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02 Introduction : Why speed and reliability conflict

Why speed and reliability conflict

« Non-prehensile lift-and-place: objectE carrier /0]

S5 S OFE 2 X[X|2HCt

High nsk

-> ZHS 30| OF&E 0| object shift / dropO| 244

-> failure risk= =X|2t cycle timeO| 57t

« throughput2 FX|5FHA manipulation reliabilityE &Est= A 582

Core trade-off  gpeed / Cycle Time <« Reliability / Failure Risk

Shangguan et al., 2026, Fig. 1.
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02 IntrOdUCtion : Why proactive prediction is difficult at high speed

Fast manipulation changes the failure-prediction problem itself.

01 Scarce failure data Dynamic high-speed failure cases are rare, making failure-oriented training
data difficult to collect.

02 OOD ambiguity Existing OOD methods can struggle to separate failure and non-failure
trajectories during rapid manipulation.

03 Policy dependence Approaches that predict future actions are often coupled to a specific
learned policy, limiting cross-policy generalization.

This motivates failure prediction that reacts directly to scene dynamics rather than relying on a fixed policy structure.

Shangguan et al., 2026, Sec. .
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03 Background

Reactive execution monitoring: detect and identify unexpected outcomes from sensory evidence.

Robot Failure evidence . .
execution ‘ in sensory data ‘ Detection ‘ Identification

FINO-Net

RGB + Depth + AudioZ manipulation / post-manipulation failureZ
end-to-endZ2 ZX|St1 SANKX| 25

Raw multimodal sensory sequences — learned representation — failure detection / identification

Inceoglu et al., Multimodal Detection and Identification of Robot Manipulation Failures, 2023.




: Failure types and multimodal execution data

End-effectoe-Frimary abject Collision

£ &

Push Collision

4

Manipulation actions
Push - Pick&Place - Pour - Put-in-container - Stack-a-tower
/

03 FINO-Net

Failure labels
Collision - Miss - Overflow - Spill - Overturn (+ Success)

Sensors

RGB - Depth - Audio
Exteroceptive monitoring also covers post-manipulation states

Spull - Powring from hegh

Dataset extension: +99 new multimodal

manipulation recordings

Inceoglu et al., 2023, Fig. 1.
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03 Fl NO-Net : Early RGB-D fusion + late audio-visual fusion

z! N 8 3 :Né‘a?;;s 3 8 “,:gségg 78 “:gééf,m

T Aighgi1d1 gl s a8l g s HTE "

@ ‘ GERE IRER fiLEE
20 2D L NS S EE ELOE mEEh |

RGB + Depth FISM)GS ; Block 1 Biock 2 Block 3 . B— g —> Y = ("), ¢(x

T :I(U.'t """""""""""""""""""""""""""""""""""""

............

Lincar, 1024
Dropout (p=0.4)

MFCC Foaluros
Conv (32x20), 64
Conv (32x1), 64

Audio Wave

z.-l

RGB + Depth Conv + ConvLSTM Vision + Audio

early fusion spatio-temporal visual feature late fusion — classifier

Inceoglu et al., 2023, Fig. 3.
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03 FINO-Net

Vision branch
« Depth thresholding2 & self-occluded frame H|A

« X executionO| A{ RGB-D pair& sampling

= | « Approach / Manipulate / Retreat temporal pattern=
ConvLlSTML E H¥

................................................................................

N__{_éi o «__@_éf ™ “_8§:

SEERECEETL EEERETEET b

35E3i 8535883323 88328832 : : ;

THIBtHL Bt « 3 visual blocks: convolution + ConvLSTM + pooling

o ome SQINURAGY: W06 RAG0: 00N 800 | |5
RGB + Depth Franl\)es Block 1 Bock 2 Block 3 ' @— |y =, Y = 8(e(z"), (e
gl=gCuzP  emiimsinisniiaiiimiasiiiiaiiiiios : i
EEy i
- ndll Mine %és ‘ Audio branch
§ ; §i! )
Audo Wave « 16 kHz audio — 32 ms window — STFT / Mel filterbank
T’ \

« 20 MFCC featuresS CNNL.ZE X |

« Final visual / auditory featuresE concatenate &
FC layersO| A 0| =

Detection: success vs failure | Identification: success + 5 failure classes

Inceoglu et al., 2023, Sec. I-C.
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03 FINO-Net
10
0.4
TABLE HI: Quantitative Results g 08|
b
Dietection Ulassificalion o4
Pr Re F1 Pr He F1
FINO-Mel-RGE L7667 07367 076817 | 06924 6216 (LASS] 2.21
FI™N-Pel-I0 LEEYE (ATS6 O6EDG | L7302 64E6 DUEERD mm Classification
et a 1. i d. . ' n 20 ' 40 ] [E] 1] A G0 100
FIM-Pye-h el uhdBS6 Dehdld | 7475 6216 (LBTHS Execution Completion Rate (%)
i } | { J 3 L} q HF -“I
T e RS A | O0e0y  DUGEE @ Qb3 077 e.nes Fig. 6: The analysis on real-time demands for failure detection and

classification. Different rates of the observation sequence of the
execution are provided o FINO-Net-RGB-D-A model

RGB-D-A Detection F1 = 0.8656 Real-time analysis

Failure indicators are observed mainly in the second
half of execution; predictions become more reliable as
more of the trajectory is observed.

Classification F1 = 0.7959

Visual + auditory cues are complementary.

Inceoglu et al., 2023, Table Ill and Fig. 6.
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03 Transition

FINO-Net observation

more reliable predictions towards the end of manipulation

Early Failure Late .
; ) ] Failure
execution evidence execution

When detection becomes reliable, is there still enough time to intervene?

FINO-Net detects and identifies failures, but it does not define the latest point at which an intervention
can still prevent failure. Its own future work explicitly points to anticipation before failure occurs.
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04 Problem Formulation

Task

6-DOF robot transports an object on a flat carrier at Low risk Beditum risk High risk

maximum joint velocity.

Failure

Object?} robot motion & carrier0f| Al EO{X|H failure.

A i — A =
Carrier %10l A reorientationTt H 4 3tH success. o[ — | =
— Predictions b ,

0.8 Ground Truth

Input window . - Risk Threshold (0.5) §
= 0.6 | ——— GT Failure
. L . : == Predicted Failure

Z[Z m = 5 time steps2| multi-view image + robot state 2 04|

0.2
Output

| -

Tb 4 : : : 50 75 100 125 150 175 200 225 250
Z} time stepOFCt continuous risk R_i € [0,1] I W 4 =

Goal: formulate proactive prediction as per-step continuous risk estimation.

Shangguan et al., 2026, Sec. lll and Fig. 1.
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04 Critical Boundary

t stop

Emergency stop= HEMS I failureE
1.0 |
— Predictions : DI-% A OIE Dl.xll:ll-

: <~ » Q= T A = time step
0.8 Ground Truth “/--__‘.-_,'-" s :
. -~ Risk Threshold (0.5) > Lfail
:-g(l.(.\ GT Failure B t fail
; [ Predicted Failure oS, o ' -
% 04 e : :
- o | MH 2 object?t carrier0f Al EO{ X
> i :
02| , = | - HFAHSL= A&
to _—7 | failure7t Zldt= Al
00 { &—" =
’ 's0 75 100 125 150 175 200 225 250
| _l_________ 3 Time Step .
Interpretation

t_stop is the decision deadline: after this point,
even an emergency stop can no longer prevent
failure.

Prediction is actionable only if the boundary is
crossed before t_stop.

Shangguan et al., 2026, Fig. 1 and Sec. IV-A.
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04 Historical Backtracking

Binary search over intervention time

1 A1) trajectoryOl M M| failure A t_faile HA =ol
Iter O
{Fatleme)
fter 1 u 2 % trajectoryE replayotil search interval2| 57t A[EOf
o e-stop M& (binary search)
lter. 2
(Faihae) 3 ez AmNSE — O O|2 L7t EbAM
Ber o
4 Mjsx| ol - o k2 77 By
ler. o+l
{Failure)

5 ZAA 7} £=HSIH latest safe intervention timeS

t_stop2 2 O

Simulation: counterfactual replay + binary search
Real world: repeated physical rollout / reset with e-stop

Shangguan et al., 2026, Fig. 3.
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04 Risk Label Construction

Backtracking gives the critical boundary — not a full risk curve.

Iter. n+l
(Failure)

Sl : R‘:.° Rl: /
R;os5 [ RJ;;_,-’-&"'-/
0 4=, A A -
o L Lcr0 Eai Lsan ¢

Only t,, t_stop, and t_fail are physically grounded by the rollout.

Intermediate R_t values are constructed supervisory labels, not measured failure probabilities.

Next — Hermite spline interpolation
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04 Risk La bel Construction : Why Hermite spline interpolation?

The model still needs a target risk value for every timestep.

PREFAIL uses Hermite spline interpolation between the labeled anchors.

Interpretation
Modules Precision T  Accuracy T  Recall 1 nt * Step Ialbels are.t.oo abrupt and provide weak
temporal supervision.
Hermite (used) 0.995 0.997 0.995 0.923 P P
Bézier 0.973 0.988 0.995 0.887 - - - -
Linear 0.058 0,680 L0000  0.825 Contlnugys interpolation preserves the ordering of
Step 0.314 0314 L0000 0.1373 recoverability.
TABLE III: Comparison of different interpolation technigues. e Hermite gives the best overall preCiSion / accuracy

/ n among compared interpolations.

Important: spline shape is a training target, not a physically measured “true” risk curve.

Classification loss anchors the t_stop boundary; regression loss learns the smooth temporal trend.
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04 PREFAIL

Observation ()
. Encoder . ﬁvfg P,
m frames (E;) Pooling
. Cose
Conp . 2-D Rotation & Encoder ¥  Coop)

T ICP " Translation (M) (E2)  p, >

. State (5) En::n[ler_h Risk value
hared State

- . (E4) (R;)
+ End-Effector Position (3-dim) p.
E « Joint Angles (6-dim) — Encoder -
 Joint Speeds {6-dim) (Eg)
« Past Risks ( {m-1]-dim)

Observation branch State branch Fusion
Visual P1 + Relative motion P2 Robot state + Past risk — P3 P11 P2HP3—>E4 >R

20
Shangguan et al., 2026, Fig. 2.




MuliLAB

04 Observation Branch

Why multi-view?

Observation (0) - . « Object motionO| camera line-of-sight2} ZAX|H

m frames (Ey) Pooling
: ' Cide
Ciop i , el
-J 2-D Rotation & l Encoder Crapt

1
ICP  Translation (M) (E2)  p, x
II

St viewO| Al ambiguous® = UL}

t

. Top + side view7} M2 H2tX Ol motion cueE

: Shared State (5) é' Encoder_’_ Risk value

i tate

; ition (3-di (Ey4) (R;) o

; + End-Effector Position (3-dim) P 3 al
CH g ey —sEneoder T Ml-=StCt.

+ Joint Speeds (6-dim) (E5)
+ Past Risks ( {m-1}-dim)

« X[ m = 5 frame sequenceE A&l instantaneous

appearance”t OtL|2} temporal changeE =Lt

Image encoder E1 Avg. pooling

CNN layer2 multi-view image sequence= encode camera / time featuresS aggregate

Output: visual feature P1

21
Shangguan et al., 2026, Sec. IV-B, Fig. 2.
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04 Relative Motion

Key intuition

Observation () P
Carrier X}H|7} W2A SX|0|= A2 B ‘ Encoder , Avg _ A .
m frames (Ey) Pooling
4 C:—IJL‘ !
e MS = object?t carrier0 CHsH O]112{X| AL} 3| H 2D, Rotation& __ Encoder ¥ i,
- ICP Translation (M) (Ea) p, 1 ’
st AT 25 i
Shared State (5) ér Enmdf.'r_* Risk value
ate
« End-Effector Position (3-dim) Encoder” Ps ¥ (E4) (R;)
- .. . &+ Joi i — B —
2-D ICP =7l contour2t &l contour?| rigid displacement B o (Es)
« Past Risks { {m-1}-dim)
= xx
= T O
= X 2 obj i i
R_O-C — R_O-O — R_C-C Real world: SAM2= object / carrier contour segmentation

T o-c=T_o-0—T_c-c Simulation: projected shape contour &% A&

Relative motion M — MLP encoder E2 — feature P2

The model explicitly separates robot motion from object—carrier instability.

22
Shangguan et al., 2026, Eqs. (2)—(3), Sec. IV-B.




04 State Branch

Observation ((J) »
Encoder Avg 1

m frames (Ey) Pooling

= L J .
- Cide P
Crop | . NP P N
- 2-D . Rotation & . Encoder ¥ Cipi
! ICP  Translation (M) (E2)  p, x t >
| i

: S State (5) ér Enmder_* Risk value
i hared State I E R))
Cua G s gt n F G0
+ Joint Speeds (6-dim) (E3)
« Past Risks { {m-1}-dim)
End-effector position Joint angles Joint speeds Past risks
3-D position 6-D 6-D m—1 values
&AM workspace &Ef robot configuration oAX 59 / 2 motion risk2| temporal trend

State vector S — MLP encoder E3 — P3

P1, P2, P3E concatenate — ResNet encoder E4 — continuous risk R i

Shangguan et al., 2026, Fig. 2 and Sec. IV-B.
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04 Risk Lea rning : Classification boundary + temporal regression

L_total=aL cls+ (1 —a)L_reg

Classification loss L_cls Regression loss L_reg

« Binary cross entropy « Mean squared error

« t_stop O|™ = low-risk / O|= = high-risk  R_pred®} continuous ground-truth risk curve?
boundaryE &2 KOl & Z| A}

« Emergency-stop trigger0f| & 2t safety « Risk7} t_stop / t_fail£ 2AE|= temporal
boundaryg E=5| ot evolution2 &

Why both? Classification2 ZHE HE5I7, regression2 B 2| A|ZHH WS [X| St

24
Shangguan et al., 2026, Eqs. (4)—(6).
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04 Experiments : Data and experiment setup

Simulation

e MuJoCo + URS5 + flat tray carrier

539 box-shaped trajectories » :
© %
« 5,236 diverse-object trajectories % N
E
=

« Total 5,775 trajectories

Box-shaped

Real world
« UR5 + Robotiq 2F-85 + flat tray

Real
Box-shapod

« 2x Intel RealSense D435, top / side, 30 fps

254 trajectories, five box-shaped object types

Train / Validation/ Test=8:1: 1

25
Shangguan et al., 2026, Fig. 4 and Sec. V-A.




04 Evaluation

Standard metrics

Precision - Accuracy - Recall

FP-2 #AX failureE ¥ EHEE t_stop O[O

detection S}H too late2 X2

Intervention timeliness ratio

n = t_stop”pred / t_stop

n— 1. 7ksst S JHLSIHME deadline O|F 0| &2

XISt cycle time S7HE &

_

— task progress= X|CH3!

Shangguan et al., 2026, Eq. (7), Fig. 5.

0 )
08 & o0k Q08
2 E
06 o GT Faitre Zoe D Zoe
Predicted Failure % - x
4 i‘u: :2‘4\4
0.2 - 02 02
o0 "
PR T S TT T TR TTY o ms 30 : W s 0 2 W 3 » ®
Time Step Time Step Time Step
(b) TP*: Ideal Failure Report (c) TN: Correct Safe Report

(a) TP: Correct Failure Report

Prediction

G h
Risk Threshold (0.5)

) |
_“5”. ] Eux EU
Soe | 2o Sos 6T buihee
% Z e %
Lo P Lo
02 02 (- 02

W 0 » w R P68 o ow G on

Time Step Time Step Time Step
(e) FP-2: Late Prediction (f) FN: Missed Detection

(d) FP-1: False Alarm

stop

Fig. 5: Visualization of all evaluation results on real-world test cases, with the predicted risk value curve (solid red line) vs the ground truth risk valu
P4 The threshold of risk valu

curve (solid blue line) during evaluation. The dotted red line refers to the moment of fyop. while the dotted blue line is 1,
(R; =0.5) is indicated by dotted green line. TP* is a perfect case that demonstrates n = 1.0. See Sec. IV-C for details.
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04 Results

Simulation — ResNet18

Precision: 0.991

\ . Simulation Real-world
Methods / Variants A . 0 99 5
Precision T Accuracy T Recall 1 nt Precision T Accuracy T Recall 1 nt Ccuracy- .
(CFM [28], FM) 0.389 0.389 LO00 0179 0478 0.478 1000 0297 Recall: 0.995
(CFM [28], DP) 0.386 0.386 LO00 0202 0500 0.500 1.000 0303
(NatPN [29], FM) 0.374 0.374 1..000  0.198 0.493 0.493 1L.000 0275 H: 0933
(NatPN [29], DP) 0.384 0.384 1000  0.185 0493 0.493 1.000 0275
Fail-Detect [7]  (PCA-kmeans [26], FM)  0.389 0.389 LO00 0104 0493 0.493 1000 0.226
(ResNetl8)  (PCA-kmeans [26], DP) 0.388 0.388 1000 0082 0489 0.489 1.000 0221
(RND [27], FM) 0.369 0.369 LO00 0267 0504 0.504 1000 0.289
(RND [27], DP) 0.384 0.384 LO00 0170 0507 0.507 1.000 0302
(logpZO [7], FM) 0.389 0.389 LO00 0118 0504 0.504 1000 0.195
(logpZO [7). DP) 0.389 0.389 L000 0083  0.496 0.496 1000 0219 Real world — ResNet18
PREFAIL (ours) (ResNet18) 0.991 0.995 0995 0933 0944 0.963 0985  0.932
PREFAIL (ours) (ResNet50) 0.967 0.986 0995 0964 0916 0.948 0.984 0910
PREFAIL (ours) (ResNet152) 0.995 0.997 0995 0923 0900 0.933 0978 0925

Precision: 0.944

TABLE I: Performance on simulation and real-world data. For simulation, the model is both trained and tested on simulation data. For real-world, the mode

is trained and tested on real-world data, with results reported as the average over 10-fold cross-validation across 10 experiments. The baseline method ha Accuracy' 0 963
multiple variants, each evaluated with different policy generation methods (FM for flow-matching [38], DP for diffusion policy [10]). The best results ar - -
highlighted in bold. Our PREFAIL consistently and largely outperforms all baseline variants. Although we do not achieve 1.000 recall, our high precisio Recal I . 0 985

H: 0.932

Fail-Detect baselines: recall = 1.0 but low precision / accuracy — almost everything is flagged as failure.

27
Shangguan et al., 2026, Table I.




04 Ablation

Modules Precision T Accuracy T Recall T nt
Complete 0.995 0.997 (1.995 0.923
Classification loss only 0.574 (0.850 L.000 0.990
Regression loss only 0.980 0.991 0.995 0.855
Without images 0.973 ().Y8R .995 0.904
Without relative motion 0.812 (.870 0.816 0.596
Without past risk 0.314 (0.315 L.00KD 0.832
Without end-effector position 0.958 (0.983 0.995 0.910
Without joint angles 0.927 0.972 L0 0.860
Without joint speeds 0.384 0.417 0.995 0.839

Without relative motion

Precision 0.812 - Accuracy 0.870

Recall 0.816 - n 0.596

Without past risk

Precision 0.314 - Accuracy 0.315

Recall 1.000 - n 0.832

Without joint speeds

Precision 0.384 - Accuracy 0.417

Recall 0.995 - n 0.839

Relative motion and past-risk history are the most critical signals.

Shangguan et al., 2026, Table II.

MuliLAB
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04 Real-world Deployment

Velocity control
e Risk = 0 = maximum joint speed

« Risk7t B7tet+=5 speedE linearly &2

e Risk = 0.5 = minimum joint speed

0.5 4

— Predictions

04 4 = With speed control

03 4

INISK vaiuc

Example rollout

Original: failure = 0.86 s

s 10 15 20 2 30 35
Time Step
Expected slow-from-start: 21.8 s

r. 6: Trajectory showing a real-world deployment scenario whei

red 1s set based on the predicted risk value which in turn m Risk-aware control: success =1.3s

»sequent risk after time step 20.
Zash =0T Z55 reliabilityS = 0| HA
cycle-time penaltyE H|$t$tC}.

29
Shangguan et al., 2026, Fig. 6 and Sec. V-F.
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Conclusion
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05 Conclusion

Key contributions

1. Actionable temporal supervision

historical backtracking2 Sl M2 intervention 7ts 8 OFX| 2} A 2 supervision0 & ALt

2. Relative-motion precursor

object®t carrier AFO[2]| relative motion2 failure precursorz &-&

3. Continuous risk for adaptive execution
image, robot state, recent risk& O|&3df O timestep continuous riskE 0|&3t1, O|F A £= HO{7HX| HZ

Evidence

Simulation and real-world experiments show high accuracy and timeliness; deployment prevents failure with limited cycle-
time increase.

PREFAIL asks not only “will it fail?” but whether the prediction arrives while intervention is still useful.

31
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05 Conclusion

Limitations stated in the paper

1. Single-object setting

Validated with a single object on the carrier; multi-object interactions are not modeled.

2. 2-D ICP under difficult visual conditions

Contour-based 2-D/ ICP can degrade under occlusion, poor lighting, or visual ambiguity. -> 3D

3. Cost of real-world historical backtracking

Real-world t_stop labeling requires repeated physical rollouts and resets, making supervision expensive.

4. No general recovery strategy

PREFAIL predicts when to intervene, but does not provide a task-general recovery policy.

Paper suggestion: depth sensing + 3-D motion estimation could improve robustness at additional computational cost.

32
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