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Motivation

Autonomous driving systems...

» Desires safety & generalizability

 Lacks structural awareness of the world

Safety-aware Causal Representation for Trustworthy

Reinforcement Learning in Autonomous Vehicles
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Methodology

FUSION: saFety-aware strUctural
Scenario representatiON

Experiments and Analysis

Evaluation Settings (. = 1):

« Policy Mismatch (imperfect demonstration)

« Dynamics Mismatch (dense traffic)

o o h I h ° I- . Method Policy Mismatch Dynamics Mismatch
EXlStlng approacnes aiong the pipeiine... Step I: Causal Ensemble World Model Reward (1)  Cost ()  Succ. Rate (1) | Reward (1)  Cost (l)  Succ. Rate (1)
Safe BC 106.28+7.49  12.79+0.70 0.47+0.10 81.07+3.80 9.44+055 0.1240.06
. ICIL 122.66+4.85 11.07+1.11 0.76+0.05 88.21+5.30 7.29+0.72 0.32+0.05
 End-to-end solutions that are scalable? 4 — — BNN 118614300 4464041 0742011 | 113354568 19.164055  0.59+006
@ History Context t-H: t-1 Masking Joint Prediction t GSA 89.94+6.84 13.18+1.26 U.§4:l:ﬂ.(]8 102.40-+-6.44 l_l.SS:H}.QE 0.03+0.02
o o 5 [ [ + BEAR-Lag 109.62+391  4.46+0.29 0.7240.06 113.38+525  7.86+0.66 0.3240.05
- Balance safety and efficiency | — | — . .@ Policy BCQLag | 11136526 089:008  079:008 | 122724764 622807 039008
. ~ CPQ 9.01+0.87 1.05+0.18 0.00-+£0.00 7.47+0.59 0.7140.09 0.00-£0.00
Offline . Online Safety-aware Causal Transformer TR @ FUSION (Ours) | 139.95+4.24  0.52:+0.06 0.90-+0.03 117.40+430  0.90-+0.14 0.82-+0.04
5 , Ge"era"ze> , State FUSION-Short 100.86+3.40  0.77+0.09 0.34+0.07 98.63+236  0.79+0.06 0.34:0.04
Simulator: CARLA, MetaDrive emonstration Environments @ Transition FUSION w/o CEWM | 94.24+650  0.67=+0.11 0.41::0.06 81.70+382  0.60+0.04 0.24::0.04
[Dosovitskiy et al.,, CoRL 17 [Li et al., TPAMI 22'] | ' FUSION w/o CBL 104.54+404  3.46+021 0.58+0.09 90.34+4.28 5.60+0.32 0.08+0.01
& FUSION 139.95+424  0.52+0.06 0.90-+0.03 117.40+430  0.90+0.14 0.82+0.04
Dataset: Waymo, Argoverse Data Source === Reward Expert Policy 131.32+2960 16.02+9.46  0.8120.15 129.71+2884 17.58+971  0.72£020
[Sun et al., CVPR 20’], [Chang et al., CVPR 19°] Model
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xpicit: CbL. GRADER | : h Mode Result AnaIySIS Diverse Config. / Attn. Map
[Wang et.al. ICML 22’], [Ding et al., NeurlPS 22’] Causal Abstraction Vehicles Road s B overall Straight
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[Zhang et al., ICLR 21°], [Wang et al., ICML 22°] | P(Te4+1lTe—k:t) = P(@r41, St41, Res1, Cegalae, s¢, Rey Cty -+ ) frtmj = log p(Tea1|Te—K:t) o b m |
~ . =p(rIPA(r)) p(c[PA (@) — logp(ri[PAC (ry)) + log p(c:|PAC c1)) '-
o o . 1 St [ L. - - t t gp t t I
Explicit Constraints: InterFuser Policy Output oA Throttle @ =erng v v ; Gy(.i '
U ) Reward-to-go Cost-10-go - Z logp(st_i_llPA (St—}—l)) 1 | _ - _ Coundah
[ShGO et. a/. CORL 22/] ?. G 1 . - '| ntersection intersection oundabout
. safety || [ Efficienc [T olsioalPACGE,0) i *
Value-based: SaFormer, CPQ Evaluation Metrics Yy R Y icdim(S) + log plass1|P Ag(a ) i : =
, , Cost) (Reward) . g , gplai+1 t+1 ; & st
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Problem Formulation Step II: Causal Bisimulation Learning i f
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o o L4 4 P Definition: Safety-aware BiSimUIation Relationship Algorithm 1: TrainingandlnferenceOfFUSION T SadFdndcr ..l.-.. P - Fadfand fimdidam ETEET :. CaddRad PRRd PR ad R R Ra ;r&};a'(;s'é(}séET;éz;:é&};é gé'r;éé'r;é&};é&};éé;%é(}éé Crsacrsacrsacrsacrsacrsa
CO nStral n ed O ptl m I Zatl On o Data: Context length H, Reward target R, Cost . g | a - g | " ~
.. : s ¢ :
. Va € A,r(s1,a) = r(s2,0) it Co 2 : |
Result: Policy mg 4 o O N :,
r — '{UTT + w‘r‘,r + ,w*r'?,_ e Va € -Av C(Sl,ﬂ,) — 0(82: ﬂ*) /* 0ffline Training */ ;&‘ 3
max ]T (7‘[’ a_)) — W17 forward 21 speed 3/ term e Va€e A,s" € S,p(s|s1,a) = p(s|sq,a) fork=0,--- ,N—1do § 5 :
T Update Transformer ¢ with CEWM by (4); T | 2 :
Definition Safe‘t aware Bisimula‘tion Me‘triCS UpdateEncoder(,lethCBLbyA]g 2, TYEEEYTT] p IS TRETT feiiis GTiRdFIsEad Ciiairiiiiiaciiiiiiaiiaa :e;gsn;ég;;ae;;ee;;;'e;;; Ciiaiviairisciiacriacris
—_— C C C : = : s Cost B Rewar tate Action ost ewar tate ction
S. t. ]C (T[; (1)) < KC C = W1 Ccollide + WoCout_road + W3Cspeed y /* Online Inference with context H — */ - d e - e - ’

sg ¢ env.reset();
0 — {Co, Ro, 80};
ag «— 71‘9,¢(0);

d"(s1,82) = Eajmniiey, [|T(311"-’11) — (82, a2)|

agrm(-|sg)

Take-aways

. . fort=1,---, T —1do
Structured Causal Model + Ac(sr, ar) — c(s3,02)| + YWa(B(-|s1,01), 5|2, a2)) | Rollowt: 5, c; — env.step(ar_1);
Predict reward value: R(st, a) < ¢"(st); . .
f:(P Ag ), Tt @ 8 Predict cost value: C(ay, s;) < ¢°(s¢); « CEWM transforms the offline RL as a sequence modeling problem,
— 8 €, Encoder \ - __., Py — Py Update rtg toker}\: . . .
/:/J_ J \ i o Ry ¢ ma{ B(se,a0), Ruoy — 2} while adding more sequential awareness accounts for better results.
.\ : : (e Update ctg token: . . .
offine N @ 1 1 weainy Ct + min{C(s, ar), Cro1 — et} - CBL empowers the structural dynamics by enforcing extra sparsity.
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