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Motivation

Real world

Simulation

p Corner cases
P Unexpected events

Goals

B Detect out-of-distribution (OoD) scenarios using probabilistic state predictions
& \Well calibrated uncertainties via informed priors
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Probabilistic approach to OoD

Prior over future states
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Probabilistic approach to OoD

Prior over future states

Posterior over past states

P(fEt+1:H ‘xta Ut. H , yt:H)

intractable
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Probabilistic approach to OoD

Posterior over past states

p($t+1;H \th, Ut:H , yt:H) X p(yt:H|SBt:H, Ut:H)CI(thH:Hl«’Bt, Ut:H)

. N

— Hp(yt+h\$t+h) = H Q(ﬂ?t+h+1 xt—l—haut-l-h)
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likelihood dynamics model
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Probabilistic approach to OoD

p($t+1:H \Zlft, Ut.H , yt:H) X P(yt:H|CBt:H, Ut:H)Q($t+1:H|$t, Ut:H)

. N

— Hp(yt+h\xt+h) — H Q($t+h+1 $t+haut+h)
h—=() “———— h=0 “——m——m™m™mmm— — X
likelihood dynamics model

mqin Loop(q) <= min Dx1,(q||p)
o o y q

v

Negative evidence lower bound (ELBO) J

LooD = — g [10gp(yt:H\iE‘t:H)] — “3q [logp(xt:H)] — H(C])
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Probabilistic approach to OoD

p($t+1:H \llft, Ut H yt:H) X p(yt:H|£Bt:H, Ut:H)(I(ZIJt+1zH|$t, Ut:H)

— ﬁ P(yt+h5’3‘t+‘h)/

h=0 —mm———
likelihood

 Model choices: p(yt m) =N («Tt, R)

N

= H q(Zt4+h41]|Tt+h, Ut+h)

h=0 — —

dynamics model

q(Tip1|ze, ur) = N(f(z¢,ut), Q)
f(ajtv ut) ™~ QP(O, k('v ))
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Fast Online OoD

P Probabilistic dynamics model

Q(l't+1|l't, ’Ut) — N(f(-’l?t, ’ut).» Q)

T _ Prior Training Posterior
61 (I)l(.fl?t,ut) > = e T > D —N 5
. Ba ~ p(ﬁd) D = {xt7ut}tzo Ba ~ p(ﬁd‘ ) — (,uda d)
f(xta ut) —
i B(I)D($t, ut)_ p(ﬁd‘D) X p(D‘Bd)p(ﬁd)
P Sampling rollouts is cheap
| A(,r) 1/2 (7") T:].,...,R
Collect R samples from posterior 837 = pg + X/ 7¢ 71 D Sample rollouts at cost O(H D)
Construct callable transition function {Zhi1s - Thpmt ~ Q@1 |Te, 1)
(By7)T @1 (0, 1) |
(r) . 3 Yi+1 Yt+2 Yt+3
e ) = : N s a
(BT @p (w4, uy)
) ) Ty —» T4l —» Tt42 —» Tt43
Construct callable state transitions X X X
wi )y () = fO (w,w) + Log, Q= LoLg, £ ~N(0,1)
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Fast Online OoD

Sample rollouts at cost O(H D)

{'C%;—I—la R 7:%:+H ™~ Q($t+1:H|$ta ut:H—l)

Monte Carlo approximation

L:OOD = —I

Overall cost O(HRD)

c++ implementation - Eigen (x10 faster)
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Efficient long-term predictions: Karhunen-Loéve expansion of GPs

M =

Standard GP KL expansion

X
1 O0<b<1

k T) —
(z,7) l—bxzx —-1<axz,z<1

f(x) i QP(O, k(xaj))
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Efficient long-term predictions: Karhunen-Loéve expansion of GPs

M =

Standard GP KL expansion

X X

M

0<b<1 o

1 <0< @ k($,f):§ Wl z
J=1

T 1 — bxz —1<z,xz<1
M . .
(@) ~ 3 Biad, B~ N(0,1)
j=1

Convergence in mean-square sense

k(x,x)

foo (.CE) ™~ QP(O, k(ZE? f))

2

M
lim E || foo(z) = > Bid;(z) ]| | =0
j=1

M — o0
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Efficient long-term predictions: Karhunen-Loéve expansion of GPs

Standard GP KL expansion

X X

| 0<b<1 -
= k(x,z) = ijazja_zj
l-bxx —-1<z,xz<I1 1

k(x,x)

foo (.CE) ™~ QP(O, k(iE, j))

0
6

B Features encode prior information

B Model expressivity limited by M

M
far(x) ~ > Biad, By ~ N(0,b)
j=1

¢J() — k(?

)
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Efficient long-term predictions: Karhunen-Loéve expansion of GPs

Posterior

p(flz, D) = N(u(z),0°(z))
u(x) = k(:v,X)LkXX + OQI]ilY

ON*) X

N =2
f(x) ~ BT(I)(x)v Bj ~ N(Ovyj)
p(flz,D) = N(mg®(z),®" (z)LsP(x))
ONM?) f

-~

mg = [0°] + ®x Py ] 'OxY

N— —

O(M?)

B Useful for large datasets N > M
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Efficient long-term predictions: Karhunen-Loéve expansion of GPs

f(x) ~GP(0, k(x,T)) flz)~ B ®(x), B; ~N(0,v))
Posterior Posterior
p(flz, D) = N (u(z), 0 (x)) p(flz, D) = N(mg ®(z),® " (2)SP(x))
3
u(w) = k(z, X)kxx + 01 OWNMT)
O(N*) X mg = [0 + OxOx] T OxY
3
Matrix Inversion Time O (M )
2197 —— Moan B Useful for large datasets N > M
g Std dev
‘é?lo-
é‘,_‘,‘

(0 2000 4000 6000 000 10000
Matrix Size 29



Increase data-efficiency for learning: embedding prior info via simulator

Z 0; §b3 T, Ut), B~ N(mj, Vj) — (GPs: universal function approximations

M
— Z Vj¢j (:Ctv ut)¢] (‘f“ ﬂt)
=1

k(a:t, Uty T, ﬂt) = COV[f(:Et, ut), f(a_Jt, ’L_Lt)] — [Encodes distribution over functions

Goal

L\

| earn faster with informed teatures ¢3()
Result: informed GF

L\
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Increase data—efﬁcienc:y for learning: embedding prior info via simulator

D
freal L, ut Z 63 ¢j L, ut) fsim (xty U, (9) Simulate roll-outs

P Moment matching

B; ~ N(mj,v;)

—ourier series expansion Z "j[ﬁj]¢j (Zli‘t, ut) = ltg [fsim($t, U (9)] B Square integrable

IV . -

] \ ‘mj = S(wj) = |F[]]
' = /F[
m; COS(wJT [Qj‘t;ut] 4 Spj) l P H

wj ~ S(w)
v = O'ZS(LUJ')

B Benefits: interpretability; kernel <-> Fourier

B Caveats: Low model capacity

X



Increase data—efﬁcienc:y for learning: embedding prior info via simulator

D
freal Lt ut Z /Bj ¢] Lt, ut) ~ fsim (xty Uy, (9) Simulate roll-outs

P Moment matching

B; ~ N(mj,v;)

—ourier series expansion Z "j[ﬁj]¢j (CIZ’t, Ut) = Ky [fsim(it, Ut (9)] B Square integrable

Tl —————
\ m]:1/M [*]
' w; ~ S(w)=N(0,%)

-
ijOS(wj \If(.ilft, ut) —+ gﬁj)

Pg U(_ﬂ.v 7T)

P Benefits: High model capacity v = OZS(wj)

B Caveats: Low interpretability J

[ *] Tancik, M., Srinivasan, P., Mildenhall, B., Fridovich-Keil, S., Raghavan, N., Singhal,
U., Ramamoorthi, R., Barron, J. and Ng, R., 8020. Fourier features let networks learn
high frequency functions in low dimensional domains. NeurIPS 32



Increase data-efficiency for learning: embedding prior info via simulator

M
~ourier series expansion Z 43[6j]¢j (I‘t, Ut) = Iy [fsim(xt, Ut 6’)] P Square integrable

j=1"
[m]‘ — 1/M [*]

w; ~ S(w)=N(0,%)
Pj ™ U(_ﬂ-vﬂ-)

Embedding  GP layer Vi—20 . S (Wj)

mjcos(ij\I!(xt,ut) + ;) l




Increase data-efticiency for learning: embedding prior info via simulator

M

-ourier series expansion Z 4j[ﬁj]¢j (:Ct,ut) = Iy [fsim(a:t,ut; 6’)]

j=1"

ijOS(W;'r\Ij(ajtv ut) + Spj)

W

w; ~ S(w)=N(0,%)
l p;j ~ U(—m,m)

v = UQS(wj)

Moment matching: W, = argmin/ H Aefsml Cl?t,ut ijgbg mtaut)H_I_
(il?t,ut)EXXZ/{

)\HVal”efsm xtaut ZV3¢ iUtaut)Hd,O(%,Ut)

1

Monte Carlo: ——

ZZ‘C (7“) A(T)
ik

r=1 t=1
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Increase data-efficiency for learning: embedding prior info via simulator

Jreal(Tt, ut) Zﬁg cos(w; Vilze, ue) + ;) By ~ N(mj,v))

]{?(Z‘t, U+, th, ut Z V] COS £Ut, Ut) —+ 90]) COS(W;F\IJ*(ft, ?_Lt) -+ gﬁj)
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Increase data-efficiency for learning: toy example

M
freal(mt) ~ Zﬁj¢j (ajt) g fSim(th;e) — 6)37%
=1

B; ~ N(mj,v;)

~U(=1,1)

¢i(xe) = cos(w;_\lf(a:t) + ;)

k...(z,x)

|
l

Moment matching — W,

1

i foim(z;0)] =0 &Y m;g;(z:)
J

. » — 4 T
Var| fsim(z¢; 0)] = 3Tt =~ Z V9 (x¢)P;(Z¢)
J
M = 20
\\ A
.\\ //
\\\ //
\ //
A
.
- - </ —
/// \\\
// N
y A
/ A
// \\,}
Lt
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Increase data-efticiency for learning: toy example

M
freal(mt) ~ Zﬁj¢j(xt) g fSim(ﬁt;e) — 6’:17?
j=1

Informed prior

High-entropy prior

~ U(=1,1)
freal(mt) — ng?

~—

ME

B Stiff model
B Hypothesis space very reduced

freal(xy) = 0.93:? d

S
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Model training: preliminary results

R | F
B (oals

1) Validate predictive capabilities of the informed GPSSM
7) Validate the OoD detection

B State
X¢,y¢,0:] VICON

[)'(t, }.’ta Ht] Fstimateo

P Commands

U = [Vt, wt]




world Cc++ Python

collected from

| /high_cméi_to_robot
subscribers

DataCollection.msg
e Trigger with Start/Stop

/vicon/gol/gol
100 Hz
100 Hz
| ROS node ROS node
ROS node highState.msg Robot GolState.msg Control Task  nhighCmd.msg
> | : > . .
5 - b . /high_state_é_from_robot State C reatlOn  /experiments_gpssm_ood/robot_state : EvOa E\;vovrea Sé l;ymp é@ége
Intertace
500 Hz |
e Connectvia UDP i
e Read state from sensors :
and publish them highCm?d.msg |
e Send commands - . :

500 Hz :

/experiments_gpssm,; ood/data_collection_triggers
v

ROS node

Data
Collection

l

pickle file

500 Hz



Model training: preliminary results

Robot Pose (from Vicon)

2.5
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h' ’ ‘ J A
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W, HWW})«,

5 10
time [sec]

15

—-0.1-

—0.2-

0.05-

0.00-

——

it Wﬂ‘\b“"\ N -
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B State

Lt = _Xt7 Yt Ht_
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Model training: preliminary results
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10
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Robot Velocities (Differentiated Vicon signals)

5

10
time [sec]

15

B State

Lt = _Xt7 Yt Ht_

Lt = _Xt7 Yt Ht,

P Commands

Uy = [Vt, wt]

VICON

Estimated
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Model training: preliminary results

Robot Control
Forward velocity

O . 7 5 ] | '?..;.‘ ‘;.;h}‘ !

r?:"'\ ‘.‘

0.50:

0.25 5-./(*'"’

0.00-

4 6 8 10 12 14 16
time [sec]

y [m]

T e
vy = beoye By o
j}t : :}.(t, Yt’ Ht Fstimated
|  Comrmands
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4- /
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Model training: preliminary results

Training Training Training Training/Testing

6.

5~
€ N
=3
> /)

2 /

—2 0 2 2 —2 0 2 3 -2 -1 0 1 2
X [m] X [m] X [m]

Data snapshots: 100 Hz

Subsampled at 10 Hz

AT = 100 ms
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Model training: preliminary results

Tracking experimental data - Quadruped

2.0)
- H = 40
- ? Prediction horizon
1.o- L Aty =4 s
2'1.0
P Sampling using pre-constructed callable
- {i‘:{-la O 7£:—|—H ™~ Q(xt—|—1:H|xt7 ut:H—l)
().l_) i
ajgrfl-)l (xtv ut) — f(’l“) (xh ut) T LQ&
0.0- |
0.0 0.5 1.0



Model training: preliminary results

» Do simulation-informed kernels really help to learn faster?

Dataset: real trajectories

Training data for 1%
informed kernel il
25%
50%
75%
100%

Testing 10%

—3.1
=387
3
(:2 A Q’” ; T4 -0 [
= 10 —— GPSSM Matern kerncl
CC — " | N~ . " . . ¢ |
= —  GPSSM simulation-informed (ours)
=1
= 49

—4.4

—4.6 1

1 5 9 1317 21 25 50 75 100

% of training data
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» Test OoD: Rope pulling
sl S

Rope pulling

Ve
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 Test OoD: Rocky terrain

Ro Cky terrain

e oA y

*




l‘.

? Test OoD: Poking
——

Poking




Conclusions

? Do simulation-informed kernels help for more accurate OoD detection?

Walking Rope  Rocky Poking

Ours 1.8% 66.7% 64.4% 79.0% —— Informed
GPSSM 87 % 92.5% 08.7% 97.3% — Not informed

B Novel prediction-based OoD detection method based on GPSSMs

B System-agnostic framework for embedding prior information into the GP kernel

B Sample-efficient medium/long-term predictive model, scalable to higher dimensions
B Code accessible soon

B Future work

» Use OoD detection for decision-making on-the-fly

> Integrate state-predictions with stochastic MPC for indoors navigation

> Integrate non-Gaussian observations, e.g., on-board vision and lidar

> OoD metric is delayed H steps



