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Motivation: Future object localization is a new area of Predicting Relative Transformations Comparison of Loss / Model Type

research with potentially useful application to collision Diso| K Huber loU
prevention systems and tracking algorithms. B = {B—n+1,B nl?a"'aBO} Scale-invariant transformation’ Intergec.mn over Displacement | VS. AU er 0
B.(t) = w,T, + x, Union (loU) Error dist. comparison
Goal: Accurately predict future object localizations (for By(t) — hOTy + Yo T,
any given future timepoint) while also modeling their Input layer (4n) B, (t) = wyexp(Tw)
uncertainty. Hidden Iéayer (64) B, (t) = hoexp(Th)
All Hard
Challenges: 4 IV 4 wal DE ADE IoU DE ADE IoU
. . : : : - : X Loss Func. +0.5s | +1.0s +0.5s | +1.0s || +0.5s | +1.0s +0.5s | +1.0s
1. Overfitting to rare instances can occur when Hidden layer (64) 'R. Girshick (2013), Rich Feature Hierarchies ~ | constant || 32.06 | 72.15 | 36.98 | 0.498 | 0.339 || 44.23 | 102.40 | 51.62 | 0.326 | 0.128
' ' ' y . . — linear 14.61 | 39.51 | 17.95 | 0.663 | 0.464 || 23.14 | 63.27 | 28.56 | 0.492 | 0.219
modellng Gaussqn unce.rtamty. | Hidden layer (64) Model Output: Functions of Time LT | p=6 | 12.81]29.05 | 14.78 | 0.697 | 0.564 || 17.06 | 38.06 | 19.56 | 0.607 | 0.475
2. Lurrent techniques fail to evaluate aleatoric Outout is a set of coefficients for the bounding b Frober | =6 [ 1558 | 29.18 [ 1472 [0.708 | 0584 | 1618 | 3676 | 1876 [ 0.522 [ 0488
Uncertainty by only evaluating prediction mean Output layer (4(17 4 2)) UCS),U: S ?_Se.dO COC IC.Ieﬂ > O; ‘e ounding box Huber %NN [4.01 | 3137 | 16.12 | 0.686 | 0.570 || 19.62 | 44.63 | 22.71 | 0.577 | 0.442
Contributions: preaictor /,ar ungerftamty rrg el g,
»  We model predictions as a continuous function of » Construct polynomial unct;ons.
time: Les§ e.xpe.nsive vvitlﬂou!t sacrificing accuracy 9B _ {9%, Qy , w’ 9%} T (4 gdy _ Qd(i)ti Config. L1 L2 | Huber | Huber (RNN)
» Robust distribution formulation d( ) B) — E , B - H=(T,T) || 0.568 | 0.607 | 0.562 0.562
» Introduce technique for uncertainty evaluation P {93:, gy . Ov Qh} i=1
o o O O 0
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Visualizing Estimations with Uncertainty p: polynomial degree oa(t; 05) = [051t] + 657 z

0
Localization Loss w/o Uncertainty - Training for Confidence
] , o _ _ _ _ _ L1 loss, Order 6
» Evaluate at 10 future timesteps * \We maximize the likelihood of a distribution
» Minimize error from predicted 7'".. 7 to  defined by the Huber loss el
ground truth 7V ... 7" using Huber loss ¢ Huber loss combines the L7 and L2 2 P loes. Order 6
,\ L —x)° if [ —a| <7 losses; the Huber distribution combines
H(t,x) = 7# — x| — 172 otherwise, the Gaussian and Laplace distributions
05 1 [ (i—=x)° A Huber loss, Order 6
e QEUSE p(i"ﬂj O_) _ c CXp > 202 ) it "/I; o ‘/B‘ < T
i —— laplace | L exp \—ﬁ\:’(} — x| 1 2"’;) otherwise,
s Obijective function:
) \ 4 gigf%;Hd(Td(t)?Td(t; 05), 0a(t; 05))
. (T-T)" o (7
01 Hd(T’ T, O') — 10g c_|_{ TQJAQ . 1f ‘T —T‘ T
orior localizations, true +1s future localization (white), 72| T = T| — 555 otherwise,
mean for +1s localization, location probability for +1s e ¢ = oV etf(=T5) + 227 exp(— 1) + — 1.3455 12 (p=6) Huber(p = 6) Huber (RNN)
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