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Goal: DAG Learning Our contribution Experiments

Given: Data X = {x; }1<i<d Goal: Learn the weighted New data generation assumptions Default experiment: few root causes assumption fullfiled by construction
associated with the nodes DAG A = {aij}1<i<j<d

of an unknown weighted DAG Prior work » Cis multivariate Bernoulli with p = 0.1 and weights from 2/(0, 1) « Random Erd6s-Renyi graph (or other) transfomed into DAG

Ours: Few root causes « Both root causes N . and measurement noise N, have low std. o = 0.01  + Average degree = 4 and weights from [—0.9, —0.1] U [0.1, 0.9]
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Data generation model Evaluation metrics: SHD (structural Hamming distance), runtime

X — N (I + K) X = (C+ N,) (I + K) + N, SparseRC is best for all nodes for more than 500 samples
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Linear SEM Linear SEM with few root causes oiEY but not competitive

and measurement noise | \/ NOTEARS DAGMA
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Active research area! [Vowels et. al., 2021], NOTEARS [Zheng et. al., 2018], GOLEM . - - : - —— DirectliNGAM  p(
[Ng. et. al., 2020], GraN-DAG [Lachapelle et. al., 2019], [Chevalley et. al., 2023] Input (root causes) _ _ \ _ —— PC GES

: QI LINGAM
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1. Data X generated from few events upstream . sortnregress

2. X subject to measurement noise . o . MMHC
Different variation of the default experiment (100 nodes, 400 edges, 1000 samples)
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Rlve ' N etWO rk exam p | e Input: N Input: C + N, Excellent reconstruction when assumptions are fL{IIfiIIed SeensETon GuEl GHI) 10-50x faster . .. seconds|
Random and i.i.d. Approximately sparse >

Hyperparameter Default Change SparseRC (ours) GOLEM  NOTEARS \SparseRC (ours) GOLEM  NOTEARS

Default settings 0.6 + 0.8 A 82+ 34 59 + 22 /10 + 1.8 A 529 £ 210 796 £ 185
Graph type Erdos-Renyi  Scale-fredf 2.24+1.5 34+£9.0 28495 11+ 1.1 460 + 184 180+ 7.2
N, N, distribution (Gaussian Gumbel 1.4+1.0 87 + 44 59 + 17 8.2=10.7 349 + 125 251 £48

Edges / Vertices 4 10 46 £ 7.5 212+ 70 243+ 26 14+ 1.0 347+ 121 471 £ 82
> 624 £ 48 <

Weighted DAG A C is sparse with varying
measurement
: support

N: low magnitude noise N . : low magnitude noise

Weighted DAG
elghte Standardization No Yes failure failure 13 +0.7 194 +£9.6 679+ 72

Larger weights in A (0.1,0.9) (0.5,2) failure 96 + 25 92 1 14 11+1.9 326 + 145 781 + 76
N., N, deviation o= 0.01 504 £+ 19 98 =14 199+ 12 8.4 0.6 431 £ 177 2834 £ 228
Dense root causes C p = 0.1 : 1221 4+ 33 20 2.5 126+ 32 8.7 0.7 309 + 63 433 £+ 53
Samples n = 1000 2063 £ 92 failure failure 9.1 0.7 334+ 121 427+ 35

Fixed support No failure Y failure failure . 15+2.0 360 & 142 669 £ 386

No weight constraint in A A has weights in [0, 1]
A is sparse A is sparse
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Few cities pollute C Accumulated pollution X Data/Measurements X

Negligible pollution by others N. Measurement noise N, Assumed to be exact Subject to measurement

noise NN, : .
Metaphor for data generated by few events Assumptions deteriorate «—
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5-8: deteriorate the sparsity in root causes

Data generation model Learning the DAG 10: vilates varying subport

Linear SEM (structural equation model) Theoretical Guarantees Scaling to larger DAGs Real Data [Sachset. al, 2005]  CausalBench Challenge [Chevalley et. al., 2023]

[Shimizu et. al., 2006] . o - .
Lemma: Given N, — 0 the DAG is identifiable from data with Reconstruction quality (SHD)
Data are linear combination of the parent’s values (causes) few root causes. Nodes d, samples . SparseRC NOTEARS GOLEM SHD | SID| Total edges . : : : R
. . o /7o ofo . _ . . . > S ‘GEJ . ; ) . .; . . . Catran
1236%%]‘ (s based on identifiability from Linear non-Gaussian SEM [Shimizu et. al., d = 200, 7 = 500 99 155 981 SparseRC 15 15 16 T ; : S : - v p 30
]. d — 500, n = 1000 27 245 574 NOTEARS ]_]_ / 44 15 é - : j % x ‘ *  Mean Difference (top 1k)

064 K562 (varyihg intervention set) RPE1 (varyihg intervention set)
¥

d = 1000, n. = 5000 26 282 699 GOLEM 21 43 19 Soapi/ i AT 2 v L Sparserc
d = 2000, n = 10000 50 489  time-out /
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E : o~ | Theorem: Given N. = N, = 0 and enough data the true DAG A d = 3000, n = 10000 134 time-out  time-out
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N s (with high probability) the minimizer of:

min ||X (I + K)_lH s.t. A is acyclic
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Excellent reconstruction Competitive performance Fracton of Dataset 1% Fraction of Dataset %]
on real data

\ W4 SparseRC ranked 3rd in the

causes of node ; Proof in our paper. 3rd CausalBench Challenge at ICLR 2023

Solving the recurrence Learning the DAG by continuous relaxation Root causes recovery Denser DAGs Zero measurement noise

—1 :
X=XA+N<e }5 =N ({1-A) In practice N # 0, N, # 0 and we apply the L* norm. | — SparseRC - — SparseRC ' 0 SpEEEE
GOLEM GOLEM 1 — LINGAM

N (I + CA + ...+ A(d_lz) NOTEARS - NOTEARS _ —— DirectLiNGAM
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(I+A) Transitive closure min || X (I + K) - H + A||A|l1 st tr (eA@A) =d
AeRdXd 1

Output ‘Input = root causes

Few root ‘ Sparse ‘ Acyclicity constraint ‘
causes DAG NOTEARS [Zheng et. al.,

Linear SEM = Linear transformation with input N 20Tl Checkout our github repo A Hi
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