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(57) Abstract: Methods, devices, and techniques for detecting
post-sampling conflicts in samples are discussed herein. For ex-
ample, a set of random variables and dependency data specifying
dependency relationships between the random variables may be
received. A first random variable may then be selected from the
set of random variables. Based on the dependency data, it is then
identified that the first random variable depends on a second
random variable. A first sample of the first random variable is
then generated according to a conditional distribution. The con-
ditional distribution may be calculated based on a value of the
second random variable. After generating the first sample, a lack
of a post-sampling contlict between the first sample and the
second random variable is detected. Then, the first sample is
committed to an output sample set.
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POST-SAMPLING CONFLICT DETECTION

Background

[0001] Bioinformatics, computer vision, text analytics, finance and marketing
analytics, and other fields may use statistical inferences to generate predictions of
expected classifications, labels, or outcomes. Such systems may, by way of
example and not limitation, be configured to determine a number of people that are
likely to shop at a particular store on a given day, a candidate a voter may likely vote

for, and so forth.

Brief Description of the Drawings

[0002] FIG. 1 is a schematic diagram of a computer device according to an

example implementation.

[0003] FIG. 2 is a flowchart illustrating a method for executing a Gibbs sampler

using optimistic concurrency control, according to an example.

[0004] FIG. 3 is a flowchart illustrating a method for using timestamps to detect

post-sampling conflicts, according to an example.

[0005] FIG. 4 is a flowchart that illustrates a method for detecting post-sampling
conflicts in a Gibbs sampler based on comparing neighbor snapshots generated

before and after the generation of a sample, according to an example.
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Detailed Description

[0008] To generate prediction models, a computer system may use training data
that includes a number of samples for a given feature or set of features. Using the
training data, the computer system can create, for example, a histogram for a feature

that can in turn be used to build or otherwise train the prediction model.

[0009] However, in some cases, it may be difficult to obtain these samples.
Where it is difficult to obtain direct samples of a set of features, a computer system
may execute a Gibbs sampler to approximate these samples. A Gibbs sampler may
generate a sequence of samples which are approximated from a specified
multivariate probability distribution (e.g., from the joint probability distribution of two
or more random variables). To generate a sample for a random variable X, the
Gibbs sampler may read current assignments of those variables that X depends on,
compute a conditional distribution of X, sample X according to the conditional
distribution, and update X’s assignment with the new sample. Thus, in accordance
with some examples discussed herein, the term “sample” may refer to a value
generated for a random variable based on a conditional distribution for the random
variable given the values of neighbor random variable (e.g., those random variables
that the given random variable is dependent on). That is, in some cases, a sample
may be a predicted value for a random variable given the values of the neighbor
random variables. In some cases, a Gibbs sampler can be randomized in that it
makes use of random numbers, and hence may produce different results each time

the Gibbs sampler is run.

[0010] Approaches for parallelizing a Gibbs sampler may use read/write locks to
ensure that the sampler is serializable (e.g., execution of the parallel version is
equivalent to execution of a sequential version). To illustrate, assume that a
selected random variable depends on values from a group of random variables,
herein referred to as “neighbor random variables” to simplify discussion. In this
case, the Gibbs sampler may attempt to acquire a read lock for each of the neighbor

random variables before generating a sample of the selected random variable.
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However, locks are an expensive system resource. Furthermore, although a value
for a random variable may be independent of some subset of the set of random
variables when conditioned on the neighbor values, some random variables may
have many neighbor random variables (say, for example, thousands of other random

variables), further increasing the use of these locks.

[0011] Examples discussed herein may detect post-sampling conflicts as a
technique for providing optimistic concurrency control in a Gibbs sampler. The term
“‘post-sample conflict” as used herein may refer to a conflict that is detected after a
sample for the random variable is generated. Accordingly, a sample for a random
variable can be generated without first acquiring read locks on the neighbor random

variables for a selected random variable.

[0012] Some examples may detect a post-sample conflict based on comparing a
change in a random variable’s dependency state data before and after generating
the sample for that random variable. The term “dependency state data” as used
herein may relate to data that characterizes an update to the current value to a sub-
set of the random variables the Gibbs sampler is operating on. An example of
dependency state data may include a snapshot of values for the neighbor random
variables for a given time period. Another example includes a timestamp assigned

to a group of random variables for a given time period. In one case, the group may
be a clique. The term “clique” as used herein may refer to data that specifies a set of

random variables that mutually dependent on each other.

[0013] In one aspect discussed herein, a set of random variables and
dependency data (e.g., data that specifies dependency relationships between the
random variables) specifying dependency relationships between the random
variables may be received. A first random variable may then be selected from the
set of random variables. Based on the dependency data, it is then identified that the
first random variable depends on a second random variable. A first sample of the
first random variable is then generated according to a conditional distribution. The

conditional distribution may be calculated based on a value of the second random
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variable. After generating the first sample, a lack of a post-sampling conflict between
the first sample and the second random variable is detected. Then, the first sample

is committed to an output sample set.

[0014]  The figures are now discussed in greater detail. FIG. 1 is a schematic
diagram of a computer device 100 according to an example implementation. The
computer device 100 is a physical machine that is constructed from actual machine
executable instructions, or "software," and actual hardware. The hardware of the
computer device 100 includes a processing node 110, which may be part of, for
example, a particular multicore central processing unit (CPU) package or multiple
multicore CPU packages. As depicted in FIG. 1, the processing node 110 contains
CPU processor cores 112 and a local memory 114. A CPU processor core may be a
processor device suitable to read and execute processor executable instructions,

such as a CPU, or an integrated circuit configured to perform a configured function.

[0015]  The local memory 114 may be a storage device that stores, among other
things, CPU executable instructions and data, such as optimistic Gibbs sampler
module instructions 116 and an output sample set 118. The output sample set 118
may be a data that represents a number of samples generated by the CPU
processor cores 112 based on execution of the optimistic Gibbs sampler module
instructions 116. For example, the optimistic Gibbs sampler module instructions
116, when executed by one of the CPU processor cores, may cause the CPU
processor core to select a random variable from a set of random variables. In some
cases, the random variable may depend on other random variables of the set of
random variables. The instructions may then cause the processor to read values of
these other random variables. A sample for the random variable is then generated
based on a conditional distribution using the values. A post-sampling conflict for the
sample may be detected based on a determination that dependency state data
changed after the values were read Further, based on the post-sampling conflict,
the sample may be discarded without committing the sample to an output sample
set.
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[0016] FIG. 1 also depicts that the processing node 110 may be coupled to a
persistent memory 130 (a non-volatile memory, such as flash memory, for example)
that may be accessed by the processor core 112 via the memory hub 120. The
persistent memory 130 may store persistent copies of the optimistic Gibbs sampler

module instructions 116 and the output sample set 118.

[0017] Example operational aspects of a computer device are now discussed in

greater detail.

[0018] FIG. 2 is a flowchart illustrating a method 200 for executing a Gibbs
sampler using optimistic concurrency control, according to an example. The method
200 may be performed by the modules, components, systems shown in FIG. 1, and,
accordingly, is described herein merely by way of reference thereto. For example, in
some cases, the method 200 may be performed by an optimistic Gibbs sampler
module. An optimistic Gibbs sampler module may be a processor-implemented
hardware that utilizes post-sampling conflict detection, such as a processor core 112
executing instructions 116. It will be appreciated that the method 200 may, however,

be performed on any suitable hardware.

[0019] The method 200 may begin when, at block 202, an optimistic Gibbs
sampler module receives a set of random variables and dependency data specifying
dependency relationships between the random variables. By way of example and
not limitation, the set of random variables and the dependency data may be a graph
G =<V, E> that encodes the dependency between random variables. V may be a set
of nodes (e.g., V={X1, X2, ...Xn}) in the graph that correspond to the set of random
variables. E may be a set of edges. An edge e in E between Xi and Xj may signal
that Xi and Xj are dependent. In some cases, a pair of dependent random variables
can be connected by an edge or not. In this description, edges are assumed to have
no directions and G can contain cycles. These type of graphs are called Markov
Random Fields (MRFs). A MRF may encode a joint probability distribution on the
random variables in V. Other implementations can be applied to other types of

graphs such as Bayesian Networks, Factor Graphs, and the like.
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[0020] Each random variable X; may be associated with a domain D; which is the
set of values X; can take. Gibbs sampling can be applied to both continuous-valued
as well as discrete-valued variables. To simplify the discussion herein, this
disclosure may discuss examples in terms of discrete-valued random variables. For
example, without loss of generality, this disclosure can assume D; = {0, 1} for all i, in
the following discussion. However, other implementations may use continuous-

valued random variables.

[0021] At block 204, the optimistic Gibbs sampler module may select a first
random variable from the set of random variables. This random variable selected by
the optimistic Gibbs sampler module may be the random variable that the optimistic
Gibbs sampler module is to generate a sample for during an iteration of the

sampling.

[0022] At block 206, based on the dependency data, the optimistic Gibbs
sampler module may identify that the selected random variable depends on a
second random variable. As described above, when a first random variable depends
on a second random variable, the value of the first random variable may depend on
the value of the second random variable. In some cases, the optimistic Gibbs
sampler module may identify that the selected random variable depends on the other
random variables by accessing the graph G to determine which nodes have edges

that connect with the node that represents the selected random variable.

[0023] At block 208, the optimistic Gibbs sampler module may generate a sample
of the selected random variable according to a conditional distribution. The
conditional distribution can be calculated based on values of the random variables
on which the selected random variable depends. That is, the optimistic Gibbs
sampler module can compute a conditional distribution for the selected random
variable using the current values of the neighbors to the selected random variable.

In one case, the following equation can be used to calculate the conditional

distribution for the selected random variable:

p(Xl | XXz ...Xi.1X1+1...Xn) [0 8 HCECXJ O
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[0024]  Xiis the selected random variable. Xji, Xz, ...Xi1, Xi+1, ...Xn is the set of
values for the neighbors of Xi. The « symbol as used herein may signify that the left
hand value of the equation is proportional to the right hand side value. Cx is the set
of cliques containing X;. ®. may be a factor potential function of C, which defines how

the variables in C are dependent on each other.

[0025] Once a sample is generated for the selected random variable, the
optimistic Gibbs sampler module may then begin a verification process. For
example, at block 210, after generating the sample, the optimistic Gibbs sampler
module may detect a lack of a post-sampling conflict between the sample and the
second random variable to which the selected random variable depends. In some
cases, a post-sampling conflict may occur when a value of a neighboring random
variable changes after the optimistic Gibbs sampler module reads the value for that
neighbor but before the optimistic Gibbs sampler module commits the new sample
for the selected random variable. In some cases, the optimistic Gibbs sampler
module may track changes in dependency state data. Some examples of post-

sampling conflict detection are discussed below with reference to FIGS. 3 and 4.

[0026]  After detecting the lack of the post-sampling conflict, the optimistic Gibbs
sampler module may then, at block 212, commit the generated sample to an output

sample set.

[0027]  As discussed above with respect to block 210, an optimistic Gibbs sampler
module may detect a post-sampling conflict (or the lack thereof) after a sample is
generated for the selected random variable. Different techniques for detecting post-
sampling conflicts are now discussed in greater detail. For example, one
implementation may assign a timestamp to a clique when a sample for a random
variable that is a member of the clique is committed. FIG. 3 is a flowchart illustrating
a method 300 for using timestamps to detect post-sampling conflicts, according to an
example. The method 300 may be performed for an iteration of a sampling loop for

the optimistic Gibbs sampler.
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[0028] FIG. 3 shows that the method 300 may begin at block 302 when the
optimistic Gibbs sampler module calculates a timestamp for the current iteration of
the sampling loop. Such a timestamp may be a system clock shared by the different
processor cores executing the parallel Gibbs sampler. In other cases, the timestamp
may be a global counter accessible to the different processor cores. In yet other
cases, the timestamp can be a unique identifier generated at random. With
momentary reference to FIG. 2, block 302 may be performed before block 206 is
performed. To better differentiate between the timestamp calculated at block 302
with other timestamps used in the method 300, the timestamp calculated at block

302 may be referred to as a “new timestamp.”

[0029]  With reference back to FIG. 3, at block 304, the optimistic Gibbs sampler
module may obtain, before generating the sample (e.g., block 208 of FIG. 2),
timestamps associated with the cliques to which the selected random variable is a
member. To better differentiate between the timestamps obtained at block 304 and
other timestamps, the foregoing may refer to the timestamps obtained at block 304
as “pre-sampling timestamps.” In some cases, a timestamp may be stored in an
entry in a clique timestamp data structure. The “clique timestamp data structure”
may be a term that refers to data or logic that maps a given clique with a timestamp.
In some cases, the clique timestamp data structure may be a dedicated data
structure, such as an array, linked list, search tree, graph, hash table, or the like, that
uses the clique (or an identifier associated with the clique) as a key to map to an
entry in the clique timestamp data structure that stores the current timestamp for that

clique. In other cases, the timestamp for a given clique may be a field of a clique.

[0030] At block 306, the optimistic Gibbs sampler module may obtain, after
generating the sample (e.g., block 208 of FIG. 2), timestamps associated with the
cliques to which the selected random variable is a member. Similar to block 304, the
optimistic Gibbs sampler module may access the clique timestamp data structure for
each clique to which the selected random variable is a member. To clarify the
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description in the foregoing, the timestamps obtained at block 306 may be referred to

as a “post-sampling timestamps.”

[0031]  Atblock 308, the optimistic Gibbs sampler module determines that the pre-
sampling timestamps match the post-sampling timestamps. When the pre-sampling
timestamps match the post-sampling timestamps, the optimistic Gibbs sampler
module may treat this occurrence as a signal that other processer cores have not yet
committed a sample that will conflict with the sample currently generated.
Accordingly, it is safe for the optimistic Gibbs sampler module to commit the current

sample to the output sample set.

[0032] Atblock 310, the optimistic Gibbs sampler module may then associate the
new timestamp with the cliques to which the selected random variable is a member.
For example, in some cases, the optimistic Gibbs sampler module may store the

new timestamp in entries of the timestamp data structure that map to the cliques.

[0033] The following code sample illustrates pseudocode that illustrates an

example implementation of the method 300.

Table 1

Clique Timestamp Approach

Input: Graph G=<V, E>, set of cliques C¢ and their associated factor

potentials F, number of iterations T

Output: A set of sample tuples S = {<t, i, a>} where each sample tuple is a
sample generated at iteration t for random variable X;, whose assignment is

a

—_

. A «Initialize A with a random assignment for each variable
2. for all processor cores do in parallel

3. for t=1...Tdo
4

get a timestamp 1
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5. randomly pick a variable X; in V

6. <9

7. for cach clique C that Xj is associated with do
8. I'<T U {<C, TS(C)>}

9. end for

10. for each neighbor X; in NE(X;) do

11. Read(A;)

12. end for

13. compute p(X;| NE(Xj) )

14. a « sample according to p(X; | NE(Xj) )
15. // verification phase begins

16. I'<9

17. for each clique C that X; is associated with do
18. I" <1 U {<C, TS(C)>}

19. end for

20. if T

21. continue

22. else

23. for each clique C X associated with do
24. TS(C) <1

25. end for

26. Aj<a

27. S« Su{t,i,a>}

28. end for

29. end for

[0034] In the above pseudocode, A may be a data structure that stores current

values for each of the random variables in V. The output sample set A may be

initialized such that each of the current values in A are assigned initial values (see
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line 1). Lines 3-28 may represent a sampling loop executed independently and in
parallel by processer cores of a computer device to generate sample tuples for the
random variables V. The sample tuples may be stored in the output sample set S.
An optimistic Gibbs sampler module executing on each processing unit may perform
the sampling loop T times to generate up to T sample tuples. Atline 4, the optimistic
Gibbs sampler module may get a new timestamp t for the current iteration of the
sampling loop. At line 5, the optimistic Gibbs sampler module selects a random
variable X; for which a sample is to be generated for iteration t of the sampling loop.
At lines 6-9, the optimistic Gibbs sampler module may initialize pre-sampling
timestamps T for the selected random variable X; with timestamps presently assigned
to each of the cliques C that Xi is a member. Atlines 10-14, the optimistic Gibbs
sampler module may then generate a Gibbs sample a of the selected random
variable. Atlines 16-19, the optimistic Gibbs sampler module may initialize a post-
sampling timestamps I"” for the selected random variable X; with timestamps
presently assigned to each of the cliques C that Xi is a member. If, at lines18-19, the
optimistic Gibbs sampler module determines that some of the values in T differs from
I, the optimistic Gibbs sampler module continues onto the next iteration of the
sampling loop without committing the sample a to S. Otherwise, the optimistic Gibbs
sampler module can update A with the sampled value a for X; (line 21) and update S

with the sample tuple (line 22).

[0035] FIG. 4 is a flowchart that illustrates a method 400 for detecting post-
sampling conflicts in a Gibbs sampler based on comparing neighbor snapshots
generated before and after the generation of a sample, according to an example.
The method 400 may begin at block 402 when the optimistic Gibbs sampler module
uses the dependency data to identify neighbors of the first random variable. In some
cases, where the dependency data may be a NxN matrix DD. N may be the number
of random variables. The element DD;; in DD may have a value 1 if random variable
Vi is dependent on random variable V;; otherwise, the element DD;; may have the

value 0. According to this implementation, for the selected random variable Vi, the
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optimistic Gibbs sampler module reads DD;; (where j is incremented from 1 to N).
When the optimistic Gibbs sampler module determines that DD;;has a value of a
value of 1, random variable Vj is identified as a neighbor of V;; otherwise, Vjis not a
neighbor of Vi. ltis to be appreciated the dependency data may be implemented
using any other suitable structure. For example, it can be appropriate depending on
implementation to represent dependencies between the random variables with a
collection of tuples T, where each tuple in T represents an edge between to random
variables, such as tuple <Vi, Vj>, which signifies random variable V; is dependent on
Vj. The random variables that are neighbors to the selected random variable V; may

be collectively referred to as NE(V;).

[0036] At block 404 the optimistic Gibbs sampler module generates a neighbor
snapshot. The neighbor snapshot may include sample values of the neighbors of
the selected random variable at a time period that precedes the generation of the
sample (e.g., before executing block 208 of FIG. 2). To differentiate the neighbor
snapshot generated at block 404 from other neighbor snapshots that be my
generated by the optimistic Gibbs sampler module, the foregoing may refer to the
neighbor snapshot generated at block 404 as a “pre-sampling neighbor snapshot.”
To generate the pre-sampling neighbor snapshot, the optimistic Gibbs sampler
module may iterate over NE(V;) and store the current value for each random variable
in NE(V;).

[0037] At block 406 the optimistic Gibbs sampler module generates another
neighbor snapshot (i.e., a second neighbor snapshot). This neighbor snapshot may
include sample values of the neighbors of the selected random variable at a time
period that precedes the generation of the sample (e.g. after block 208 of FIG. 2). To
differentiate the neighbor snapshot generated at block 406 from other neighbor
snapshots that be my generated by the optimistic Gibbs sampler module, the
foregoing may refer to the neighbor snapshot generated at block 406 as a “post-

sampling neighbor snapshot.” To generate the post-sampling neighbor snapshot,
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the optimistic Gibbs sampler module may iterate over NE(V;) and store the current

value for each random variable in NE(V;).

[0038]  Atblock 408, the optimistic Gibbs sampler module determines that the pre-
sampling neighbor snapshot matches the post-sampling neighbor snapshot. When
the pre-sampling neighbor snapshot matches the post-sampling neighbor snapshot,
the optimistic Gibbs sampler module may treat this occurrence as a signal that other
processor cores have not committed a sample that will conflict with the sample
currently generated for the selected random variable. Accordingly, it is safe for the
optimistic Gibbs sampler module to commit the current sample for the random
variable to the output sample set. To determine whether the two snapshots match
each other, the optimistic Gibbs sampler module may compare the value stored for a
given random variable in one snapshot with the value stored for that given random
variable in the other snapshot. The optimistic Gibbs sampler module may do this for
each random variable represented in the snapshots. If each of the values match,
then the snapshots may be treated as matching. Otherwise, if one or more values
within the snapshots do not match, then the snapshots may be treated as not
matching.

[0039] The following code sample illustrates pseudocode that illustrates an
example implementation of the method 400.

Table 2

Neighbor Snapshot Approach

Input: Graph G=<V, E>, set of cliques C¢ and their associated factor
potentials F, number of iterations T

Output: A set of sample tuples S = {<t, i, a>}, where each sample tuple is
a sample generated at iteration t for random variable X;, whose

assignment is a
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—_

A « Initialize A with a random assignment for each variable
2. for all processing cores do in parallel

3. fort=1...Tdo
4

randomly pick a variable

X;inV

5. 0« g

6. for each neighbor X in
NE(X;) do

7. Read(A;)

8. o< a U {<X;, A}

9. end for

10. compute p(X; | NE(X;) )

11. a « sample according to
p(Xi | NE(Xi) )

12. // verification phase begins
13. o0 <@

14. for each neighbor X; in
NE(X;) do

15. Read(A;)

16. o o’ U {<X; A>}
17. end for

18. ifo£o

19. continue

20. else

21. Aj<—a

22. S« Su{t,i, a>}
23. end if

24.  end for

25. end for
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[0040] In the above pseudocode, A may be a data structure that stores current
values for each of the random variables in V. A may be initialized such that each of
the current values in A is assigned an initial value (see line 1). Lines 3-24 may
represent a sampling loop executed by processor cores to generate sample tuples
for the random variables V, as may be stored in the output dataset S. The optimistic
Gibbs sampler module may the sampling loop T times to generate up to T sample
tuples. Atline 4, the optimistic Gibbs sampler module selects a random variable X;
for which a sample is to be generated for this iteration. At lines 5-9, the optimistic
Gibbs sampler module may initialize a pre-sampling neighbor snapshot o for the
selected random variable X; with values presently stored in A for each neighboring
random variable (e.g., Xj). Atlines 10-11, the optimistic Gibbs sampler module may
then generate a Gibbs sample a of the selected random variable. At lines 14-16, the
optimistic Gibbs sampler module may initialize a post-sampling neighbor snapshot o’
for the selected random variable X; with values presently stored (e.g., after
generating the Gibbs sample a) in A for each neighboring random variable (e.g., Xj).
If, at lines18-19, the optimistic Gibbs sampler module determines that some of the
values in a differs from «’, the optimistic Gibbs sampler module continues, without
committing the sample a, onto the next iteration of the sampling loop. Otherwise, the
optimistic Gibbs sampler module can update A with the sampled value a for X; (line

21) and update S with the sample tuple (line 22).

[0041] Some example examples may execute according to a phase that does not
apply locks or any other suitable concurrency control before or after generating a
sample. These examples can be used to have at least a fraction of the variables get
close to their stationary assignments leaving only the problematic vertices (e.g.,
random variables) to be resolved. Subsequently, these examples then shift to a
Gibbs sampling phase that does use concurrency control with the results of the lock-

free phase serving as initial values for the Gibbs sampling phase. The overall idea is
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to reduce the time taken to “burn-in” the Gibbs sampling. The “burn-in” phase in a
conventional Gibbs sampling algorithm refers to the initial set of iterations when the
results of the sampling do not truly reflect the underlying distribution. This phase is
often discarded when computing statistics used for making inference. By removing
locks or other forms of concurrency control, we aim to speed up the “burn-in” period
without affecting the overall correctness of the Gibbs sampler. The precise duration
of the lock-free phase can be either a user-defined parameter or decided based on
the statistics collected from the sampling. If there appears to be a certain degree of
convergence in a significant fraction of the variables, then the lock-free phase can be
turned off and the phase with concurrency control resumed. For the concurrency

control phase, one can use the techniques described above.

Table 3

Lock-Free Phase Approach

Input: Graph G=<V, E>, set of cliques C¢ and their associated factor
potentials F, number of iterations T

Output: A set of sample tuples S = {<t, i, a>}, where each sample tuple
is a sample generated at iteration t for random variable Xi, whose

assignment is a

1. A « Initialize A with a random assignment for each variable
2. for all processor cores do in parallel //lock-free phase
3 fort=1..T do

4 randomly pick a variable Xjin V

5. compute p(Xi| NE(X;) )

6 A < sample according to p(Xi | NE(X;) )

7 end for

8

9

. // Concurrency-control phase

. Initialize concurrency control phase with final assignment of lock-free
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phase

10. Proceed with Gibbs sampling with concurrency control

[0042] In the above pseudocode, A may be a data structure that stores current
values for each of the random variables in V. A may be initialized such that each of
the current values in A is assigned an initial, possibly random, value (see line 1).
Lines 3-7 may represent a sampling loop executed by processor cores of a computer
device to generate sample tuples for the random variables V, as may be stored in S.
Each optimistic Gibbs sampler module executing on a processing unit may perform
the sampling loop T times to generate up to T sample tuples. Atline 4, the optimistic
Gibbs sampler module selects a random variable X; for which a sample is to be
generated for this iteration. At lines 5-6, the optimistic Gibbs sampler module may
then generate a Gibbs sample of the selected random variable. As shown in the
above pseudocode, the Gibbs sample is generated and committed without any
conflict checks. Atline 9, A may again be initialized. However, atline 9, Ais
initialized with the values generated by the Gibbs samples generated at lines 5 and
6. Atline 10, the optimistic Gibbs sampler module may execute a Gibbs sampling
that utilizes concurrency controls, such as a lock based approach that acquires locks
for neighbor random variables before generating a sample or an optimistic approach,

as discussed above.
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Claims
What is claimed is:

1. A method comprising:

receiving, by a processor, a set of random variables and dependency data
specifying dependency relationships between the random variables;

selecting, by the processor, a first random variable from the set of random
variables;

based on the dependency data, identifying, by the processor, that the first
random variable depends on a second random variable;

generating, by the processor, a first sample of the first random variable
according to a conditional distribution, the conditional distribution being calculated
based on a value of the second random variable;

after generating the first sample, detecting, by the processor, a lack of a post-
sampling conflict between the first sample and the second random variable; and

committing, by the processor, the first sample to an output sample set.

2. The method of claim 1, wherein the first random variable is a member
of a clique, and detecting the lack of the post-sampling conflict comprises:

obtaining, before generating the first sample, a first timestamp corresponding
to the clique;

obtaining, after generating the first sample, a second timestamp
corresponding to the clique; and

determining that the first timestamp matches the second timestamp.

3. The method of claim 2, further comprising:

calculating, prior to generating the first sample, a third timestamp
corresponding to the sample; and

associate, after determining that the first timestamp matches the second

timestamp, the third timestamp with the clique.
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4, The method of claim 1, further comprising:

using the dependency data, identifying neighbors of the first random variable;

generating a first neighbor snapshot, the first neighbor snapshot including
sample values of the neighbors at a time prior to generating the first sample;

generating a second neighbor snapshot, the second neighbor snapshot
including sample values of the neighbors at a time after generating the first; and

determining that the first neighbor snapshot matches the second neighbor
snapshot.

5. The method of claim 1, further comprising, before selecting the first
random variable:

generating a number of samples for the set of random variables; and

committing, absent conflict checks, the number of samples to the output
sample set.

6. A device comprising:
a processor; and
a machine-readable storage device comprising instructions that, when
executed, cause the processor to:
select a random variable from a set of random variables;
read first dependency state data of the random variable;
generate a Gibbs sample for the random variable;
read second state data relating to the dependency data of the
random variable;
detect a lack of a post-sampling conflict for the Gibbs sample
based on a comparison of the first state and second state; and

commit the Gibbs sample to an output sample set.

7. The device of claim 6, further comprising another processor, wherein
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the instructions cause, in parallel with the processor, the another processor to:

select another random variable from the set of random
variables;

read third dependency state data of the another random
variable;

generate another Gibbs sample for the another random variable;

read fourth state data relating to the dependency data of the

another random variable;

detect a post-sampling conflict for the another Gibbs sample
based on a comparison of the third state and fourth state; and

discard the another Gibbs sample without committing the

another Gibbs sample to the output sample set.

8. The device of claim 6, wherein the first dependency state data is a first
neighbor snapshot of values of neighbors of the random variable, and the second
dependency state data is a second neighbor snapshot of values of the neighbors of

the random variable.

9. The device of claim 6, wherein the first dependency state data is a first
timestamp for a clique that the random variable is a member, and the second

dependency state data is a second timestamp for the clique.

10.  The device of claim 6, wherein the instructions, when executed, further
cause the processor to:

generate a number of samples for the set of random variables; and

commit, absent conflict checks, the number of samples to the output sample

set.

11. A machine-readable storage device comprising instructions that, when
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executed, cause a processor to:

select a random variable from a set of random variables, the
random variable depends on other random variables in the set of random
variables;

read values of the other random variables;

generate a sample for the random variable based on a

conditional distribution using the values;

detect a post-sampling conflict for the sample based on a
determination that dependency state data changed after the values were
read; and

based on the post-sampling conflict, discard the sample without

committing the sample to an output sample set.

12.  The machine-readable storage device of claim 11, wherein the
dependency state data includes: a first timestamp for a clique that the random
variable is a member and a second timestamp for the clique, and the instructions,
when executed, cause the processor to:

compare the first timestamp with the second timestamp.

13.  The machine-readable storage device of claim 11, wherein the
dependency state data includes is a first neighbor snapshot of values of neighbors of
the random variable and a second neighbor snapshot of the values of the neighbors
of the random variable.

14.  The machine-readable storage device of claim 13, wherein the
instructions, when executed, cause the processor to:

calculate the first neighbor snapshot of values of neighbors before the sample
is generated; and

calculate the second neighbor snapshot of the values of the neighbors after
the sample is generated.
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15.  The machine-readable storage device of claim 11, wherein the
instructions, when executed, cause the processor to:

generate a number of samples for the set of random variables; and

commit, absent conflict checks, the number of samples to the output sample

set.
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