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COS-POMDP

Challenge: Unreliable detection

Motivation (Intractable belief state)

Object locations follow joint distribution - Joint state space of all objects - Belief space grows exponentially as number of objects increases

COS-POMDP: State space contains only robot & target states (cheaper belief state); Object observations = correlational observation model
Theorem (roughly): COS-POMDP preserves the optimal policy compared to a corresponding POMDP that requires modeling the full belief state.
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Hierarchical Planning for COS-POMDP
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1. Formulate Correlational object search as a planning problem e (BT, e m— ercention ? primitive
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3. Propose a hierarchical planning algorithm to apply COS-POMDP to practical i L (R Zobjects P
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4. Evaluate in Al2-THOR, a realistic simulator of household environments, with 0528 =

YOLOVS as the object detector. Results show that COS-POMDP leads to more
robust search perfomance for target objects that are hard-to-detect when the
given correlational information is accurate,

Experiments & Results

Target object: CreditCard

c l t' l Ob' t s h ik il SLEp 28 Method SPL (%) Bathm}?}? SR (%)| SPL (%) Bem}%ﬁ SR (%)| SPL (%) Kimhg;{ SR (%)| SPL (%) Hvine DR SR (%)
= etho (a] o (a] (8 0 (8 (8 0
orreiationa lec earc | Random 0.00 (0.00) -82.75 (3.43) 0.00 | 0.00 (0.00) -81.51 (3.33) 0.00 | 6.90 (9.81) -68.51 (15.61) 6.90 | 0.00 (0.00) -82.37 (3.62) 0.00
Greedy-NBV 14.34 (9.12) -19.86 (11.87) 34.48 [16.92 (11.70) -17.52 (7.32) 26.67 | 11.61 (8.72) -17.60 (12.41) 31.03 | 7.13 (7.11) -21.41 (8.21) 20.00
Target-POMDP 19.88 (9.47) -7.37 (12.42) 55.17 |19.79 (12.81) -20.79 (11.29) 26.67 | 13.80 (8.67) -20.17 (12.83) 34.48 | 24.36 (13.28) -33.58 (11.88) 40.00
""" COS-POMDP 30.64 (12.73) -14.48 (11.58) 55.17 |24.76 (12.95) -15.57 (9.16) 40.00 |20.45 (12.00) -6.55 (12.73) 41.38 | 24.99 (13.95) -14.08 (14.22) 43.33
ObjeCt locations are unknown yet follow a (Iatent) JOlnt prob abl|lty COS-POMDP (gt) |31.08 (13.31) -13.47 (12.67) 58.62 |26.67 (13.13) -11.09 (12.07) 40.00 |35.58 (13.30) -2.75 (14.37) 62.07 | 32.88 (14.25) -13.81 (13.22) 56.67
_ . ) : _ . COS-POMDP (Irn) |17.20 (10.21) -20.96 (10.75) 41.38 |16.78 (11.68) -31.60 (10.05) 30.00 | 8.39 (7.94) -31.36 (13.42) 20.69 | 14.07 (10.65) -43.76 (13.30) 26.67
dIStrlbUtlon. The robot has access to a set Of factOred dlStI‘IbUtIOﬂS COS-POMDP (wrg)| 11.89 (8.14) -16.55 (10.23) 27.59 |14.70 (10.92) -17.33 (8.38) 23.33 | 10.51 (8.02) -20.68 (10.40) 27.59 |31.41 (14.50) -15.94 (9.45) 53.33
(correlation models) and receive noisy observations through on-board
: : Greedy-NBV Target-POMDP COS-POMDP
ObjeCt detector (d etection modeIS) 45° - Room Type Target Class | TP FP  r(m)| SPL (%) DR SR (%) | SPL (%) DR SR (%) | SPL (%) DR SR (%)
2N 4 %-300 Faucet 56.1 80 2.16 | 2831 (19.58) 0.73 (22.10)  70.00 | 34.67 (22.86) 8.00 (24.67)  70.00 | 28.18 (27.25) -23.27 (24.36) 50.00
T i Bathroom  Candle 294 24 1.81 | 12,52 (20.12) -22.81 (20.80) 2222 | 16.56 (13.36) -7.98 (28.99) 66.67 | 33.89 (21.83) -2.94 (19.08)  66.67
Settlng |npu’[ horizontal . Output 44 ScrubBrush 643 99 171 | 2.00(452) -37.79 (17.36) 10.00 | 8.09 (10.79) -22.18 (13.51) 30.00 | 30.18 (25.78) -16.07 (22.13) 50.00
rotation slelole|e 0¢ _Jele AlarmClock | 79.6 7.4 2.77 | 39.49 (31.18) -5.54 (18.07) 50.00 | 1431 (22.01) -23.78 (14.43) 20.00 | 31.57 (30.85) -15.85 (21.03) 40.00
T Done sleejele - aleje]e Bedroom  Book 62.6 49 205 | 842 (1272) -20.10 (11.71) 20.00 | 29.70 (28.85) -13.94 (27.69) 40.00 | 25.92 (22.50) -12.56 (16.69) 50.00
T (Jeieeiele (eelelele CellPhone 500 39 169 | 2.85(6.44) 2691 (5.88) 10.00 | 1536 (23.21) -24.64 (22.20) 20.00 | 16.80 (21.48) -18.29 (16.16)  30.00
PepperShaker? LT a0aC Bowl 60.6 115 1.75 | 19.88 (26.57) -15.76 (32.76) 33.33 | 16.33 (16.00) -10.06 (27.39) 55.56 | 20.37 (20.70) -3.33 (27.27) 44.44
‘LHQ— . Qog - - - ® 00 Kitchen Knife 37.7 87 168 | 7.40 (11.42) -18.94 (23.71) 30.00 | 4.62 (1045) -3636 (1551) 10.00 | 23.97 (25.58) -2.59 (25.33)  50.00
LI o o[ejolelele ole PepperShaker | 38.1 9.4 143 | 839 (10.53) -17.90 (17.39) 30.00 | 20.69 (21.03) -13.07 (27.64) 40.00 | 17.01 (24.19) -13.41 (22.95) 30.00
S I +- Television 853 52 259 | 898 (1836) -22.86 (13.31) 20.00 | 53.60 (26.06) -8.63 (17.97) 80.00 | 40.08 (32.14) -12.22 (28.08) 50.00
OYEBHINET: j%D‘T | C 00 Living room RemoteControl | 69.6 4.5 193 | 924 (13.99) -13.21 (2044) 30.00 | 18.67 (24.17) -38.38 (18.29) 30.00 |30.14 (28.99) 5.81 (25.29)  60.00
1 CreditCard 429 43 148 | 3.18(7.19) -28.15(11.70) 10.00 | 0.82 (1.85) -53.73 (20.32) 10.00 | 4.74 (7.19) -35.84 (21.62) 20.00
HEN
A f : Detection Statistics an ject Searc esults Grouped by larget Classes. . true positive rate (%); . false positive
RN TABLE II: D ion Statisti d Object Search Results G dby T Cl TP it] (%); FP: fal it]
TEE fsegl.Jence.o rate (%); r: average distance to the true positive detections (m). We estimated these values by running the vision detector at 30 random
B ' camera poses per validation scene. Target objects are sorted by average detection range. Parentheses contain » confidence interval.
I prlmltlve actions lidati T bi db d : P th in 95% fid . 1
- iOIIOW"ed by Metrics are success weighted by inverse path length (SPL) [18], discounted cumulative reward (DR), and success rate (SR). COS-POMDP
sossible object i Done performs more robustly for hard-to-detect objects, such as ScrubBrush, CD, Candle, Knife, and CreditCard.
locations | .
For target objects with a true positive (TP) detection rate below 40%, COS-
Objective: POMDP improves the POMDP baseline that ignores correlational information by
o . . 7 " . - . . . . .
Success: at the time of "Done” the robot is within 1.0m from the target and 42.1% in terms of the SPL metric (p = 0.028), and it is more than 2.1 times better
the target Is visible within the camera frame
IS VISI WITNI - _ . L ; - £
arg N . . than the greedy baseline (p = 0.023). Both results are statistically significant.
. Efficiency: Minimize the distance traveled to find the target COS-POMDP Target-POMDP Greedy-NBV
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