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, Background

» History-based Decision Process (HDP)

* (O,H,ATPRR,Y)

: the observation space
the history space

the action space
the horizon(time steps into the future when making decision)

the history-action transition probability
reward function
discount rate
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Background

= Decision Making

* History-based RL
sequence of past states and actions

current state +

Pros
Partial Observability
Handling Sequential Dependencies

e Adaptive Behavior
‘ Counterfactual
Inference (Cl)

* Cons
* Data efficiency
e Computational Complexity
do not adjust for confounding correlations
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, Background

* Experiment

£

Environment: do-calculus:
Observation
0.5 0.8 7
Qe Close a
JJ/\:;L[’;“ @ 0'5 d_D' 'DPEEI]
G e A > calculus
0_:.;- 0.9 =% Open :
O 0.5 Close
p(Open): 0.5 “—— Time

(.5x(0.8
0.5x0.8+0.5x%().

p(Open| (@8 ): =0.88% p(Open|do( [@8)): 0. 5% 1+0.5%0 = 0.5
Figure 1: Key-to-door example. The high correlation on TV
caused by sampling can be eliminated by do-calculus which
separates confounders (key and ball).
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Background

Prior researchers perform Cl on Markovian RL tasks for feature selection where the states are Markovian

* Former Effort
BAR T T
» for history-based RL, we should intervene for each non-Markovian observation-and-time
combination ot and estimate its causal effect
ANidE H

high computational complexity due to the large scale of historical observations
T K 2 AT
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, Preliminaries

 Do-calculus and Backdoor Formula

e causal diagram G:
* covariates X :={X1, - -, Xn}
* aresponse variable Y

* the intervention operation do(Xj = x) :
adopted by imposing a certain value x on one of the covariates Xj

p(Y|do(X; = z)) = /p(Y|Xj = :{:,Xha’)dp(xba),

Xba € X are the backdoor variables relative to (Xj, Y )

1) Xba contains no descendant of Xj
2) Xba blocks each path pointed to X between Xj and Y
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Preliminaries

Fine-Grained History Counterfactual Inference

£

* Covariates

the past observations, the current observation, and the action {ht-1, ot, at}

* response variables

and the immediate reward and next observation {rt+1, ot+1}

Proposition 1 (Fine-grained CI). Given o, and a;, hj_;
satisfies the backdoor formula relative to (0, {0ot41,7141})
for any historical observation o;(j < t), and the causal
effect of do(o; = o) can be estimated with

?}(0£+1;7'L+1|dﬂ(ﬂj = 0), 0y, G.t) (2)
= [ P(0t+la?‘t+1|ﬂj — 0, hj—laotaﬂrt)dp(hj—l)-
Jhi 1€H; 1

)\
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p(ﬂt_|_1,’f't_|_1|d0(0j = 0),Ut,ﬂ,t) (3)

— f p(oiy1,Ti41]05 = 0,hj_1,04, a)dp(hj_1).
hj-lEHj—l

* Average Treatment Effect (ATE)

The difference between the counterfactual and factual distributions

o J i
ATE(@}® ) = Y Byend, (4)

t=j+1 o:t€ O,a;€ A

[|p(-loj, 01, ac) — p( - |do(o; = 0), 01, ar) |-
ATE#& ] T-0R R IR R
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Can we develop a method that
can decide the causality amont
numbers of variables?



, Coarse-to-Fine History Counterfactual Inference

* Steps
 estimate the causal effects of observations without timestamps. Q(T- |O]) = Q(|0]). =¥ [AJH#EHE

 Second, perform Cl on observation sub-spaces. Q(|O|) = Q(log|O|) I [A]#fERE

* Problem

Backdoor of 0;

5

Backdoor of 0;| Intervention Interventon

multiple intervened historical observations have no common backdoor variables




, Coarse-to-Fine History Counterfactual Inference

* Counterfactual Inference on Observations

Definition 1 (Step-backdoor adjustment formula). X ;‘._ba =
X]DHL \ (XP2U{X;}) is step-backdoor relative to (X;,Y) if
X572 has no descendant of X 2) X2 X and X5 o
blockj each path between X; and Y, and 3) condmoned on
X;and X ,P"‘ the distribution of X 3 ba ;s identifiable.

Theorem 1. Given a set of intervened variables with differ-
ent timestamps, if every two temporally adjacent variables
meet the step-backdoor adjustment formula, then the overall

causal effect can be estimated with




Coarse-to-Fine History Counterfactual Inference

p(Y|do(X; =%, X; =2/, Xp=u";--+))

/ / Y|XhL XF‘. ba Xq ba i -H»ﬁxl)ﬁ[‘j (EF]‘{&}[‘\]U)
THEXjFIXi i) step-backdoor (SBAF)

Ay—=T; A 4 ;t:",X;c:w”,--o) (6)
dp(X3™)
dp(X 5" X; = =, X *)
dp(X{ P X =2, X X; = :1:’7X;_h‘1)---

Theorem 2 (CI on observations). Given o; and a, the causal
effect of Do(o) can be estimated by

p(0t41,7e41Do(0), 0f, ar) (7)

: 23 5] 48
= / P(Or—+ 1y Tt | P ljﬁt,&x)dp(ht i [HE 1), Q(T- [O]) = Q(|0]). 7 [a) FEHE
hi—1€H?

where H{ | denotes the history sub-space where each history
hy 1 € HY | contains at least one observation with value o.
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, Coarse-to-Fine History Counterfactual Inference

* Counterfactual Inference on Sub-Spaces

Proposition 2 (CI on observation sub-spaces). Given oy and Proposition 3 (Coarse-to-fine CI). If Z > |0, the number
a, the causal effect of Do(O") can be estimated by of interventions for coarse-to-fine Cl is )(log|Q)).
P(0t41,7t41|Do(O%), 04, ay) (8)
= /} . p(oﬂ L Tea1 B 1,ot,u¢)dp(ht. 1|’HH1), Q(|0]) > Q(log|O|) B iaEIHERE
1t—1E€ t—1

where 'Hf}:l represents the history subspace where each his-

tory hy_1 € ?{?I] contains at least one observation belong-
ing to the observation subspace O°.

0¢? : observation sub-space with historical causality.

Suppose:
an observation space is divided into Z > | 0¢® | sub-spaces
at least Z - | 0¢? | parts containing no causal observation
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* Combining RL and Coarse-to-Fine Counterfactual Inference

Replay ﬁ?ﬁ%@/ﬁ\wj/l\loops

///__ PD'.:'I e T_.x“"*--ﬁh_“ 1) T-HCI IOOp ’
g —~-

new 2) RE&A > loop

Obseggtion Space '. \
e S o 7 | acton. | =%
""‘---?-'4:1'?7 T e P A AT AE RS 7 > loop L,
52 A memory i agent#l RIF 2] — 2R A8 E,
[ | _Q 4 FEA A7 (Ereplay pool s FET-HCI
<> deo- 3 loopH, FIFHAFf IFEAS AT LIk
T-HCI Environment [F) DR R AR o A

new

Figure 3: T-HCI Algorithm framework. The blue and orange
lines respectively mark the CI loop and RL loop.




, Coarse-to-Fine History Counterfactual Inference

* Combining RL and Coarse-to-Fine Counterfactual Inference

O : the constructed discrete observation space

O" the current intervened observation subspace

O™ the observations that have been eliminated by previous inference

ATE(O%, Ov) )
i ——————=
— '[Ilci]f]_ Z JE hy € Hy | |p§(-|h?t’low L, O, ﬂrt) s fj(.lhh ﬂrt) ‘ |1_ I('): the indicator function
t:-l at & A

= GateB(oj) taking value 1 if and 0 otherwise
Z |Gateg(o) — I(o € OY)[, (10) Gatéﬂ(oj) _ { 1 o eOV

-4 0 otherwise
o=

1

‘C'Catn(ﬂ) —
O]



, Coarse-to-Fine History Counterfactual Inference

* Policy learning
* Built on the memories of causal historical observations,
mapping ¢ : {00, - - -, ot-1, ot} 7-> {Gate(o0) & 00, - - -, Gate(ot-1) © ot-1, ot}

* name Y as causal memory. a policy nB(at|$06(ht))

* Train with Deep Monte Carlo (DMC) , A2Cand PPO




Coarse-to-Fine History Counterfactual Inference

Algorithm 1 PPO, Actor-Critic Style

for iteration=1,2,... do
for actor=1,2,...,N do
Run policy my,,, in environment for T' timesteps

Compute advantage estimates ﬁh LA
end for
Optimize surrogate L wrt #, with K epochs and minibatch size M < NT
Oora < 0
end for

for iteration 1,2... do,
for iteration 1,2,... do,
PPO algorithm (update mapping ¢ )
end for
store 6 into replay pool
for iteration 1,2..., do
T-HCL algorithm (update)
end for
end for
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Level-1 Maze Level-2 Maze Level-3 Maze

&

£

|

NN

: EF J_[:t'*___l |

Level-1 BabyAl Level-2 BabyAl Level-3 BabyAl Level-4 BabyAl Level-2 Jigsaw puzzle

Figure 4: Environments of Maze, BabyAl, and Jigsaw Puzzle tasks.
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Figure 5: Comparison of average numbers of samples (thousand) in 10 trials of the Maze and BabyAl tasks.
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£

Episode Return

Level-1 Jigsaw puzzle Level-2 Jigsaw puzzle
—4— T-HCI Succeed 141 i T-HEC] Succeed
—e— —a—
—4 b
—e e
— B
—.— =
: &,
3
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0.00 025 050 075 1.00 125 150 175 0 i 2 3 4 5
Step number x 10 Step number x10'

Figure 6: Learning curves of the Jigsaw puzzle tasks.




