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* Tabular data = prevalent+ for value potential * Map key frameworks for tabular data classification onto generative world

Chui et al. 2018 - Savage, 1971 . e g e . _ _ _
N . ge, : _ y :
. Generative SOTA for tabular data = DL based Loss functions: properness GAN-game losses from discriminator, tight if discriminator calibrated, chi square “universal’ to train generator

Breiman et al., 1984
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unlike SOTA for classification (tree based) Models: tree-based New tree-based generative models: XAl+, density in O(depth), likelihood w/ missing features in O(size)
Ly Al ith b . Kearns & Mansour, 1996 B : | thm f d i . : £ chi d K : :
- Dissatisfaction, new directions needed for gorithms: boosting oosting algorithm for adversarial training +geometric conv. of chi square under weak generative assumption
: _ . " : : : .
generative approaches Camino et al. 2020 New copycat training (unknown for DL), “boosting for free” convergence if boosted discriminator (C4.5, etc.)
LOSS functlons No discussion on generalisation MOdGlS AlgOrltth The prior is under control, so we pick7T=0.5
Discriminative<- Binarytask o, Generative - | | . Adversarial training
(for class probability estimation) ny = 1] PX|Y = —1] (for measure Comparison) Tree: atreeis a. bmarY directed tree vyhose internal nodes gre labeled with a test
Py \ / on an observation variable and outgoing arcs are labeled with truth values. Leaves Algorithm TD-GEN(G, h) g g g B(p)
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- : y Step 3 : compute p as srameters depend on G. h and T Top-down: pick a leaf, variable, split, compute Bernoulli's p, repeat
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P ‘ A dN | . . . . . . p <= UL + 1RR — 20 Lif x” ([[Pa) > & and|T — p| > e: b If weak generative assumption(s > 0)
. W { CVX |  Generative Tree: A generative tree (GT) G is a tree in which outgoing arcs are LL ™ FRR LR : ] :
- ; .; (see paper) : (0=0=>complete independence
L(p) = mf oy B [£(Y, u)] Bayesrisk | IThe better N. th Il | | labeled by Bernoulli trialsB o o o4 b fon and discriminati
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i | lloss / 2 X X opycat training : Boosting-compliant convergence “for free”
’ Generator’s loss see paper LS £ -
|| _ | | SamplinginaGenerative Treer e 5 L Generator and Discriminator contain a tree : B boosting rates in density ratio loss for
| it e (1) Stochastically follow (coin toss(p)) % U x In copycat training, the Discriminator h is learnt by a boosting algorithm (C4.5, CART, ...) E the Generator follow directly from
i agreement on the level sets of the posterlor “Unlike a path from the root to a leafA 3 Ly After each iteration for h, the Generator G COpIeS the update of the tree of hin its tree : boosting rates for the Discriminator
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posterior predictions at the leaves is calibrated {1 7 7~ /i 7: iros for Generative Trees: : ) been affected by its update =>the error of h on the new sample is 50% = induction algorithm (Kearns & Mansour, STOC'96)
‘? . : . . ~ 1|} - " Trainable from data w/ missing values (see algorithms L Repeat with a new update to the tree of h H : b Suppose boosting’s Weak Hypothesis
St&tlSth&/ information of calibrated N | +Lem ma. |f additiona property on /, L XAl+: as “easy” to interpret as a decision tree (see experiments) P P ... G implementsthe - AssuFr)npption WHA(5g> 0) holdsytrz) train h
;' . . || jto minimise G, sufficient to minimise - Density computable in O(depth) at any point, Pros for Copveat traini WHAS distriution =, [ > 0. if #iters T for h satisfi
AL(H» Mﬁ) — L(T") T IEEXNM~ [L (T] (X))] 'ﬂ the chi sauare (N HP ) b | ikelihood of missing values given partial observation in O(size), P[A|B] equivalently easy ros 9r opyca ra.lnlng , i oranye - T #ILErS 3g>r Satisties
i - 1 — I3} q X L Manv metrics involving a GT computabl tly (no sampling required !): chi re. et b Straightforward to implement to build the Generator : 1\
CART, C4.5, etc. (splitting criterion)l |  holds for many popular losses (log-, square-, etc.) y 9 putable exactly tho sampling required 5. chi square, etc. e o : : : : T > (— |
' 1N Cons for Generative Trees: > Almost zero algorithmic overhead over the Discriminator’s boosting algorithm : f(e) e (0,1)
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Experiments
Missing data imputation Generated data augmentation ... and more
Setup: Setup: Additional experiments in paper:
% b Remove q% values in dataset (Missing Completely At Random), 5-fold CV b Take a supervised domain (e.g. UCl iris), 5-fold CV b Training from just generated data (vs CTGAN)
3 L Impute missing values w/ algorithm, compare with domain using OT (W5) metric | S Train generator, generate additional g in {5, 10, ...100}% (of training) examples, b Distinguishing real from fake data (vs CTGAN)
8 Some results (more in paper) U = we win; M = mice wins (bold = p-val < .1, indicated) train supervised model (GBDT or RFs) from all data, get accuracy/RMSE on test
O Us vs Mice| | NORM CART RF  UsvsMice|CARTRF  Us vs Mice|CARTRE  Us vs Mice|[CART RF L 2 baselines: = +uniform data (“worst”), copy = +real data (“optimum”) XAl by the example: crop of a GT learned on Stanford Open Policing (Hartford)
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L GTs can beat mice if small dim (unexpected) j "5” % ’ S ‘“" ri x‘;. (BC(Z)I)GtAI\:K Tiny GTs (10 CTGAN (10 Accuracy (higher = better) . “Optimum” L e e ey o e e e i e
& always with 1 tree (vs many for mice) j ; - 5 j g R ;f j ; 3 ;;: epocﬁs) splits) epochs) GTs with 300 up to 10K splits I l-[Ofgég;:,l7f4;e;ri;tvéggz'iZN?§g§:)[Niz)[:i.?ggéE:f.TfiT 11 disparities for young (<30 yrs) vs not-young (~=30)
L training time: GTs << mice (especially w/ RFs) HE 3 ¥ SRR o ? | % & L | |-10.0265, [ raw search authorization code (NOMINAL) n “caridriver search” w/o warning issued
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. b +GTs provide generator (mice: no byproduct) o *’&ﬁgd{ - m] céTFN’“ORM . m1ce“f ART More training = degradation (CTGAN) | | \-[0.9130, [ lat (conTINUOUS) in [41.6730, 42.342 (Eachyoung age > 3x more likely than each not-young)
333333333333333 circGauss (green = domain; . S |
us = copycat training a G & for max 10K splits red = imputed data, qg=20%) -2 'UCI housef\fgte“s | 11 | Conclusion and future work:
, SOTA: mice (van Buuren, 2018) " 1|1 | 2 Contribution on losses applies beyond our framework to any calibrated disc.
us = copycat training a GT G for max 10K splits - After initial guess, round-robin updates one column’s missing values given the e e e e ' ' ' e Ls Interesting avenues on alleviating the Cons for Generative Trees
SOTA: CTGAN (Xu et al., NeurlPS’19), trained for 1K epochs others using regression/classification , Iterates 5 times us = copycat trammg a GT G for 10, 300 or 10K max splits L Experiments display edge vs CTGAN + potential use for missing data imputation

-We used in {INORM, CART, Random Forests = RF with 100 trees each} SOTA: CTGAN (Xu et al., NeurlPS’19), trained for 10, 300 or 1K epochs



