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Long-term Causal Effect Estimation Based on Deep Reinforcement Learning
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1 School of Computer Science and Information Engineering, Hefei University of Technology, Hefei 230601, China

2 Key Laboratory of Knowledge Engineering with Big Data(the Ministry of Education of China) . Hefei University of Technology.,
Hefei 230601, China

3 School of Computer and Information Technology(School of Big Data) , Shanxi University, Taiyuan 030006 , China

Abstract Causal effect estimation aims to calculate the magnitude of the causal effect of the treatment variable on the outcome
variable. The existing prevalent causal effect estimation methods are mainly applicable to static data or a single time point in time
series,and cannot effectively estimate the cumulative impact of the treatment variable on the outcome variable over a long period
of time. To solve this problem,the long-term causal effect estimation method based on traditional reinforcement learning fits the
long-term potential outcomes through linear basis functions,thereby calculating the long-term causal effect. However,due to the
limited expressive power of linear basis functions in complex scenarios, existing methods cannot accurately identify weak causal
effects,and at the same time, there will be significant performance degradation problems when the data dimension increases. In re-
sponse to the above problems, this paper proposes a long-term causal effect estimation method based on deep reinforcement lear-
ning. This method uses the dueling network to estimate long-term potential outcomes.which can effectively estimate the impact of
the treatment variable on the outcome variable, thereby greatly improving the algorithm’s ability to identify weak causal effects.
Meanwhile, the proposed method avoids the biases that occur when estimating long-term potential outcomes due to improper se-
lection of basis functions. Experimental results show that the proposed method outperforms existing algorithms on statistical syn-
thetic datasets and order scheduling simulation datasets.

Keywords Long-term causal effect estimation,Potential outcome model,Deep reinforcement learning
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Table 2 Accuracy rate of causal effect identification on the synthetic

dataset
. . 0
Policy algorithm
0 0.05 0.1 0.15 0.2
CausalRL 0. 944 0.426 0. 888 0.990 0.988
Alternating
LCEL 0.980 0.670 0.938 1. 000 1. 000
CausalRL 0.962 0. 486 0.902 1. 000 1. 000
Random
LCEL 0.962 0.816 0.926 0.994 1. 000
CausalRL 0. 950 0.392 0. 860 0.986 1. 000
e-greed
LCEL 0.960 0.628 0.876 0.976 1. 000
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3 TE DU LR A P AR e BN PN L SR 2 SR
Table 3 Results of comparative experiments in four-dimensional

time-varying covariate data

)
Policy algorithm
0 0.05 0.1 0.15 0.2
CausalRL 0.916  0.102 0,140 0.172  0.206
Alternating

LCEL 0.992  0.654 0.868 0.988 0.996
CausalRL 0.966  0.068 0.086 0.090  0.104

Random
LCEL 0.988 0.646 0.866 0.976 1.000
CausalRL 0.978 0.064 0.092 0.152  0.228

e-greed
LCEL 0.982 0.838 0.946 0.992 1.000
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Table 4 Results of randomized controlled trials and algorithmic

outcomes in six scenarios

1 2 3 4 5 6
ML X B K 3
—313. —232. —123.5 7. 140. 2 470.0
22 M 313.3 32.6 3.5 37.3
& F KM
e % % % 2 2 2
B R B
ALTE(Ours) —0.107 —0.09 —0.045 0.02 0.05 0.254

MNP 7 AT LU M BT 4R 5 s 3 53t R BB R 2800 A B o B
HLXF R S5 56 45 251 B4 38 om B0 9 385 m o A TAT A ASE B T T 4 07 T
Xk PRI 2R 0N, AT B o oF PR B TE S 4 A 8 R AON B 3 5%
H BT R R RV O S A T AR AN, AT EE T BT
P ik EmEEE . WA 8 RIRHI B ILTE>0 Y
OB 285 2R v AT L2 B, LCEL B30 3 A 1A% B8] 2 20 07 #Y) 728 Ak B
TR, REAE S 2% 04 3 5 v A 2808 i 2 5 A A TR R 00N

— CausalRL
— Ours(LCEL)

ALTE

—-300 -200 -100 0 100 200 300 400 500

Results of randomized control

B 7 AREEEITEN ALTE B2 B0 as i 28 1k ih 28
Fig. 7 Curve of ALTE computed by different algorithms as a

function of the true reward

1

B8 R B:AEARF S R ILTE #9376 1% Bt

Fig. 8 Distribution of ILTE computed by different algorithms across

075 -|{wm CausalRLILTE>0)

s [ CEL(ILTE>0)

050 -|ms= CausalRLALTE<0)
e L CEL(ILTE<0)

1

-1.00
2 3 4
M

===

Proportion
I
o
SIS

I
=)
o
3

s

—

various scenarios

4.3 SHEBREZREHN

ARAFHEFE AN T v LA SE o R o B B 5 5 1
RIS . 78 S B0UE O R R A8 BLAT O 58 W R BE AL 5K s,
N=500,T=600 i}, 7£ =0 Fl 6=0. 05 Ay E 5L T 194
Hodn g AT .

ZH € (0, D) T £ 52 B 45 5 15 1 309 BB 4 IR A AL
Ly U 1 AR R RO R B R ARR S h y U
294 {0.5,0.6,0.7,0.8,0.9,0.95,0. 99}, 45 L Un & 9 fr
Ko vy MEIEAPERE R K, H € (0. 8,0. 95) I8 ik M fE



M L 55 o 6 T 0L T Ak 2 > AR 30T BRL R B Al 3

243

B, v /N AR BT B 2 0 B G 1 S N 45 R L S B R fi
B U 5y I B SRR LS A5 OR  MERE L T e

—o— §=0 —8—0=005

05

B9 7EAREdEE Ly BURFEMER LCEL f9 i #f 5
Fig. 9 Accuracy of the LCEL with different 7 values on a

synthetic dataset
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Fig. 10 Accuracy of the LCEL with different a values on a

synthetic dataset
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Fig. 11 Accuracy of the LCEL with different z values on a

synthetic dataset
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