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» We improve generalization by discovering explicit causality.

3. Model Parametrization

Re resentation Of Causalit =1 In-distribution Spuriousness Composition
P y J6,9) =Eq,gir) D | 108299 (s*Fs", a*, G) + log Wa(a’|s’, s*, G)] — Dxolgg(G17)IIp(G)] - B — oW — L — f
; _—— ; t=0 = — N — Offin
Assumption 1 (Space Factorization): The state space and action space JER. ' 0.8 R S
can be factorized to disjoint components, e.g., objects and events. Parameters of model Parameters of structural s
. o . and policy causal model S /7 -
Assumption 2 (Causal Sufficiency): All confounders are measured in ' - e
: , @
the representation. » Use two neural networks 8 and ¢ to learn policy and causal model //
> Iterative update them with 2|
terative update them with convergence guarantee
We use Structural Causal Models (SCM) ol
N - . . 0.0 : 16 2.4 3.2 00 08 16 24 32 00 08 16 24 32
_ f (PA(%J U ) 4. Tra|n|ng |terat|0n Tlme steps (x10%) l Time steps (x10%) Time steps (x10%) l
—Jj 8 55 v
_ Causality helps generalize to unseen scenarios
action EnV|r0nment interventional Algorithm 1: GRADER Training Causal Discovery Best C | Graoh
. 5 ) o est Causal Grap Full Causal Graph
o Parent Of]. PA]- - {Xl, ,Xd}\{Xj} execution data Input: g:%icgryrgﬁfzoﬁ mggzlse;}o’ of~— | <« Our method is more efficient
. causal discovery threshold 7 _ :, i
o Random noise: U = {Uy, ..., Uz} 10 than score-based discovery

Pt A1 while 0 not converged do . . | od
9 — -\ (51) // Policy from planning 5 method and offline discovery °° = N,
~ . . S .t 1 1 / Saxpple a goal g ~ Puain(9) ti |
where § is Causal Graph, a Directed Acyclic Graphs @ner «--- PR < -/ whlilett:l’;ll“a(rilzer(f o setting.
A= 0,5,

log SHD
N
/

S 0.4
» . . A v o4 s+, 1t Env(a, g) . | :
. t ot ot+1 . D
o Match transition model in MDP : edges point from t to t+1 — O O (2] e Be £ Bl (o007 \ As the causal graph is £ /
. , : : . . . fori < M + N do | |
o Nodes represent factorized actions a;or states s; Wiogel and Policy Leaming Causal Discovery for j < M do T seor closer to true graph, the g
update @ (Section 3.2) update ¢ (Section 3.3) | Infer edge ei; < g4(-|B,7) — Score task performance is better p 5 il V4
// Learn transition model 0.1 1= , . , S

o Parents are the causes of children \ @D Action @ State Next State @D Goal Update f4(G) via (4) with B \ "~ 300 600 900 1200 0.0 04 08 12 16
\ \

Number of time step Time steps (x10%)



	Slide 1
	Slide 2

