Learning Identifiable Structures Helps Avoid Bias |
in DNN-based Supervised Causal Learning

Jiaru Zhang, Rui Ding, Qiang Fu, Huang Bojun, Zizhen Deng,
Yang Hua, Haibing Guan, Shi Han, Dongmei Zhang

GitHub Repository:
microsoft/reliable Al
| EVF
= Microsoft Sony Research
4 Dataset D )
Background X % x5 %] %,
: . . X,

* Supervised Causal Learning (SCL): learning DAG G
causal relations from observational data by X, X;
accessing previously seen datasets associated + — »
with ground truth causal relations. s L_ |

* Existing Node-Edge model: node-wise feature L *s
+ independent Bernoulli edge distribution || -

— | Dataset D; Ground truth G;
N J
- W W W W N
Limitations of Node-Edge Model XNOD oy 7N |
[0 0 1 i
. : 0 0 O]
* [t has an unavoidable error rate under a | 0 1 0
. : abels T =X+ N(0,1
DI'GSGIlth three-Varlable demO. ‘e P tabe CausalStruchres)
¥ . 4 o A~ e Observational Data
* It has a higher error rate of ~ 0.2642 under X — o5t + NO0S) D
: Y'= N(@,3) | ;
a more general scenario. 10 0 0 i AN
. . . | ! | 0|0 |1
It does not explicitly represent the essential | [‘1’ | (1)] 1 el [xrr o
> : _2 2 : i v-structures
features about node pairs. B I L L Seleton v e
N C _afjfa_l _SEr_uE:t_u_r?si _______ ’ Identifiable Causal Structures
N J
4 . )

Our SiCL Approach

* Learning identifiable causal structure: skeleton + v-structures with two separate DNNSs.

« Utilizing a pairwise encoder to encode pairwise features explicitly.

* Theoretical guarantee: DNNs with our learning targets have a theoretical guarantee for
correctness 1n asymptotic sense.
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