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Bayesian Dice in Action: Ising Model
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(a) Training-set perplexity
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(b) Test-set perplexity (c) Noisy bitmap (d) MAP estimation

Figure 6

We denote by xmax and �max the number of rows and columns
in the lattice. The set of hyper-parameters {�x,�,� }x,�,� en-
code the noisy input-image. We use a collection of exchangeable
query-answer to encode the e�ects of the ferromagnetic interac-
tions. Let’s de�ne the two deterministic relations L1(x1,�1) and
L2(x2,�2), all containing one record per each location in the lat-
tice. We can encode the ferromagnetic interactions between each
site and its right neighbor using the following query-answer:

V1(x1,�1,�) := �x1,�1,� (�x1=x^�1=� (L1 ./:: I ))
V2(x2,�2,�) := �x2,�2,� (�x2=x^�2=� (L2 ./:: I ))

q := �x1,�1 (�(x1=x2)^�2=(�1+1)(V1 ./ V2))

Similar query-answers can be used to encode the interactions
with the other three neighbors. Figures 6c and 6d exemplify
the use of the Ising model to clean up a black-and-white image.
The evidence (Figure 6c) is obtained by �ipping each bit in the
original image with a probability of 0.05. The image in Figure 6d
is obtained by performing a maximum a posteriori estimation of
the model. We used the prior �x,� = (3, 0) for the black pixels
and �x,� = (0, 3) for the white ones. This second experiment
highlights our framework ability to express general probabilistic
programs in terms of query-answers. Section 8 of [46] o�ers
additional examples.

5 RELATEDWORK
We start our review of the related works from the classic proba-
bilistic programming languages like Stan [10], PyMC3 [57], Ed-
ward [65], or Pyro [4]. With respect to our framework, these
languages are more mature and o�er greater �exibility in the
data model, supporting both continuous and discrete random
variables and a wide range of probability distributions. In terms
of inference, they often rely on general-purpose MCMC samplers
like [18] and [31], or black-box variational inference [39, 54].
Unlike our framework, generic probabilistic programming lan-
guages are designed to access the training data in the form of
�at �les or array-shaped in-memory data structures from envi-
ronments like R or Numpy, remaining mostly disconnected from
existing data management systems and entirely oblivious to the
underlying structure of the data.

The database research community has been very active on
improving the support for machine learning (ML) workloads.
One line of work focuses on “factorized learning”, a method that
exploits join-level optimizations to speed-up common gradient-
descent ML tasks, expressed as relational queries. Factorized
learning has been successfully used to optimize linear models
[11, 40, 58], polynomial regression, ridge regression, factorization
machines and decision trees [37, 59]. For future work, we see

factorized learning systems as a candidate platform to execute
variational inference for our framework. Monte Carlo methods
have found many successful applications in the context of prob-
abilistic databases. Good examples include the Karp-Luby ap-
proximation algorithms for model counting [35, 36], the MC-SAT
slice sampler for relational domains proposed by [53], the factor-
ized Monte-Carlo database proposed in [69] and, more recently,
the simulation-oriented distributed systems like simSQL [9] and
BUDS [22]. Systems like [69] do not o�er the same �exibility as
generic probabilistic programming, since the factorization of the
model is encoded in the database itself and not in the queries.
Similar considerations apply to simSQL and BUDS; while these
systems can be used to implement Gibbs samplers, the actual
code of the sampler must be provided by the end-user. For exam-
ple, to support distributed execution the authors of [9] settled for
the implementation of an uncollapsed LDA sampler. Another line
of work from the database community focuses on integrating the
support for array-shaped data into the standard relational model,
either for scienti�c data [34, 62], or for matrix- and tensor-shaped
data generated by ML workloads [42, 70]. All these systems are
fully relational at heart, and therefore compatible with our ap-
proach. The authors of [2] propose a probabilistic programming
framework based on Datalog, that supports both recursion and
continuous distributions. Unlike our work, no inference method
is provided. The authors of [50] show how �nite exchangeability
can be used to support tractable, lifted inference.

6 CONCLUSIONS AND FUTUREWORK
We introduced a novel probabilistic programming framework,
where probabilistic programs are expressed as sets of exchange-
able query-answers. Our system can encode non-trivial models
like Latent Dirichlet Allocation, and derive a functional collapsed
Gibbs sampler for it. We plan to expand our work in several di-
rections: First, we will investigate the use of alternative inference
methods, like variational [5] and geometric inference [71]. Sec-
ond, we plan to integrate our framework into a proper database
system, as done in [45, 46]. Third, we want to extend the frame-
work to allow the explicit modeling of causality [55, 56], with
distinct operators for conditioning and intervention, and explore
the use of continuous variables, in the spirit of [29] and [28].
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Setup:

• One Bayesian “coin” (d=2) per each pixel

• If the pixel is ON: 𝛼⃗ := (2,1)

• If the pixel is OFF: 𝛼⃗ := (1,2)

Constraint: “we make two new observations 

for every pair of neighboring pixels, and we 

assert they share the same configuration 

(either they are both ON or both OFF)”

𝜃⃗

x[n]
x[s]

x[e]𝛼⃗
x[w]
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We denote by xmax and �max the number of rows and columns
in the lattice. The set of hyper-parameters {�x,�,� }x,�,� en-
code the noisy input-image. We use a collection of exchangeable
query-answer to encode the e�ects of the ferromagnetic interac-
tions. Let’s de�ne the two deterministic relations L1(x1,�1) and
L2(x2,�2), all containing one record per each location in the lat-
tice. We can encode the ferromagnetic interactions between each
site and its right neighbor using the following query-answer:
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q := �x1,�1 (�(x1=x2)^�2=(�1+1)(V1 ./ V2))

Similar query-answers can be used to encode the interactions
with the other three neighbors. Figures 6c and 6d exemplify
the use of the Ising model to clean up a black-and-white image.
The evidence (Figure 6c) is obtained by �ipping each bit in the
original image with a probability of 0.05. The image in Figure 6d
is obtained by performing a maximum a posteriori estimation of
the model. We used the prior �x,� = (3, 0) for the black pixels
and �x,� = (0, 3) for the white ones. This second experiment
highlights our framework ability to express general probabilistic
programs in terms of query-answers. Section 8 of [46] o�ers
additional examples.

5 RELATEDWORK
We start our review of the related works from the classic proba-
bilistic programming languages like Stan [10], PyMC3 [57], Ed-
ward [65], or Pyro [4]. With respect to our framework, these
languages are more mature and o�er greater �exibility in the
data model, supporting both continuous and discrete random
variables and a wide range of probability distributions. In terms
of inference, they often rely on general-purpose MCMC samplers
like [18] and [31], or black-box variational inference [39, 54].
Unlike our framework, generic probabilistic programming lan-
guages are designed to access the training data in the form of
�at �les or array-shaped in-memory data structures from envi-
ronments like R or Numpy, remaining mostly disconnected from
existing data management systems and entirely oblivious to the
underlying structure of the data.

The database research community has been very active on
improving the support for machine learning (ML) workloads.
One line of work focuses on “factorized learning”, a method that
exploits join-level optimizations to speed-up common gradient-
descent ML tasks, expressed as relational queries. Factorized
learning has been successfully used to optimize linear models
[11, 40, 58], polynomial regression, ridge regression, factorization
machines and decision trees [37, 59]. For future work, we see

factorized learning systems as a candidate platform to execute
variational inference for our framework. Monte Carlo methods
have found many successful applications in the context of prob-
abilistic databases. Good examples include the Karp-Luby ap-
proximation algorithms for model counting [35, 36], the MC-SAT
slice sampler for relational domains proposed by [53], the factor-
ized Monte-Carlo database proposed in [69] and, more recently,
the simulation-oriented distributed systems like simSQL [9] and
BUDS [22]. Systems like [69] do not o�er the same �exibility as
generic probabilistic programming, since the factorization of the
model is encoded in the database itself and not in the queries.
Similar considerations apply to simSQL and BUDS; while these
systems can be used to implement Gibbs samplers, the actual
code of the sampler must be provided by the end-user. For exam-
ple, to support distributed execution the authors of [9] settled for
the implementation of an uncollapsed LDA sampler. Another line
of work from the database community focuses on integrating the
support for array-shaped data into the standard relational model,
either for scienti�c data [34, 62], or for matrix- and tensor-shaped
data generated by ML workloads [42, 70]. All these systems are
fully relational at heart, and therefore compatible with our ap-
proach. The authors of [2] propose a probabilistic programming
framework based on Datalog, that supports both recursion and
continuous distributions. Unlike our work, no inference method
is provided. The authors of [50] show how �nite exchangeability
can be used to support tractable, lifted inference.

6 CONCLUSIONS AND FUTUREWORK
We introduced a novel probabilistic programming framework,
where probabilistic programs are expressed as sets of exchange-
able query-answers. Our system can encode non-trivial models
like Latent Dirichlet Allocation, and derive a functional collapsed
Gibbs sampler for it. We plan to expand our work in several di-
rections: First, we will investigate the use of alternative inference
methods, like variational [5] and geometric inference [71]. Sec-
ond, we plan to integrate our framework into a proper database
system, as done in [45, 46]. Third, we want to extend the frame-
work to allow the explicit modeling of causality [55, 56], with
distinct operators for conditioning and intervention, and explore
the use of continuous variables, in the spirit of [29] and [28].
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2,1 0 0
ON(v0)

OFF(v1)

𝛼⃗ X Y STATE

x0,0
0 0 N

X Y DIR

0 0 S

0 0 W
0 0 E

0 1 N

0 1 S

0 1 W
0 1 E

… … …

IMAGE (I) SAMPLES (S)

1,2 0 1
ON(v0)

OFF(v1)
x0,1

… … …
…

…x…,…

RES := I ::⨝ σdir=E|S(S)

RNW := I ::⨝ σdir=N|W(S)

(RES⨝c RNW) ⊆⦰

In a nutshell: it’s just like Pyro, PyMC or Stan,… but with databases! 

c := (RES.x+1= RNW.x ^RES.y= RNW.y 

^ RES.dir=E ^ RNW.dir=W) 

or   (RES.y+1=RNW.y ^ RES.x= RNW.x 

^ RES.dir=S ^ RNW.dir=N))

and (RES.state≠ RNW.state)

(probabilistic program)
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RES := I ::⨝ σdir=E|S(S)

RNW := I ::⨝ σdir=N|W(S)

(RES⨝c RNW) ⊆⦰

(probabilistic program)

(x0,0[s]=v0^x0,1[n]=v0)v(x0,0[s]=v1^x0,1[n]=v1)
(x0,0[e]=v0^x1,0[w]=v0)v(x0,0[e]=v1^x0,1[w]=v1)
(x1,0[s]=v0^x1,1[n]=v0)v(x1,0[s]=v1^x1,1[n]=v1)
(x0,1[e]=v0^x1,1[w]=v0)v(x0,1[e]=v1^x1,1[w]=v1)
(x2,0[s]=v0^x2,1[n]=v0)v(x2,0[s]=v1^x2,1[n]=v1)
…
…
(many)

(ground constraints)

LLVM/ClangJIT

Acero



N documents →N red dice                      K topics →K blue dice

For each word in our corpus:

1) We throw the red die corresponding to the current document.

2) We select the blue die corresponding to the value observed at point (1)

3) Finally, we throw the blue die and obtain a word.

We condition this generative process w.r.t. the observation of the corpus.

Example: Topics Modeling (Latent Dirichlet Allocation)

Red die: generate numbers between 1 and K

Blue die: generate words from a fixed vocabulary



Example: Topics Modeling (Latent Dirichlet Allocation)

Posterior probability of the blue dice

team game season player play games point run coach hit

government zzz_united_states official military war zzz_u_s 
palestinian leader zzz_israel zzz_american

family home friend father mother son children told wife night

campaign zzz_george_bush president zzz_al_gore election political 
zzz_bush vote republican democratic

film movie music show play song director actor character movies

...



Example: Topics Modeling (Latent Dirichlet Allocation)

in �, and re-assigning a satisfying term to it, sampled from the
conditional distribution P[·|w�i

n ,A]. The symbolw�i
n denotes the

conjunction of all the terms inwn with the exclusion of �i , the
one assigned to expression �i . As discussed in Section 2.4, we
can use Algorithm 6 to sample a term from D��� (�i ,Xi ,Yi ) w.r.t.
distribution P[·|w�i

n ,A].

P���������� 7. The probability of transitioning from possible
worldwn to possible worldwn+1 is equal the probability of tran-
sitioning from wn+1 to wn . Thus, the proposed Markov chain of
possible worlds is reversible.

P����. Let’s denote by �i and � 0i the terms assigned to expres-
sion �i by possible worldswn andwn+1, respectively. The proba-
bility of transitioning fromwn town+1 is given by (P[� 0i |w

�i
n ,A] ·

P[wn |A]). Similarly, the probability of transitioning fromwn+1
to wn is given by (P[�i |w�i

n+1,A] · P[wn+1 |A]). Since wn and
wn+1 only di�ers in the value assigned to �i , we can infer that
w�i
n = w

�i
n+1. Furthermore P[wn |A] = (P[�i |w�i

n ,A] · P[w
�i
n ,A])

and P[wn+1 |A] = (P[� 0i |w
�i
n ,A] · P[w

�i
n ,A]). The thesis follows

immediately. ⇤

Since it is always possible to transition between two arbitrary
possible worlds inW in a �nite number of steps, the proposed
Markov chain is irreducible. Furthermore, the chain is aperiodic,
since the choice of the expression �i to be used in a transition is
made at random.

If � is a set of lineage expressions generated by a safe o-table,
we can use the proposed Gibbs sampling strategy to perform an
approximate Belief Update w.r.t. the event of observing all the
expressions in � being satis�ed. Such Belief Update should mini-
mize the KL-divergence between the database and the posterior
distribution P[�|�,A]. As discussed in Section 3, the parameter-
vector A⇤ that minimizes the KL-divergence w.r.t. the posterior
distribution is the one that satis�es the following set of con-
straints:

8�i, j
π 1

0
ln(�i, j ) · p[�i, j |� ⇤

i ] d�i, j =

π 1

0
ln(�i, j ) · p[�i, j |�,�i ] d�i, j

(28)
Let Ŵ be a �nite collection of possible worlds that satisfy all the
expressions in �, sampled from P[·|�,A] with the Gibbs method
described above. In order to approximateA⇤, we can approximate
the expectations on the right-hand side of Equation 28 as follows:π 1

0
ln(�i, j )p[�i, j |�,�i ] d�i, j ⇡ 1

|Ŵ |

’
ŵi 2Ŵ

π 1

0
ln(�i, j )p[�i, j |ŵi ,A] d�i, j

(29)
Since p[�i, j |ŵi ,A] is a Dirichlet density function, the integrals on
the right-hand side of Equation 29 always admit a closed solution
(the same closed solution that we identi�ed for the left-hand side
of Equation 27).

3.2 Latent Dirichlet Allocation with
Query-Answers

In this Section we show how to express the Latent Dirichlet
Allocation model (or LDA [6]) in terms of query-answers. Let’s
assume that the text corpus is stored in a deterministic relation
called “Corpus” (C) with three attributes, dID, ps and wID, that
represent a document-identi�er, a positional index, and a word-
identi�er, respectively. If there areD documents of average length
L, then relation C has (D · L) records. LetW denote the size of
the vocabulary (i.e. the number of distinct values in column

wID in C). We model each topic as a � -tuple with cardinality
W and parameters’ vector � , stored in a � -table called “Topics”
(T ). If there are a total of K topics, then relation T consists of
K � -tuples, for a total of (K ·W ) tuples. We assume that all
the hyper-parameters � in T are set to the same �xed value �⇤,
imposing a symmetric Dirichlet prior over the topics’ de�nition.
Finally, we use an additional � -table “Documents” (D) to store the
composition of each document in terms of topics. Each � -tuple
in D represents a document, has cardinality K (the number of
topics) and parameters’ vector � . Furthermore, we assume that
all the hyper-parameters � in D are set to the same �xed value
�⇤. Figure 5 exempli�es our proposed schema. For the sake of
brevity, the Figure does not include the latent parameters �, nor
the assignment to the hyper-parameters A.

Corpus (C )
dID ps wID �

D1 1 The e1,1
D1 2 Cat e1,2
D1 3 Naps e1,3
... ... ... ...
D2 1 Once e2,1
D2 2 Upon e2,2
... ... ... ...
DD L End eD,L

Topics (T )
tID wID � A

T1 Abate b1 = �1 �1,1
T1 Abdicate b1 = �2 �1,2
... ... ... ...
T1 Zealous b1 = �W �1,w
... ... ... ...
Tk Abate bk = �1 �k,1
... ... ... ...
Tk Zealous bk = �W �k,w

Documents (D)
dID tID � A

D1 T1 a1 = t1 �1,1
D1 T2 a1 = t2 �1,2
... ... ... ...
D1 TK a1 = tK �1,K
... ... ... ...
DD T1 aD = t1 �D,1
... ... ... ...
DD TK aD = tK �D,K

Figure 5: A Gamma Probabilistic Database for Latent
Dirichlet Allocation.

The Latent Dirichlet Allocation model can be formulated by
the following non-Boolean query:

qlda = �dID, ps, wID ((C ./:: D) ./::T ) (30)

Let q = (d,p,w) be an arbitrary tuple in qlda(H), that identi�es
document ad , position ed,p and word �w . The lineage of tuple q
is

�d,p,w =
K‹
i=1

⇥
(ad [ed,p ] = ti ) ^ (bi [(ad [ed,p ] = ti )] = �w )

⇤
(31)

This lineage expression simply states that the word �w , observed
at position ed,p in document ad , must have been generated by
exactly one of the K topics de�ned in relation T . Notice that
�d,p,w is a dynamic Boolean expression: the number of observed
instances associated with random variable bi (that represents the
number of words observed for the i-th topic) varies dynamically
with the values assigned to variable ad [ed,p ]. Since qlda(H) has
exactly one tuple for each document d and position p, it is easy
to see that qlda generates a safe o-table. If we apply the Gibbs
sampling strategy discussed in Section 3.1 to qlda(H), the result-
ing sampling algorithm is functionally equivalent to the popular
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sion �i by possible worldswn andwn+1, respectively. The proba-
bility of transitioning fromwn town+1 is given by (P[� 0i |w

�i
n ,A] ·

P[wn |A]). Similarly, the probability of transitioning fromwn+1
to wn is given by (P[�i |w�i

n+1,A] · P[wn+1 |A]). Since wn and
wn+1 only di�ers in the value assigned to �i , we can infer that
w�i
n = w

�i
n+1. Furthermore P[wn |A] = (P[�i |w�i

n ,A] · P[w
�i
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and P[wn+1 |A] = (P[� 0i |w
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n ,A] · P[w

�i
n ,A]). The thesis follows

immediately. ⇤

Since it is always possible to transition between two arbitrary
possible worlds inW in a �nite number of steps, the proposed
Markov chain is irreducible. Furthermore, the chain is aperiodic,
since the choice of the expression �i to be used in a transition is
made at random.

If � is a set of lineage expressions generated by a safe o-table,
we can use the proposed Gibbs sampling strategy to perform an
approximate Belief Update w.r.t. the event of observing all the
expressions in � being satis�ed. Such Belief Update should mini-
mize the KL-divergence between the database and the posterior
distribution P[�|�,A]. As discussed in Section 3, the parameter-
vector A⇤ that minimizes the KL-divergence w.r.t. the posterior
distribution is the one that satis�es the following set of con-
straints:

8�i, j
π 1

0
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Let Ŵ be a �nite collection of possible worlds that satisfy all the
expressions in �, sampled from P[·|�,A] with the Gibbs method
described above. In order to approximateA⇤, we can approximate
the expectations on the right-hand side of Equation 28 as follows:π 1

0
ln(�i, j )p[�i, j |�,�i ] d�i, j ⇡ 1
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(29)
Since p[�i, j |ŵi ,A] is a Dirichlet density function, the integrals on
the right-hand side of Equation 29 always admit a closed solution
(the same closed solution that we identi�ed for the left-hand side
of Equation 27).

3.2 Latent Dirichlet Allocation with
Query-Answers

In this Section we show how to express the Latent Dirichlet
Allocation model (or LDA [6]) in terms of query-answers. Let’s
assume that the text corpus is stored in a deterministic relation
called “Corpus” (C) with three attributes, dID, ps and wID, that
represent a document-identi�er, a positional index, and a word-
identi�er, respectively. If there areD documents of average length
L, then relation C has (D · L) records. LetW denote the size of
the vocabulary (i.e. the number of distinct values in column

wID in C). We model each topic as a � -tuple with cardinality
W and parameters’ vector � , stored in a � -table called “Topics”
(T ). If there are a total of K topics, then relation T consists of
K � -tuples, for a total of (K ·W ) tuples. We assume that all
the hyper-parameters � in T are set to the same �xed value �⇤,
imposing a symmetric Dirichlet prior over the topics’ de�nition.
Finally, we use an additional � -table “Documents” (D) to store the
composition of each document in terms of topics. Each � -tuple
in D represents a document, has cardinality K (the number of
topics) and parameters’ vector � . Furthermore, we assume that
all the hyper-parameters � in D are set to the same �xed value
�⇤. Figure 5 exempli�es our proposed schema. For the sake of
brevity, the Figure does not include the latent parameters �, nor
the assignment to the hyper-parameters A.

Corpus (C )
dID ps wID �

D1 1 The e1,1
D1 2 Cat e1,2
D1 3 Naps e1,3
... ... ... ...
D2 1 Once e2,1
D2 2 Upon e2,2
... ... ... ...
DD L End eD,L

Topics (T )
tID wID � A

T1 Abate b1 = �1 �1,1
T1 Abdicate b1 = �2 �1,2
... ... ... ...
T1 Zealous b1 = �W �1,w
... ... ... ...
Tk Abate bk = �1 �k,1
... ... ... ...
Tk Zealous bk = �W �k,w

Documents (D)
dID tID � A

D1 T1 a1 = t1 �1,1
D1 T2 a1 = t2 �1,2
... ... ... ...
D1 TK a1 = tK �1,K
... ... ... ...
DD T1 aD = t1 �D,1
... ... ... ...
DD TK aD = tK �D,K

Figure 5: A Gamma Probabilistic Database for Latent
Dirichlet Allocation.

The Latent Dirichlet Allocation model can be formulated by
the following non-Boolean query:

qlda = �dID, ps, wID ((C ./:: D) ./::T ) (30)

Let q = (d,p,w) be an arbitrary tuple in qlda(H), that identi�es
document ad , position ed,p and word �w . The lineage of tuple q
is

�d,p,w =
K‹
i=1

⇥
(ad [ed,p ] = ti ) ^ (bi [(ad [ed,p ] = ti )] = �w )

⇤
(31)

This lineage expression simply states that the word �w , observed
at position ed,p in document ad , must have been generated by
exactly one of the K topics de�ned in relation T . Notice that
�d,p,w is a dynamic Boolean expression: the number of observed
instances associated with random variable bi (that represents the
number of words observed for the i-th topic) varies dynamically
with the values assigned to variable ad [ed,p ]. Since qlda(H) has
exactly one tuple for each document d and position p, it is easy
to see that qlda generates a safe o-table. If we apply the Gibbs
sampling strategy discussed in Section 3.1 to qlda(H), the result-
ing sampling algorithm is functionally equivalent to the popular
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π 1

0
ln(�i, j )p[�i, j |ŵi ,A] d�i, j
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Experimental Evaluation: Latent Dirichlet Allocation
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(a) Training-set perplexity
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(b) Test-set perplexity (c) Noisy bitmap (d) MAP estimation

Figure 6

We denote by xmax and �max the number of rows and columns
in the lattice. The set of hyper-parameters {�x,�,� }x,�,� en-
code the noisy input-image. We use a collection of exchangeable
query-answer to encode the e�ects of the ferromagnetic interac-
tions. Let’s de�ne the two deterministic relations L1(x1,�1) and
L2(x2,�2), all containing one record per each location in the lat-
tice. We can encode the ferromagnetic interactions between each
site and its right neighbor using the following query-answer:

V1(x1,�1,�) := �x1,�1,� (�x1=x^�1=� (L1 ./:: I ))
V2(x2,�2,�) := �x2,�2,� (�x2=x^�2=� (L2 ./:: I ))

q := �x1,�1 (�(x1=x2)^�2=(�1+1)(V1 ./ V2))

Similar query-answers can be used to encode the interactions
with the other three neighbors. Figures 6c and 6d exemplify
the use of the Ising model to clean up a black-and-white image.
The evidence (Figure 6c) is obtained by �ipping each bit in the
original image with a probability of 0.05. The image in Figure 6d
is obtained by performing a maximum a posteriori estimation of
the model. We used the prior �x,� = (3, 0) for the black pixels
and �x,� = (0, 3) for the white ones. This second experiment
highlights our framework ability to express general probabilistic
programs in terms of query-answers. Section 8 of [46] o�ers
additional examples.

5 RELATEDWORK
We start our review of the related works from the classic proba-
bilistic programming languages like Stan [10], PyMC3 [57], Ed-
ward [65], or Pyro [4]. With respect to our framework, these
languages are more mature and o�er greater �exibility in the
data model, supporting both continuous and discrete random
variables and a wide range of probability distributions. In terms
of inference, they often rely on general-purpose MCMC samplers
like [18] and [31], or black-box variational inference [39, 54].
Unlike our framework, generic probabilistic programming lan-
guages are designed to access the training data in the form of
�at �les or array-shaped in-memory data structures from envi-
ronments like R or Numpy, remaining mostly disconnected from
existing data management systems and entirely oblivious to the
underlying structure of the data.

The database research community has been very active on
improving the support for machine learning (ML) workloads.
One line of work focuses on “factorized learning”, a method that
exploits join-level optimizations to speed-up common gradient-
descent ML tasks, expressed as relational queries. Factorized
learning has been successfully used to optimize linear models
[11, 40, 58], polynomial regression, ridge regression, factorization
machines and decision trees [37, 59]. For future work, we see

factorized learning systems as a candidate platform to execute
variational inference for our framework. Monte Carlo methods
have found many successful applications in the context of prob-
abilistic databases. Good examples include the Karp-Luby ap-
proximation algorithms for model counting [35, 36], the MC-SAT
slice sampler for relational domains proposed by [53], the factor-
ized Monte-Carlo database proposed in [69] and, more recently,
the simulation-oriented distributed systems like simSQL [9] and
BUDS [22]. Systems like [69] do not o�er the same �exibility as
generic probabilistic programming, since the factorization of the
model is encoded in the database itself and not in the queries.
Similar considerations apply to simSQL and BUDS; while these
systems can be used to implement Gibbs samplers, the actual
code of the sampler must be provided by the end-user. For exam-
ple, to support distributed execution the authors of [9] settled for
the implementation of an uncollapsed LDA sampler. Another line
of work from the database community focuses on integrating the
support for array-shaped data into the standard relational model,
either for scienti�c data [34, 62], or for matrix- and tensor-shaped
data generated by ML workloads [42, 70]. All these systems are
fully relational at heart, and therefore compatible with our ap-
proach. The authors of [2] propose a probabilistic programming
framework based on Datalog, that supports both recursion and
continuous distributions. Unlike our work, no inference method
is provided. The authors of [50] show how �nite exchangeability
can be used to support tractable, lifted inference.

6 CONCLUSIONS AND FUTUREWORK
We introduced a novel probabilistic programming framework,
where probabilistic programs are expressed as sets of exchange-
able query-answers. Our system can encode non-trivial models
like Latent Dirichlet Allocation, and derive a functional collapsed
Gibbs sampler for it. We plan to expand our work in several di-
rections: First, we will investigate the use of alternative inference
methods, like variational [5] and geometric inference [71]. Sec-
ond, we plan to integrate our framework into a proper database
system, as done in [45, 46]. Third, we want to extend the frame-
work to allow the explicit modeling of causality [55, 56], with
distinct operators for conditioning and intervention, and explore
the use of continuous variables, in the spirit of [29] and [28].
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