Uty PClean: Bayesian Data Cleaning at Scale via Domain-Specific Probabilistic Programming

Alexander K. Lew, Monica Agrawal, David Sontag, Vikash K. Mansinghka

1. Overview 2. PClean Modeling Language
PClean is a domain-specific probabilistic programming language for T —— Left: A PClean program defines a
. . . . class School begin _~ attribute statements .
inferring ground-truth relational databases from flat, dirty datasets. name ~ string prior(L, 100) relational schema for a database
: WU N of objects underlying the dirty
degree dist ~ dirichlet(ones(n degrees)) _ e .
scales to millions of rows Dirty observations PClean program end data, along with a probabilistic
N ¥ relational model over object
Name Specialty \ Degree School Address City State Zip -
class School begin class Ph Sl'cian be 1 attrlbUteS
K. Ryan Family Medicine \ PCOM 6317 York Rd Baltimore MD 21212-2310 class Physician begin class Clty begin 3 sin learned parameters
K. Ryan Family Medicine \ PCOM 100 Walter Ward Blvd Abington MD 21009-1285 class Practice begin name ~ P arameter p_er.r N beta(l,lOOO) . el
— , r——r—y . . parameter specialty dist[ ]~ dirichlet(ones(n specs))) Below: PClean uses a
S. Evans Internal Medicine MD UMD 100 Walter Ward Blvd Abington MD 21009-1285 1 . . strmg_prlor(l,40) - - - . .
M. Grady Physical Therapy \Other 3491 Merchants Blvd Abingdon MD 21009-2030 c;ﬁ;i;?:gfllglf}il;im SChOOl ~ School <— reference statements domaln-gen_eral non-parametrlc
\<2,183,988m0rer0w>s - :ﬁ;auonNPmcm <—— optional inference hints structure prior over the number of
state’; — degree ~ discrete(degrees, school.degree dist) objects of each class, and over
1 unirormistates . . . . . . . . .
School °fi§i§§ s y learns model parameters from dirty data ¢orred relational database R specialty ~ discrete(specialties, specialty_dist[degree]) their relationships.
v |PCOM DO .79,MD .18, ... E- _____ parameter gc-l;it-yjﬁs-ﬁ:]“_-i - end observed_degree ~ maybe_swap(degree, degrees, p_err) GENERATESKELETON(C, |D|):
‘v [UMD MD .89.PTO0.03.... =£[e]§m IIL(tSP:lalltg' lFDegll‘ee)12 SO CIass BEPOL class Practice > Create one C,,s Object per observed record
! emal .15, Family .12,... 1 i o o
»[Other MD 32,NP0.22 =DO e a{ B Physician Location Adfvons Zip City class City l end Sc.,. ={1,...,|D|} .
(395 morerows) {PT Physical Therapy .94, ... | PY @) s , > Generate a class after all referring classes:
L (19 more parameters) ______ — 6317 YorkRd ~ 21212-2310 o. | | City State dlass Praviie Dok l for class C € ToPOSORT(C \ {Cops}) do
class Physician e 100 Walter 21009-1285 °. “IA Baltimore ~ MD racuce = lass R I heos > Collect references to class C
School Name Degree Specialty @ — »WardBvd @ ¥ .".‘Abingdon — coe Class . .eCOI‘ eglll Refs (C) - {(T, Y) | rec SC/,T(C,.Y) — C}
................................... @ K. Ryan DO Family Med & &7 |~ . O-.. K. ,3491 Merchants  21009-2030 .' city " City — physwlan e Physician > Generate targets of those references
S = - S.Evans _MD __InternalMed 47| [.-"(2,183,988 more rows) Blvd U200 murErons) bad_city ~ typos(city.name) location ~ Practice Sg ~ GENERATEQRIECTOET(C, Refs(C))
-------------------------- —- M. Grady PT Physical Therapya| (379.177 more rows) d - end > Assign reference slots pointing to C
(1,142,213 more rows) : €n for object 7' € S¢ do
l for referring object (r,Y) € ’ do
) ) ) observe physician.specialty as Specialty, <~ query rY =1’
Name Spe.clalty. . Degree School Address Clty State Zip physician.school.name as School, ie}t{ifr} ;he} skele'(c:ny) L
K. Ryan Famle MechTne DO PCOM 6317 York Rd Baltimore MD 21212-2310 o t tod physician. observed_degree as Degree, crcel,\" '
K. Ryan Family Medicine DO PCOM 100 Walter Ward Blvd ~ Abingdon  MD 21009-1285 econstructe location.bad city as City, ..., GENERATEOBIECTSET(C, Refs(C)):
S. Evans  Internal Medicine MD UMD 100 Walter Ward Blvd ~ Abingdon ~ MD 21009-1285 dataset changes 8,000 errors in location.city.state as State from Record ~\—_ ,pc.mation class So ~ quma(l, 1); dC.N Bet.a(.lz 1) |
M. Grady  Physical Therapy PT Other 3491 Merchants Blvd Abingdon  MD 21009-2030 | = —  Medicare d;ltaset, 96.5% > Partition Refg(C) into dlSJO.mt co-referring
tly. & imputes 1.5M subsets; each represents an object
(2,183,988 more rows) cor'r'ecmztssmgm;zcl.lu:: Equivalent view: in topological order, simulate infinite collection of objects from each class from Pitman-Yor Sc ~ CRP(Refs(C), sc,dc)
3. PClean Inference Engine 4. Experiments & Results
1) Initializes latent database with per-observation SMC;  GenarsDaraser(t, Q, ID): ot databace PClean is expressive enough to model data cleaning benchmarks in <50 LoC,
fixes mistakes with per-object rejuvenation Pt vt S A R and unlike generic PPL inference (left), achieves SOTA accuracy + runtime
) : : : . . : : RO  RG-D AR ‘ . . . . .
o Non parametrlc prior admits a sequgntlal representatlon (right), enabling .t Burusiors whiuc o ey, T compared to WEIghtEd |0gIC + machine |earnmg baselines.
SMC that incorporates one observation at a time d; + {X — r.Q(X), VX € A(D)}
o Exchangeability of CRPs enables per-object rejuvenation moves: choose return R = RIP), D = (dy,...,d|p)) _ Metric | PCI HoloClean HoloCl NADEER NADEEF + Manual
. : . asS elric eal 010 ecall
any object, and propose new parameters and reference slots — possibly  GexeraTEDBINCGR(RG-D), oot class C): (Unpublished) Tova Heuriattos
: : : A < 0; v« + a new object of class C
creating new objects of other classes as their targets for each seference slot ¥ € R(C) do Flights F, 0.90 0.64 0.41 0.07 0.90
2) Fast, data-driven SMC / block rejuvenation proposals C' + T(C.Y) . Time 3.1s 45.4s 32.6s 9.1s 14.5s
for each object r € R, " UAR_, do I3 0.91 0.90 0.83 0.84 0.84
created just-in-time by a proposal compiler ne = [{r' | 1" € REDUAAIT 17 = 1} Hospital & ’ | | ' |
r«.Y ¢ r wp. X np—dcs, Or x W.p. Time 4.58 1m 10s 1lm 32s 27.6s 22.88
o Translates subproblem t? a Baygs net | N 5o +C{C,|Rg,—1> UAR,| 7 0.69 0.48 0.48 0 051
o For each pattern of missingness in the data, compiles efficient if r..Y' = x then | Rents .
_ A’ + GENERATEDBINCR(R(G-DUA, C") Time 1m 20s 20m 16s 13m 43s 13s 7.2s
enumeration-based SMC proposals A+ AUA
: P : : r..Y « the unique 7’ of class C" in A’ . ) . .
o As needed, compiles enumeration-based rejuvenation proposals tor each X € A(O). in tooclomical order do Table 1: Results of PClean and various baseline systems on three diverse cleaning tasks.
. . . . € A(C), in topolog Y g
o When possible exploits conjugacy for continuous parameters P X ~ pox( | {re U vepacx)
[ ] [ ] [ J [ J t A b . .
3) User-specified inference hints help scale to large retun A Uire} Comparison of Inference Algorithms
. . Above: Unlike in general 136 — = PClean SMC (2 particles) followed by PClean rejuvenation
datasets and variable domains " , PClean SMC (2 particles)
] . open-universe PPLS, PClean’s 08- —+— PClean SMC (2 particles) followed by PClean rejuvenation, no subproblem hints
O SprrOblem begln ... end: model admits 3 sequential g PClean SMC (20 particles) followed by PClean rejuvenation
Group adjacent statements into a subproblem which becomes an . . . O —-— PClean MCMC
, P d! - eMC. Srmall pb o aad bl representation, in which one “os — .. Generic MCMC
Interme I.ate targetin - SMaler SUbproblems 1eq . to more scalable observation (and all new latent L; —#*— Generic SMC (100 particles) followed by Generic PGibbs rejuvenation (100 particles)
enumerative proposals, at some cost to proposal quality objects it is based on) is & 0.41 Generic SMC (100 particles) followed by Generic rejuvenation
° ®) : :
O ~ . _ _ _ —8— Generic SMC (100 particles)
X d.(fE' ’dE) prefernlrlmg : et of val o S instantiated at each time step, =,,
>pecify a dynamically computed list of values on whic pOSter'c.)r > WY enabling sequential Monte Carlo e e e g e o0 o N o e o st o 8016386 013, 1 o A b3l
to concentrate; proposal enumerates these, and the enumerative inference 0.0 roaming aproa o robablsie s s, dapcesin el oot ocesg e 23 P 2010 (rclon, Sar 206) o, 2011 201, Dllechiss e ctel
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