 tasks) RoboDojo (35 tasks)
0.4 0.4
Mean LPIPS reduction: 81.8% Mean LPIPS reduction: 86.3%

E 15/15 task means improve 35/35 task means improve
5 0.3 03
£
R
B
2 02+ 0.2 —m—_———
= - - -
;1/ —— - P -
& 0.1 = 0.1 -
=] —_— -
— - L ”

0.0 T T T 1 0.0 T T T 1

1 4 8 12 16 1 4 8 12 16
Future-frame index Future-frame index

Figure 13: Prediction error over the full future horizon. Solid blue curves show the world model.
Dashed orange curves show the LPIPS between the unchanged current image and each recorded
future frame: the current image is reused as the future prediction, without model inference. Lines are
task means, and shaded bands show the 25th—75th percentiles across the selected task windows, not
confidence intervals. Both panels use the same vertical scale. Relative reductions use all 16 frames;
the condition is excluded.
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Condition

SSIM 0.859 SSIM 0.870 " ssIM 0868 " ssIM0873 ' SSIM 0.872
Mean SSIM: 0.869 | LPIPS:0.019 (SSIM higher / LPIPS lower is better)
Repeat current frame: SSIM 0.843/ LPIPS 0.049

Query attention Mean pixel error LPIPSvs. future frame
i — Model — - Repeat current frame
0.30
0.154
0.00 = ‘ ‘
8 16

ROI attention enrichment: 0.77x | ROI SSIM: 0.840 | ROI MAE: 0.024

0 4x 0 0.15

Figure 14: Task 01: Cover the largest and smallest circles.

Condition t+1 t+4 t+8 t+12 t+16

Recorded
GM)

Predicted

SSIM 0.841 SSIM 0.854 SSIM 0.852 SSIM 0.864 SSIM 0.876
Mean SSIM: 0.857 | LPIPS:0.024 (SSIM higher / LPIPS lower is better)
Repeat current frame: SSIM 0.775/ LPIPS 0.204

Condition + ROI Query attention Mean pixel error LPIPSvs. future frame

——Model = = Repeat current frame

0.30
P
-
-

0154 7

4

2
v
0.00 T ]
8 16

ROI attention enrichment: 0.54x | ROl SSIM: 0.855 | ROI MAE: 0.025

0 4x 0 0.15

Figure 15: Task 02: Unpack the cake and place it in a bowl.
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Condition

SSIM 0.866 SSIM 0.877 SSIM 0.886 SSIM 0.887
Mean SSIM: 0.880 | LPIPS; 0.013 (SSIM higher / LPIPS lower is better)

Repeat current frame: SSIM 0.833/ LPIPS 0.083
Query attention Mean pixel error

Condition + ROI LPIPSvs. future frame

——Model == Repeat current frame
030

ROI attention enrichment: 0.68x | ROI SSIM: 0.856 | ROI MAE: 0.028

0 4x 0 0.15

Figure 16: Task 03: Place fruits on a tray.

Condition t+1 t+4 t+8 t+12 t+16

Recorded
GM)

Predicted

SSIM 0.839 SSIM 0.857 SSIM 0.876 SSIM 0.881 SSIM 0.881
Mean SSIM: 0.867 | LPIPS; 0.023 (SSIM higher / LPIPS lower is better)

Repeat current frame: SSIM 0.727 / LPIPS 0.168
Condition + ROI Query attention Mean pixel error

LPIPSvs. future frame

——Model = = Repeat current frame
0.309

0.154 -

ROI attention enrichment: 0.74x | ROl SSIM: 0.849 | ROI MAE: 0.033

0 4x 0 0.15

Figure 17: Task 04: Reorder three different types of bottles by height.
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Condition

Predicted

SSIM 0.878 SSIM 0.884 SSIM 0.893 SSIM 0.892 SSIM 0.890
Mean SSIM: 0.887 | LPIPS; 0.015 (SSIM higher / LPIPS lower is better)

Repeat current frame: SSIM 0.787 / LPIPS 0.073

Condition + ROI Query attention Mean pixel error LPIPSvs. future frame

——Model == Repeat current frame
030

0.154

ROI attention enrichment: 0.64x | ROI SSIM: 0.849 | ROl MAE: 0.022

0 4x 0 0.15

Figure 18: Task 05: Nest three bowls.

Condition t+1 t+4 t+8 t+12 t+16

Predicted

SSIM 0.885 SSIM 0.895 SSIM 0.905 SSIM 0.905 SSIM 0.898
Mean SSIM: 0.897 | LPIPS:0.012 (SSIM higher / LPIPS lower is better)
Repeat current frame: SSIM 0.887 / LPIPS 0.038

Condition + ROI Query attention Mean pixel error LPIPSvs. future frame

——Model = = Repeat current frame
0.30

ROI attention enrichment: 0.82x | ROl SSIM: 0.850 | ROI MAE: 0.019

0 4x 0 0.15

Figure 19: Task 06: Rearrange numbered blocks.
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Condition

Recorded
(G
Predicted
SSIM 0.851 SSIM 0.864 SSIM 0.871 SSIM 0.875 SSIM 0.875
Mean SSIM: 0.867 | LPIPS: 0.019 (SSIM higher / LPIPS lower is better)
Repeat current frame: SSIM 0.780/ LPIPS 0.105
Condition + ROI Query attention Mean pixel error LPIPSvs. future frame
5 3 — Model =~ Repeat current frame
030
0154 eeeemTTT
0.00 . )
8 16
ROI attention enrichment: 0.42x | ROI SSIM: 0.829 | ROI MAE: 0.035
0 4x 0 0.15
Figure 20: Task 07: Place three cans on a tray.
Condition t+1 t+4 t+8 t+12 t+16
Recorded
(GT)
Predicted

SSIM 0.892 SSIM 0.898 SSIM 0.908 SSIM 0.907 SSIM 0.914
Mean SSIM: 0.904 | LPIPS; 0.012 (SSIM higher / LPIPS lower is better)

Repeat current frame: SSIM 0.850 / LPIPS 0.063
Condition + ROI Query attention Mean pixel error

LPIPSvs. future frame

——Model = = Repeat current frame

ROI attention enrichment: 0.75x | ROl SSIM: 0.867 | ROI MAE: 0.023

0 4x 0 0.15

Figure 21: Task 08: Cover the largest and smallest numbers.
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Condition t+8 t+12 t+16

Recorded
GT)

Predicted
SSIM 0.884 SSIM 0.895 SSIM 0.903 SSIM 0.906
Mean SSIM: 0.899 | LPIPS:0.012 (SSIM higher / LPIPS lower is better)
Repeat current frame: SSIM 0.835/ LPIPS 0.094
Condition + ROI Query attention Mean pixel error LPIPSvs. future frame
——Model == Repeat current frame
030
oas4 -
0.00 = T )
8 16
ROl attention enrichment: 0.69x | ROl SSIM: 0.871 | ROl MAE: 0.019
0 ax 0 0.15
Figure 22: Task 09: Place food in separate dishes.
Condition t+1 t+4 t+8 t+12 t+16
Recorded
(GT)
Predicted

SSIM 0.830 SSIM 0.848 SSIM 0.859 SSIM 0.860 SSIM 0.861
Mean SSIM: 0.852 | LPIPS:0.021 (SSIM higher / LPIPS lower is better)
Repest current frame: SSIM 0.706 / LPIPS 0.123

Condition + ROI Query attention Mean pixel error LPIPSvs. future frame
——Model = = Repeat current frame
0.30
0.154 — e mmmm=m==TT
/”
0.00 T ]
8 16

ROI attention enrichment: 0.66x | ROl SSIM: 0.833 | ROI MAE: 0.024

0 4x 0 0.15

Figure 23: Task 10: Place a can on a coaster.
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Condition

Recorded
(GM)
Predicted
SSIM 0.872 SSIM 0.881 SSIM 0.893 SSIM 0.876
Mean SSIM: 0.875 | LPIPS: 0.019 (SSIM higher / LPIPS lower is better)
Repeat current frame: SSIM 0.830/ LPIPS 0.095
Query attention Mean pixel error LPIPSvs. future frame
g — Model — = Repeat current frame
030
0.154 -7 -
——- -
0.00 =5 ,
8 16
ROl attention enrichment: 1.04x | ROI SSIM: 0.867 | ROI MAE: 0.018
0 m— 4x 0 0.15
Figure 24: Task 11: Insert a folding fan into an open-top vessel.
Condition t+1 t+4 t+8 t+12 t+16
Recorded
(GT)
Predicted

SSIM 0.909 SSIM 0.916 SSIM 0.914 SSIM 0.912 SSIM 0.913
Mean SSIM: 0.913 | LPIPS:0.016 (SSIM higher / LPIPS lower is better)
Repeat current frame: SSIM 0.812/ LPIPS 0.130

Condition + ROI Query attention Mean pixel error LPIPSvs. future frame
— Model == Repeat current frame
030
0.154 e
-
| -
0.00 T J
8 16

ROI attention enrichment: 0.84x | ROI SSIM: 0.892 | ROI MAE: 0.022

0 4x 0 0.15

Figure 25: Task 12: Align disposable towels and place a thick towel on top.
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Condition

Recorded
(G
Predicted
SSIM 0.866 SSIM 0.871 SSIM 0.878 SSIM 0.880 SSIM 0.850
Mean SSIM: 0.869 | LPIPS: 0.017 (SSIM higher / LPIPS lower is better)
Repeat current frame: SSIM 0.831/ LPIPS 0.098
Condition + ROI Query attention Mean pixel error LPIPSvs. future frame
o i — Model — - Repeat current frame
030 ,
I”
4
0.15 Vi
4
————————— - -~
000 == ‘ ‘
1 8 16
ROI attention enrichment: 0.63x | ROI SSIM: 0.858 | ROI MAE: 0.019
0 4x 0 0.15
Figure 26: Task 13: Arrange a pair of shoes.
Condition t+1 t+4 t+8 t+12 t+16
Recorded
(GT)
Predicted

SSIM 0.883 SSIM 0.896 SSIM 0.901 SSIM 0.910 SSIM 0.909
Mean SSIM: 0.900 | LPIPS:0.015 (SSIM higher / LPIPS lower is better)
Repest current frame: SSIM 0.888 / LPIPS 0.031

Condition + ROI Query attention Mean pixel error LPIPSvs. future frame
” ! ——Model = = Repeat current frame
0.30
0.154
0.00 = ;
8 16

ROl attention enrichment: 0.75x | ROl SSIM: 0.917 | ROI MAE: 0.026

0 4x 0 0.15

Figure 27: Task 14: Mahjong kong formation.
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Condition

Recorded
GT)

Predicted

SSIM 0.868 SSIM 0.860 SSIM 0.855 SSIM 0.851 SSIM 0.824
Mean SSIM: 0.851 | LPIPS; 0.028 (SSIM higher / LPIPS lower is better)

Repeat current frame: SSIM 0.823/ LPIPS 0.065
Condition + ROI Query attention Mean pixel error

s,

ROI attention enrichment: 0.90x | ROI SSIM: 0.838 | ROI MAE: 0.022
0.15

LPIPSvs. future frame

——Model == Repeat current frame

-

0 4x 0

Figure 28: Task 16: Pack a phone into its box.

K RECORDED AND PREDICTED FUTURES IN ROBODOJO SIMULATION

Figures[29H63] show one identified training example for each of the 35 RoboDojo training tasks (task
IDs 00-34). All examples use the retained post-training checkpoint P09 (step 50,000) described in
Appendix [H} We preserve the training loader’s seed-42 validation exclusion, select the median-length
eligible training episode per task, and use its middle legal two-chunk window. Task IDs are verified
against dataset metadata, and the corresponding task-language embedding is explicitly supplied
during inference. Each figure pairs the recorded future with a 16-frame prediction sampled using
16 denoising steps. Inputs are the conditioning image, current state, and task-language embedding.
The 30-step setting in Appendix [A]applies to policy evaluation. The original head-and-two-wrist
camera mosaic is retained; task numbers denote dataset IDs, not difficulty ranks.

SSIM, LPIPS, the persistence baseline, and the fixed attention aggregation follow Appendix [J]} Global
similarity metrics use the full original 384 x 320 camera mosaic. The diagnostic bottom strip shows
only the head view, the upper 256 x 320 region; region metrics and attention enrichment are restricted
to that view. The original attention grid is 12 x 10 over the mosaic, with an 8 x 10 head-view subgrid.
It is displayed without smoothing across camera boundaries, with the same attention and error color
scales as the real-robot figures. Region rectangles were marked from conditions and checked for
visible task coverage, independently of attention magnitude.

Across the 35 selected training examples, mean SSIM is 0.942 versus 0.828 for the copy-condition
baseline, and mean LPIPS is 0.018 versus 0.134. SSIM improves on persistence in 34 of 35 examples
and LPIPS in all 35. None of the 35 marked regions has attention enrichment above 1 under this fixed
aggregation, so these maps do not support a claim of object-localized attention or object-recognition
accuracy. Coverage of all training task types is not a held-out evaluation: one window per task
cannot establish average trajectory fidelity, causal component gains, or rollout success. Incidental
text is masked for display while task-defining numbers, letters, and mahjong symbols are retained;
metrics are computed before masking and compression.
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Condition

[ale] 1 } ooes o ooee
Simulation
(G
00ee
Predicted
SSIM 0.957 SSIM 0.954 SSIM 0.931 SSIM 0.921 SSIM 0.920
Mean SSIM: 0.937 | LPIPS: 0.017 (SSIM higher / LPIPS lower is better)
Repeat current frame: SSIM 0.736 / LPIPS 0.217
Condition + ROI Query attention Mean pixel error LPIPSvs. future frame
N ——Model = = Repeat current frame
0.450 .
0.225 e -
0.000F— ; 3
1 8 16
ROl attention enrichment: 0.48x | ROI SSIM: 0.957 | ROl MAE: 0.011
0 4x 0 0.15
Figure 29: RoboDojo task 00: Arrange numbers.
Condition t+12
Simulation
(GT)
Predicted

SSIM 0.963 SSIM 0.967 SSIM 0.948 SSIM 0.938 SSIM 0.936
Mean SSIM: 0.951 | LPIPS; 0.015 (SSIM higher / LPIPS lower is better)

Repeat current frame: SSIM 0.786 / LPIPS 0.179

Query attention Mean pixel error LPIPSvs. future frame

Condition + ROI

——Model — = Repeat current frame
0.450

0.225 -

ROl attention enrichment: 0.56x | ROI SSIM: 0.959 | ROl MAE: 0.011

0 ax 0 0.15

Figure 30: RoboDojo task 01: Build a tower.
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Condition

Simulation
(G
Predicted
SSIM 0.963 SSIM 0.950 SSIM 0.949 SSIM 0922 SSIM 0.929
Mean SSIM: 0.943 | LPIPS: 0.017 (SSIM higher / LPIPS lower is better)
Repeat current frame: SSIM 0.864 / LPIPS 0.085
Condition + ROI Query attention Mean pixel error LPIPSvs. future frame
——Model = = Repeat current frame
0.450
0.225
0000 me===o oo ;
1 8
ROI attention enrichment: 0.56x | ROI SSIM: 0.931 | ROI MAE: 0.016
0 4x 0 015
Figure 31: RoboDojo task 02: Sort objects by category.
Condition t+12
Simulation
GM)
Predicted

SSIM 0.957 SSIM 0.960 SSIM 0.963 SSIM 0.965 SSIM 0.971
Mean SSIM: 0.963 | LPIPS; 0.009 (SSIM higher / LPIPS lower is better)

Repeat current frame: SSIM 0.848/ LPIPS 0.156

Condition + ROI Query attention Mean pixel error LPIPSvs. future frame

——Model — = Repeat current frame

ROl attention enrichment: 0.53x | ROl SSIM: 0.974 | ROl MAE: 0.007

0 ax 0 0.15

Figure 32: RoboDojo task 03: Remember covered block colors.
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Condition

Simulation
(G
Predicted
SSIM 0.961 SSIM 0.949 SSIM 0.940 SSIM 0.937 SSIM 0.933
Mean SSIM: 0.944 | LPIPS: 0.018 (SSIM higher / LPIPS lower is better)
Repeat current frame: SSIM 0.800/ LPIPS 0.181
Condition + ROI Query attention Mean pixel error LPIPSvs. future frame
——Model = = Repeat current frame
0.450
0225 ___e-==TTTTTTTT
0.000-F== ‘ ‘
1 8 16
ROI attention enrichment: 0.49x | ROI SSIM: 0.951 | ROI MAE: 0.011
0 4x 0 0.15
Figure 33: RoboDojo task 04: Insert a coin.
Condition
Simulation
(GT)
Predicted

SSIM 0.951 SSIM 0.920 SSIM 0.866 SSIM 0.875 SSIM 0.856
Mean SSIM: 0.894 | LPIPS; 0.043 (SSIM higher / LPIPS lower is better)

Repeat current frame: SSIM 0.713/ LPIPS 0.219

Condition + ROI Query attention Mean pixel error LPIPSvs. future frame

——Model — = Repeat current frame
0.450

0.225 -7

0.000 T 1
1

ROl attention enrichment: 0.67x | ROI SSIM: 0.912 | ROl MAE: 0.021

0 ax 0 0.15

Figure 34: RoboDojo task 05: Spell RoboDojo.
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Condition

Simulation
(G
Predicted
SSIM 0.965 SSIM 0.968 SSIM 0.971 SSIM 0.963 SSIM 0.961
Mean SSIM: 0.966 | LPIPS: 0.007 (SSIM higher / LPIPS lower is better)
Repeat current frame: SSIM 0.916 / LPIPS 0.040
Query attention Mean pixel error LPIPSvs. future frame
b ——Model = = Repeat current frame
0.450
0.225
T ke NaEEmlES 090090zl @@
L e S ]
8 16
ROI attention enrichment: 0.46x | ROI SSIM: 0.967 | ROI MAE: 0.010
0 4x 0 0.15
Figure 35: RoboDojo task 06: Tighten color-matched screws.
Condition t+12
Simulation
(GT)
Predicted

SSIM 0.939 SSIM 0.925 SSIM 0.911 SSIM 0.882 © S9IM 0871
Mean SSIM: 0.906 | LPIPS; 0.029 (SSIM higher / LPIPS lower is better)

Repeat current frame: SSIM 0.793 / LPIPS 0.181

Query attention Mean pixel error LPIPSvs. future frame

Condition + ROI

——Model — = Repeat current frame
0.450
0.225 o oseesT T TR
e
0.000 -7 T 1
1 8 16

ROl attention enrichment: 0.60x | ROl SSIM: 0.797 | ROl MAE: 0.034

0 ax 0 0.15

Figure 36: RoboDojo task 07: Store eggs and close the holder.
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Condition

Simulation
(G

SS| 0.925 SSIM 0.908 SSIM 0.917 SSIM 0.921 SSIM 0.926
Mean SSIM: 0.919 | LPIPS: 0.030 (SSIM higher / LPIPS lower is better)

Repeat current frame: SSIM 0.783/ LPIPS 0.213

Condition + ROI Query attention Mean pixel error LPIPSvs. future frame

——Model = = Repeat current frame
0.450

0.225 -
-

0.000+ T
1

ROI attention enrichment: 0.54x | ROI SSIM: 0.962 | ROI MAE: 0.009

0 ax 0 0.15

Figure 37: RoboDaojo task 08: Put pens into a holder.

Condition t+12

Simulation
GM)

SSIM 0.931 SSIM 0.906 SSIM 0.904 SSIM 0.902 SSIM 0.908
Mean SSIM: 0.910 | LPIPS; 0.021 (SSIM higher / LPIPS lower is better)

Repeat current frame: SSIM 0.842 / LPIPS 0.092

Condition + ROI Query attention Mean pixel error LPIPSvs. future frame

——Model — = Repeat current frame
0.450

0.225

0000 == ;

ROl attention enrichment: 0.48x | ROl SSIM: 0.806 | ROl MAE: 0.034

0 ax 0 0.15

Figure 38: RoboDojo task 09: Fold clothes.
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Condition

Simulation
(G
Predicted
SSIM 0.961 ~ SSIM 0.952 ~ SSIM 0.935 ~ SSIM 0,940 SSIM 0.921
Mean SSIM: 0.942 | LPIPS: 0.019 (SSIM higher / LPIPS lower is better)
Repeat current frame: SSIM 0.890/ LPIPS 0.072
Condition + ROI Query attention Mean pixel error LPIPSvs. future frame
——Model = = Repeat current frame
0.450
0.225 _
0,000+ === ‘
1 8 16
ROI attention enrichment: 0.70x | ROI SSIM: 0.947 | ROI MAE: 0.012
0 4x 0 015
Figure 39: RoboDojo task 10: Hang mugs.
Condition
Simulation
GM)
Predicted

SSIM 0.959 " SSIM 0.956 SSIM 0.957 SSIM 0.954 SSIM 0.955
Mean SSIM: 0.956 | LPIPS:0.012 (SSIM higher / LPIPS lower is better)
Repeat current frame: SSIM 0.867 / LPIPS 0.060

Query attention Mean pixel error LPIPSvs. future frame
——Model — = Repeat current frame
0.450
0.225
B — 3
8 16

ROl attention enrichment: 0.56x | ROl SSIM: 0.947 | ROl MAE: 0.014

0 ax 0 0.15

Figure 40: RoboDojo task 11: Recall object placement order.
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Condition

Simulation
(G
Predicted
SSIM 0.943 SSIM 0.951 SSIM 0.958 SSIM 0.957 SSIM 0.957
Mean SSIM: 0.953 | LPIPS: 0.013 (SSIM higher / LPIPS lower is better)
Repeat current frame: SSIM 0.816 / LPIPS 0.136
Query attention Mean pixel error LPIPSvs. future frame
——Model = = Repeat current frame
0.450
02254
0.000 7 J
1 8 16
ROI attention enrichment: 0.50x | ROI SSIM: 0.908 | ROI MAE: 0.017
0 4x 0 0.15
Figure 41: RoboDojo task 12: Insert a thick card.
Condition t+12
Simulation
(GT)
Predicted

SSIM 0.951 SSIM 0.954 SSIM 0.958 SSIM 0.955
Mean SSIM: 0.954 | LPIPS; 0.011 (SSIM higher / LPIPS lower is better)

Repeat current frame: SSIM 0.904 / LPIPS 0.063
Query attention Mean pixel error LPIPSvs. future frame

——Model — = Repeat current frame
0.450
0.225
0,000 == ‘ o
1 8 16

ROl attention enrichment: 0.45x | ROl SSIM: 0.958 | ROl MAE: 0.011
0.15

Condition + ROI

0 ax 0

Figure 42: RoboDojo task 13: Place tubes in a rack.
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Condition

Simulation
(G
Predicted
A kol AUTEH i
SSIM 0.967 SSIM 0.969 SSIM 0.970 SSIM 0.933
Mean SSIM: 0.957 | LPIPS: 0.010 (SSIM higher / LPIPS lower is better)
Repeat current frame: SSIM 0.931/ LPIPS 0.037
Query attention Mean pixel error LPIPSvs. future frame
A ——Model = = Repeat current frame
0.450
0.225
0.000+ ‘ — :
1 8 16
ROI attention enrichment: 0.58x | ROI SSIM: 0.957 | ROI MAE: 0.014
0 4x 0 0.15
Figure 43: RoboDojo task 14: Form a mahjong kong.
Condition t+12
Simulation
(GT)
Predicted

SSIM 0.924 SSIM 0.920 SSIM 0.902 SSIM 0.907 SSIM 0.870
Mean SSIM: 0.905 | LPIPS; 0.031 (SSIM higher / LPIPS lower is better)

Repeat current frame: SSIM 0.649 / LPIPS 0.312

Condition + ROI Query attention Mean pixel error LPIPSvs. future frame

——Model — = Repeat current frame
0.4504

0.2254 -~

0.000 T 1

ROl attention enrichment: 0.68x | ROI SSIM: 0.951 | ROl MAE: 0.014

0 ax 0 0.15

Figure 44: RoboDojo task 15: Toast bread.
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Condition

Simulation
(G
Predicted
» » »
SSIM 0.979 SSIM 0979 SSIM 0.981 SSIM 0.981 SSIM 0.981
Mean SSIM: 0.980 | LPIPS: 0.007 (SSIM higher / LPIPS lower is better)
Repeat current frame: SSIM 0.981 / LPIPS 0.010
Condition + ROI Query attention Mean pixel error LPIPSvs. future frame
——Model = = Repeat current frame
0.450
0.225
0.000+ " ]
1 8 16
ROI attention enrichment: 0.79x | ROI SSIM: 0.979 | ROl MAE: 0.007
0 4x 0 015
Figure 45: RoboDojo task 16: Match a remembered conveyor object.
Condition
Simulation
GM)

Predicted

SSIM 0.935 SSIM 0.902 SSIM 0.908 SSIM 0.916 SSIM 0.924
Mean SSIM: 0.917 | LPIPS: 0.025 (SSIM higher / LPIPS lower is better)

Repeat current frame: SSIM 0.735/ LPIPS 0.217

Condition + ROI Query attention Mean pixel error LPIPSvs. future frame

——Model — = Repeat current frame
\ 0450

0.2254 -

0.000 T 1

ROl attention enrichment: 0.75x | ROl SSIM: 0.954 | ROl MAE: 0.012

0 ax 0 0.15

Figure 46: RoboDojo task 17: Organize a desk.
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Condition

Simulation
(G
Predicted
SSIM 0.924 SSIM 0.904 SSIM 0.890 SSIM 0.904 SSIM 0.922
Mean SSIM: 0.909 | LPIPS: 0.034 (SSIM higher / LPIPS lower is better)
Repeat current frame: SSIM 0.752 / LPIPS 0.200
Query attention Mean pixel error LPIPSvs. future frame
= ——Model = = Repeat current frame
0.450
0.225 e,
0.000 — T ]
8 16
ROI attention enrichment: 0.58x | ROI SSIM: 0.858 | ROI MAE: 0.022
0 4x 0 0.15
Figure 47: RoboDojo task 18: Pack objects facing left.
Condition t+12
Simulation
(GT)
Predicted

../
SSIM 0.917 SSIM0909  SSIM0.925 ~ SSIM 0931 SSIM 0.936
Mean SSIM: 0.924 | LPIPS; 0.023 (SSIM higher / LPIPS lower is better)

Repeat current frame: SSIM 0.799 / LPIPS 0.175
Query attention Mean pixel error

LPIPSvs. future frame

Condition + ROI

——Model — = Repeat current frame
0.4504

0254 ___cmmmmmmm—mm o

ke
0.000 T 1

ROl attention enrichment: 0.56x | ROl SSIM: 0.883 | ROl MAE: 0.028

0 ax 0 0.15

Figure 48: RoboDojo task 19: Play the xylophone.
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Condition

SSIM 0.968 SSIM 0.958 SSIM 0.955 SSIM 0.954 SSIM 0.924
Mean SSIM: 0.952 | LPIPS: 0.013 (SSIM higher / LPIPS lower is better)

Repeat current frame: SSIM 0.846 / LPIPS 0.129
Query attention Mean pixel error

‘ -

ROI attention enrichment: 0.49x | ROI SSIM: 0.932 | ROl MAE: 0.017
015

Condition + ROI LPIPSvs. future frame

——Model = = Repeat current frame
0.450

0.225

0 ax 0

Figure 49: RoboDojo task 20: Assemble a stacking toy.

Condition t+12

Simulation
GM)

SSIM 0.968 SSIM 0.972 SSIM 0.974
Mean SSIM: 0.968 | LPIPS; 0.007 (SSIM higher / LPIPS lower is better)

Repeat current frame: SSIM 0.891/ LPIPS 0.045
Query attention Mean pixel error LPIPSvs. future frame

- ——Model — = Repeat current frame
0.450
0.225
0.000+ ——— ‘
8 16

ROl attention enrichment: 0.45x | ROl SSIM: 0.961 | ROl MAE: 0.011
0.15

Condition + ROI

0 ax 0

Figure 50: RoboDojo task 21: Play tic-tac-toe.
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Condition

Simulation
(G
Predicted
SSIM 0.942 SSIM 0.950 SSIM 0.960 SSIM 0.968 SSIM 0.963
Mean SSIM: 0.957 | LPIPS: 0.014 (SSIM higher / LPIPS lower is better)
Repeat current frame: SSIM 0.818 / LPIPS 0.194
Condition + ROI Query attention Mean pixel error LPIPSvs. future frame
——Model = = Repeat current frame
0.450
0.225 e m T
0.000 7 J
1 8 16
ROI attention enrichment: 0.47x | ROI SSIM: 0.958 | ROI MAE: 0.012
0 4x 0 0.15
Figure 51: RoboDojo task 22: Plug in a charger.
Condition
Simulation
(GT)
Predicted

@:.

SSIM 0.916

SSIM 0.909 SSIM 0.922 SSIM 0.925 'SSIM 0923
Mean SSIM: 0.919 | LPIPS: 0.025 (SSIM higher / LPIPS lower is better)

Repeat current frame: SSIM 0.676 / LPIPS 0.262

Query attention Mean pixel error LPIPSvs. future frame

Condition + ROI

——Model — = Repeat current frame
0.4504

02254 -~
b

0.000 T 1

ROl attention enrichment: 0.54x | ROI SSIM: 0.929 | ROl MAE: 0.015

0 ax 0 0.15

Figure 52: RoboDojo task 23: Pour balls into a vase.
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Condition

Simulation
(G
Predicted
SSIM 0.975 SSIM 0.971 SSIM 0.973 SSIM 0.972 SSIM 0.972
Mean SSIM: 0.973 | LPIPS: 0.007 (SSIM higher / LPIPS lower is better)
Repeat current frame: SSIM 0.965 / LPIPS 0.013
Condition + ROI Query attention Mean pixel error LPIPSvs. future frame
——Model = = Repeat current frame
0.450
0.225
0.000 7 o
1 8 16
ROI attention enrichment: 0.56x | ROI SSIM: 0.937 | ROI MAE: 0.016
0 4x 0 0.15
Figure 53: RoboDojo task 24: Pour liquid into a cup.
Condition t+12
Simulation
(GT)
Predicted

SSIM 0.928 SSIM 0.941 SSIM 0.930 SSIM 0.948 SSIM 0.960
Mean SSIM: 0.942 | LPIPS; 0.017 (SSIM higher / LPIPS lower is better)

Repeat current frame: SSIM 0.671/ LPIPS 0.321

Condition + ROI Query attention Mean pixel error LPIPSvs. future frame

——Model — = Repeat current frame
0.450

B | e

02254 77
.

0.000 T 1
1 8 16

ROl attention enrichment: 0.45x | ROl SSIM: 0.951 | ROl MAE: 0.012

0 ax 0 0.15

Figure 54: RoboDojo task 25: Count button presses.
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Condition

Simulation
(G
- i
SSIM 0.941 SSIM 0.943 SSIM 0.943
Mean SSIM: 0.944 | LPIPS: 0.018 (SSIM higher / LPIPS lower is better)
Repeat current frame: SSIM 0.880/ LPIPS 0.115
Query attention Mean pixel error LPIPSvs. future frame
——Model = = Repeat current frame
0.450
0.225 L
0.000 = 7 ]
. 1 8 16
ROI attention enrichment: 0.64x | ROI SSIM: 0.904 | ROI MAE: 0.015
0 4x 0 0.15
Figure 55: RoboDojo task 26: Align a T-shaped block.
Condition
Simulation
(GT)
Predicted

SSIM 0.955 SSIM 0.899 SSIM 0.896 SSIM 0.877 SSIM 0.852
Mean SSIM: 0.896 | LPIPS: 0.054 (SSIM higher / LPIPS lower is better)

Repeat current frame: SSIM 0.674/ LPIPS 0.238

Query attention Mean pixel error LPIPSvs. future frame

Condition + ROI

——Model — = Repeat current frame

ROl attention enrichment: 0.60x | ROl SSIM: 0.873 | ROl MAE: 0.022

0 ax 0 0.15

Figure 56: RoboDojo task 27: Discard bottles.
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Condition

Simulation
(G

Predicted

SSIM 0.966 SSIM 0.923 SSIM 0.905 SSIM 0.940 . SSIM 0.868
Mean SSIM: 0.921 | LPIPS: 0.032 (SSIM higher / LPIPS lower is better)

Repeat current frame: SSIM 0.907 / LPIPS 0.081

Condition + ROI Query attention Mean pixel error LPIPSvs. future frame

——Model = = Repeat current frame
0.450

0.225

ROI attention enrichment: 0.56x | ROI SSIM: 0.834 | ROI MAE: 0.031

0 ax 0 0.15

Figure 57: RoboDojo task 28: Order nesting dolls.
Condition t+1

t+4 t+8
Simulation
GM)
- i i i i i

SSIM 0.967 SSIM 0.966 SSIM 0.952 SSIM 0.952 SSIM 0.941
Mean SSIM: 0.955 | LPIPS; 0.012 (SSIM higher / LPIPS lower is better)

Repeat current frame: SSIM 0.926 / LPIPS 0.060
Query attention Mean pixel error LPIPSvs. future frame

) ——Model — = Repeat current frame
0.450
« 0.225
0.000+ — i
1 8 16

ROl attention enrichment: 0.51x | ROl SSIM: 0.934 | ROl MAE: 0.012
0

t+16

Condition + ROI
==

- |

ax 0 0.15

Figure 58: RoboDojo task 29: Stack textured blocks.
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Condition

Simulation
(G
Predicted
SSIM 0.969 SSIM 0.962 SSIM 0.963
Mean SSIM: 0.963 | LPIPS: 0.011 (SSIM higher / LPIPS lower is better)
Repeat current frame: SSIM 0.893/ LPIPS 0.077
Condition + ROI Query attention Mean pixel error LPIPSvs. future frame
——Model = = Repeat current frame
0.450
0.225
P Pt ‘
1 8 16
ROI attention enrichment: 0.52x | ROI SSIM: 0.949 | ROI MAE: 0.013
0 4x 0 0.15
Figure 59: RoboDojo task 30: Stack bowls.
Condition
Simulation
(GT)
Predicted

i i J
i d i [l 1 .
SSIM 0.966 SSIM 0.962 SSIM 0.962 SSIM 0.955
Mean SSIM: 0.956 | LPIPS: 0.012 (SSIM higher / LPIPS lower is better)

Repeat current frame: SSIM 0.831/ LPIPS 0.068
Query attention Mean pixel error LPIPSvs. future frame

——Model — = Repeat current frame
0.450
0.225
0,000 == T 1
1 8 16

ROl attention enrichment: 0.78x | ROI SSIM: 0.959 | ROI MAE: 0.011
0.15

SSIM 0,935

0 ax 0

Figure 60: RoboDojo task 31: Store headphones and a laptop.
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Condition

Simulation
(G
Predicted
SSIM 0.961 SSIM 0.968 SSIM 0.972 SSIM 0.959 SSIM 0.943
Mean SSIM: 0.960 | LPIPS: 0.010 (SSIM higher / LPIPS lower is better)
Repeat current frame: SSIM 0.834 / LPIPS 0.102
Condition + ROI Query attention Mean pixel error LPIPSvs. future frame
——Model = = Repeat current frame
0.450
o.zz% e
P ittt ‘
1 8 16
ROl attention enrichment: 0.54x | ROI SSIM: 0.954 | ROl MAE: 0.010
0 4x 0 0.15
Figure 61: RoboDojo task 32: Swap T-shaped blocks.
Condition
Simulation
(GT)
Predicted

SSIM 0.964 SSIM 0.966 SSIM 0.969 SSIM 0.970 SSIM 0.959
Mean SSIM: 0.966 | LPIPS; 0.007 (SSIM higher / LPIPS lower is better)

Repeat current frame: SSIM 0.874/ LPIPS 0.045

Condition + ROI Query attention Mean pixel error LPIPSvs. future frame

——Model — = Repeat current frame
0.450

0.225

ROl attention enrichment: 0.45x | ROl SSIM: 0.955 | ROl MAE: 0.013

0 ax 0 0.15

Figure 62: RoboDojo task 33: Swap blocks via an empty mat.
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Condition

Simulation
(G

Predicted

SSIM 0.968 SSIM 0.956 SSIM 0.954 SSIM 0.955 SSIM .953
Mean SSIM: 0.957 | LPIPS: 0.013 (SSIM higher / LPIPS lower is better)

Repeat current frame: SSIM 0.890/ LPIPS 0.079
Query attention Mean pixel error

Condition + ROI

LPIPSvs. future frame

——Model = = Repeat current frame
0.450

ROl attention enrichment: 0.57x | ROI SSIM: 0.908 | ROI MAE: 0.017

0 ax 0 0.15

Figure 63: RoboDojo task 34: Sweep blocks.
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