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Problem Setup &: Motivation: Can we achieve fairness using a cluster causal graph?
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Graphical Algorithm & Learning Framework

1. Possible parent conditions 2. Cluster addition algorithm
When can the siblings be the possible parents of A Algorithm 1 Adjustment Cluster Completion (2,4, G)
Sensitive (i.e., the parents of 4 in some cluster DAGs in the MEC)? Iﬁeq;il’ﬂzam; Aé an% )Cl%stef CP%AG 9@ over X
V : < 1n £q. , Frocessed <—
. : — 2: Zg < ZN{C,in ®C,in Aip g gy for all triples in G}
features A Theorem .3°5. A set Of clusters 5 C S.lb(A’ g) . {C < 3: Q?ieue —{(P,Q): Pc Z@;%Qagj?acent toP;Q #A}
C: C—AinG}ina cluster CPDAG G is a possible parent 4: while Queue # ) do
; £ 1 ; ; 't . 5 pop (P, Q) from Queue
set of A if and only if it satisfies the following two conditions: 6 R(P.0) < Prosessed then
7 continue
Admissible features X239 1. Collider-structure compatibility: All distinct U,V € S 8:  Processed ¢ Processed U {(P,Q)}
satisfy either (i) U and V are adjacent, or (i) U and V % foreach R adjacentto @ in Gand R 7 P do
(e hysical strength) - 1 i Ao =marg then
-5, Py 5 are not adjacent and Ay 4,yy = never. 1: Z+ ZU{Q}
12: else if A = never then
Generated by predictive model 2. No back-path condition: Let G_, be the directed sub- 13: Z Qg’%RfQ} '
y — hy ( X U. ) graph of G obtained by removing all undirected edges. I it SglllllsehIExQ 615 ii;‘t?gigﬁe“‘l@@m then
» LY For every U € S and every V.G sib(A, G)\S, there is . else i Aup g g, — cond then
Interventional fairness [Salimi+; SIGMOD2019] no directed path from Vo U in G_,. 17 E ¢ {Q} UPOSSDESC(G, Q). E + ZNE
: 18: if E # () and Z has no cluster in ©C,, in
Apo.r) then
‘ 19: et return Unidentifiable

P(Y =3 | do(A = a),do(X*! =x*))=P(Y =3 | do(A = &), do(X* = x*%))

20: if FINALCERT(Z,A, G)'returns Unidentifiable then
21: return Unidentifiable

22: return (Z, OK) ‘

If Z™ contains connection-marked clusters... Adjustment cluster sets Z?, ..., ZM

Z" =paA)US™

Cluster DAGs & Cluster CPDAGs

Worst-case unfairness penalization

(a) Causal DAG over X (c) Cluster DAG over X . ) Use the maximum of the kernel MMDs over Z4, ..., ZM:
CI relations are expressed using
the three states of independence arcs: M zd: Z MMD 1 (P51 do(a).doxe)» P¥ldo(@) do(wsa) )
a @ X LY, Xil_le X lLYI X.,[le WhiCh, however, needS O(M Nz Nxad n2) tlme@ Penalty funCtiOIl With O(MNA NXad ndRFF) time @
User-specified partition Idea 1: Barycenter kernel MMD go(x1,. .., %)

C={Cy,...,C4} C, — C H7|do(a=[1,01).do(xaa)

Non-collider Collider %
barycenter 1y |do(A=[1,1]),do(xqq)

N A 2
- i — Hax Z Z ||N1?|do(a) do(x2d) — H¥|do(xad) 125
Assumption: No cycle if some V; € C; and Vj € C; (a) Marginally connecting (b) Conditionally connecting m=1,...,.M ’

.....

. . xad a
is induced by pa_rtitior} have an edge V; — VJ in G, (marg) (cond) .’—‘N o — l Z W; ¢ ;)
(d) Cluster CPDAG X XLV, xlriz #71do(4=[0,0D d0Cxaq) 19|do(A=[0,1]),do(xq) Hldo(a),do(x>) = D wis -t
uster over .
Idea 2: Kernel mean embedding approximated with RFFs [PW weight based on Z™
- L — ad — ad
,u?|do(a),d0(xad) -— EY|dO(A a) dO(Xad_xad) [¢(Y)] w; = I(Az a, X _ )
Observational Cl Non-collider Collider - - Ty xad (2]
Data relations (¢) Never connecting (never) ¢RFF (y) = [COS(wl y + bl), Ceey COS(wdRFFy -+ bdRFF)]

Represent a class of cluster DAGs Easy to estimate ©
with identical CI relations Number of recluired CI tests is much smaller

Difficulty & Our Proposed Strategies Experimental Results

Q: How can we infer interventional distributions using a cluster CPDAG? d=5 (d,=15) d=10 (d,=30) d=15 (d,=45)
- LINEAR RMSE] UNFAIRNESS RMSE] UNFAIRNESS| RMSE] UNFAIRNESS|
If we have access to the variable-level DAG: ORACLE  0.95740.037 0.000 £ 0.000 0.977 £0.044 0.000 £ 0.000 1.069 +0.143  0.000 = 0.000
We can identify back-door adjustment variables Z from the DAG and compute FULL 0.523+£0.195 0.259+0.129 0.483+0.195 0.220+0.136  0.554 +0.210  0.081 £ 0.117
S 5o o d
P(Y =3 | do(A = a), do(X?? = x21))=Ey yre g ga [p(y = A = a, X*d = x?4, Zyxre)} UNAWARE ~ 0.774+0.154  0.071£0.059 0.774+0.154 0.062+£0.079 0.793+0.120  0.046 = 0.104
No-DESCS  0.739+0.140  0.064+0.089 0.739+£0.140  0.065+0.100  0.699 +0.135  0.033 = 0.028
. . _ e-IFAIR 0.647 £ 0.030  0.069 £ 0.031  0.663+0.062 0.071£0.011  0.671 +£0.044  0.040 & 0.011
Difficulty: Cluster CPDAG represents multiple DAGs (in the cluster MEC) ® (-IFAIR 0.875+0.028 0.069+0.081  0.96440.049 0.07240.052 0.76440.049  0.052 % 0.052
* i i C-IFAIR  0.64340.127 0.060 £0.054 0.660 +0.123  0.056 £0.052 0.669 + 0.171  0.020 + 0.036
: . . . . (@)d=5 (d,=15) (b) d =10 (d, = 30) (c)d =15 (d, = 45)
Qur idea: We obtain adjustment candidate sets Z*, ..., ZM, at least one of which d- o] 10 - —— _ —
separates all back-door paths for the true DAG. We take 2 steps: m oracle | oo m oracle)|  10] m Oncl
. . [IFair | LU 0-8] IFair | W -IFair
1. Parent Enumeration: From possible DAGs, enumerate the parents of 4 as F e SRE(7Y] s
Definite & possible parents 6 Tos mo 6
m . m, . | _° 0.5- o e
Z -— pa(A) U S fOr T = 17 AR M 0.00 0.05 010 015 020 0.00 005 010 015 0.20 000 002 004 006  0.08
Unfairness Unfairness Unfairness
2. Adjustment Set Completion: Add clusters that are needed to achieve ADULT GERMAN OULAD
cluster d—separation [ Anand+; NeurIPSZOZS] AUCYT UNFAIRNESS/, AUC?T UNFAIRNESS, AUC?T UNFAIRNESS/,
2 ORACLE 0.709 + 0.009 0.000 & 0.000 0.582 4+ 0.004 0.000 £0.000 0.628+£0.015 0.000 4 0.000
G5 After taking these 2 steps, we formulate unfairness penalty gy as FULL 0.87440.004 0.030 £0.024 0.76240.060 0.173+0.011 0.697 &+ 0.024  0.061 =+ 0.001
L ‘“.lo
5o D . . . . . 1 M UNAWARE  0.8054+0.049 0.018£0.014 0.695+0.061 0.101 £0.013 0.654 +0.019 0.004 4 0.000
E the maximuim Of the dlStrlbutIOHal dIStanceS over Z y =) Z NoO-DESCs 0.81540.007 0.026 £0.022 0.726 £0.059 0.085 £0.008 0.654 +0.020 0.004 4+ 0.000
- = e-IFAIR 0.8124+0.006 0.01540.012 0.756 £0.008 0.082 £ 0.000 0.641 +0.005 0.005 4 0.002
¢-IFAIR 0.764 £0.002 0.015+£0.008 0.7504+0.035 0.1514+0.011 0.639 £0.011 0.003 £ 0.001

C-IFAIR 0.829 £0.021 0.014 =0.010 0.760 &= 0.061  0.065 £ 0.008 0.660 =0.018 0.001 = 0.000




