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This document holds the material the main paper refers to but has no room for:
the code release, the full module-coverage matrix and how it was scored, the
RSSM parameter breakdown, significance tests alongside the Wilson intervals,
and a few implementation details. Reference numbers are those of the main
paper, whose list is reproduced in full.

S1 Code, models and data
All controllers, model checkpoints, training scripts and the Webots worlds used
to produce the reported runs are available at

https://github.com/haitran-13/acivs2026-supplementary

The repository README maps each reported table and figure to the script
that computed it and states the repository’s scope: method transparency rather
than turnkey reproduction, since the per-episode logs the analysis scripts parse
are not hosted there. Two details are not visible from the main text. First,
the deployed risk coefficient is αt = max(αANFIS, αmultistep): besides the ANFIS
path described in Section 4.4, the controller also rolls the RSSM prior forward 20
steps and raises αt to a fixed level when the predicted and realised embeddings
diverge beyond a threshold. Second, three ANFIS checkpoints are shipped, but
only anfis_transit_v4.pt (2 inputs, 6 rules) is the risk-control mapper of
Section 4.4; the other two serve episode-level logging and are not the source of
any reported value.

S2 Module coverage and scoring criteria
Table 1 is the full version of the comparison summarised in Section 2. A sys-
tem is marked present on a column when its published description meets the
corresponding criterion.

M1 Perception: it takes raw images as input, not a pre-extracted state vector.
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M2 World Model: it learns a predictive model of future states or latents and
uses that model at run time.

M3 Risk Assessment: it derives an anomaly or risk quantity and consumes
that quantity itself.

M4 Control: it emits a robot action, rather than an alarm or a report for a
human operator.

Prop.: it scales the size of that action continuously with the estimated risk,
instead of switching at a threshold.

M3 is the broadest of the five. A raw anomaly score satisfies it, so detector-only
systems qualify; requiring a graded, tiered risk level instead would leave only the
fuzzy-based entries and this work. In Table 1, ✓ marks a criterion as met and –
as not met.

Table 1: Module coverage of ten representative works (2023–2026).
Method M1 M2 M3 M4 Prop.

SafeDreamer [5] ✓ ✓ ✓ ✓ –
FARL [6] ✓ ✓ ✓ ✓ –
WM-AD [7] ✓ ✓ ✓ ✓ –
RAPT [8] ✓ ✓ ✓ ✓ –
DreamerV3 [2] ✓ ✓ – ✓ –
FIPER [12] ✓ – ✓ – –
V-JEPA 2 [1] ✓ ✓ – – –
Fuz-RL [10] – – ✓ ✓ –
EfficientAD [11] ✓ – ✓ – –
AHA [13] ✓ – ✓ – –

Ours ✓ ✓ ✓ ✓ ✓

Two entries need explanation. DreamerV3 is marked absent on M3 because
its critic estimates return, not anomaly or risk. EfficientAD is marked present
on M3 under the broad criterion above, although its output is a raw score rather
than a risk level; supplying that risk level is what Module 3 of the present system
adds.

S3 RSSM parameter breakdown

Section 4.3 gives the RSSM parameter count as 336,384. The main text specifies
the encoder and the recurrent core but not the decoder, so the total is not
reconstructible from it. Table 2 lists every tensor in the released checkpoint. The
input is the 384-d DINOv2 CLS token, the deterministic state ht is 128-d and
the stochastic state wt is 32-d, so the prior and posterior heads each emit 64
values, a mean and a log-variance per dimension.
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Table 2: Parameters of the released RSSM checkpoint.
Block Tensor Shape Params

Encoder net.0.weight 256 × 384 98,304
net.0.bias 256 256
net.1.weight/bias 256 each 512

Dynamics rnn.weight_ih 384 × 38 14,592
rnn.weight_hh 384 × 128 49,152
rnn.bias_ih/hh 384 each 768
prior_head.weight 64 × 128 8,192
prior_head.bias 64 64
post_head.weight 64 × 384 24,576
post_head.bias 64 64

Decoder net.0.weight 256 × 160 40,960
net.0.bias 256 256
net.2.weight 384 × 256 98,304
net.2.bias 384 384

Total 336,384

The GRU input width of 38 is the 32-d stochastic state concatenated with
the 6-d action. The decoder maps [ht, wt] (128 + 32 = 160) back to the 384-d
embedding, and is the largest of the three blocks.

S4 Significance tests
The main paper reports Wilson 95% intervals and treats non-overlap as the
comparison criterion. Non-overlap is conservative: two intervals can overlap while
the underlying proportions still differ significantly. Table 3 gives Fisher’s exact
test (two-sided) on the same success counts, N = 40 per mode per scenario;
these are the counts behind the RSR values in Table 4.

Table 3: Fisher’s exact test on OFF vs. ON recovery success.
Scenario OFF ON p

S1 Vibration 28/40 30/40 0.80
S2 Jerky 27/40 37/40 0.010
S3 Pause 26/40 31/40 0.32
S4 Speed 23/40 40/40 1.7 × 10−6

Pooled 104/160 138/160 1.4 × 10−5

The conclusions are unchanged: S2 and S4 separate, S1 and S3 do not. The p-
values are the firmer statement: the S2 intervals clear each other by only 0.2 pp,
so one episode either way would flip the non-overlap test.
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Fig. 1 plots the same Table 4 numbers: per-scenario OFF/ON RSR (a) and
mean joint deviation (b).
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Fig. 1: Per-scenario recovery (a) and trajectory quality (b); N = 40 per mode,
OFF (red, hatched) vs. ON (blue, solid). S5/S6 omitted (0% RSR in both modes;
L1 in the main paper).

S5 Implementation details

Confidence ramp (Section 5.3). The ramp and the KL gate are one condition, not
two: αt is multiplied by min(1, transit step/100) only while kllatest < 0.65; once
KL exceeds that value the ramp is bypassed and αt passes through undamped,
so a strong early signal is not suppressed. The ramp is applied identically in OFF
and ON, so the two modes see the same αt and the comparison stays matched.

What a “session” is (Section 6.4). The latency figures aggregate 9,969 step-
level samples from 19 deployed controller sessions. A session is one launch of
the Webots world running a sequence of episodes under a fixed scenario; the 19
sessions span seven scenario types, which is broader than the four recoverable
scenarios (S1–S4, 4 × 40 episodes) used for RSR, so the latency sample and the
recovery sample are not in one-to-one correspondence. Six of the seven are S1–
S6; the seventh is an obstacle disturbance that was dropped from the evaluation
because it is not recoverable by a joint residual (L1), and its 668 samples do
not carry the reported figures: excluding them leaves P95 = 34.21 ms and mean
25.63 ms.

The x3,std-only ablation (Section 5.4). This configuration thresholds the raw
pixel-motion feature at a fixed score and was not calibrated to a target FPR,
as Section 5.4 states. A post-hoc check supports the reported 0% TPR: running
the same controller on 80 nominal episodes and setting the threshold just above
the largest nominal score, which is the 0%-FPR rule used for B1/B2, yields
1/160 = 0.6% TPR, with an AUROC of 0.526 against the nominal set. The
pixel-motion signal is therefore uninformative at any operating point, not only
at the one used.
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Residual magnitude. EWR in Table 4 is the mean of ∥αtδat∥ over TRANSIT
steps, not a bound. The per-step bound is the 0.30 rad clip on δat; the mean
staying below 0.20 rad is a statement about typical intervention size, not a
guarantee about any single step.
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