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e Background of PGMs ¥ WESTERN

* Probabilistic graphical models (PGMs):
* A graph: illustrates random variables and their relationships.
* Parameters: quantify the strength of the relationships: a set of tables
for discrete PGMs, e.g. conditional probability tables (CPTs) for BNs.

e Joint distribution can be factorized into local CPTs of each node.
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LA—?—EN% Background of PGMs

* Key advantages:
* Transparent and intuitive graphical representation.

* Solid theoretical foundations (probability theory).

* Applications:

______________________ s e
[\ @\ 5 R
Financial analysis  Social network analysis

Medical diagnosis Biological informatics Computer vision
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* Inference: calculate the posterior probability distribution of query
variables, given values of other evidence variables.

 e.g. evidence: DIF = d%, INT = il; query variable: LTR.
-> P(LTR | DIF = d?, INT = i1).
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e Approximate inference: less time but lower accuracy.

* Importance sampling-based methods: use importance function to
generate samples and estimate probability from the samples.

Importance function in PGMs: a probability distribution, can be decomposed
into multiple importance conditional probability tables (ICPTs) of variables.

* Widely used sampling-based algorithms:
* Probabilistic logic sampling (PLS).

Likelihood weighting (LW).

Self-importance sampling (SIS).

AIS-BN.

EPIS-BN.




THE UNIVERSITY OF

ATC 24 Motivation B s

* Major challenges:
* NP-hardness of approximate inference problem.
* Irregular nature of the graphical structure.
 Stochastic nature of the sampling process.
e Difficulty in abstracting and integrating various algorithm.
* We provide , a system for importance sampling-based PGM
inference. Main objectives:
* Good generality and flexibility.
* High efficiency.
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* All the importance sampling-based algorithms can be abstracted into a
general framework with four crucial modules.

Algorithm 3: Fast-PGM
input :prior probability P(V), weight v”, # of samples required ¢, updating interval [
output :estimated posterior marginal probability for all non-evidence variables
1 k< 0,scrArr <+ 0, WeurSer < 0, Waiger < 0.
/*| importance function initialization module */
2 (V) < imtimpFunc(P(V))
3 fori+ 1togdo

4 if i%! == 0 then
5 k+—k+1
/| importance function update module w/

6 &(V), v* < updImpFunc(WcurSer, Waliser)

/*| sample generation module */
7 | i, Wiser < genSamp(f*(V), P(V))

/| importance score accumulation module */
8 W ourSers WallSers SCTATT <— accScr(s;, W;ger, V)

9 normalize scr Arr for each variable 9
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e Sample generation: generate a sample by sampling each variable (via
topological order), and calculate its importance score. [ Distinguish variables

Steps to handle each variable V;:
1.
2.

Get the instantiation of V/;’s parents.
Get the weight vector of V/; based on
Vi’s ICPT and the instantiation of its
parents.

Randomly pick a value of V; based on
the weight vector.

Compute the score and multiply it
into the importance score.

_ Does not distinguish
Example: INT =il
Difficulty Intelligence

93
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Fast-PGM Overview

* Fast-PGM enables good generality and flexibility.

inference algorithms

optimizations & extensions to Fast-PGM

85 LW IrFast-PGM
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probability distribution of each non-evidence variable
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Key features:

Versatile modules and
functionalities support.

Quick new algorithm
implementation.

Ease of optimization
and extension.

11
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* Challenge 1: Large memory requirement for storing ICPTs.
 The computations are done by maintaining an ICPT of each variable.
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 Solution 1: Avoid storing state configurations for each entry.

D prob |:| nVars |:| vars |:| cumsSt
configof (5001 (00,1} {0,1,00 {0,1,1} {020} {021} {1,0,0} {1,0,1}
{Vo, Vi, Va}
prob[0]  [I] [2] [3] [4] [5] [6] [7]
Po P1 P2 P3 P4 Ps Pe P7
ps Py Pio P11 3 Vo Vi V, 6
[8] [9] [10] [11] PGM: @ @
{1,1,0} {1,1,1} {1,2,0} {1,2,1} @
int ProbabilityTable: i (int *config) {
int idx=0;

for(int i=0;i<this->nvars;++i)
idx+=config[i] *this->cumsSt [i];
return idx;
}

14
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* Challenge 2: Irregular memory accesses to ICPTs and CPTs caused by the
stochastic nature of the sampling process.

 Solution 2: Fusing ICPT and CPT of each variable to enhance data locality.

config of {0,0,0} {0,0,1} {0,1,0} {0,1,1}
{Vo, Vi, Vai
—prob[0] —  —[lI] ——~ —[2] ——~ —[B] ——~
Po Po pi P’ P> P2 P p’3
P4 Pa Ps P’s Pe Ps p7 Py
Ps p’s P9 P’y Pio P10 Pu Pl
3 Vo Vi V, 6 2 1 .. N [10] e [11] 7
[] forICPT [] for CPT {1,2,0} {1,2,1}

15
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* Challenge 3: Irregular memory accesses caused by the graphical
structure.

 Solution 3: Data reordering to maximize proximity of each node’s parents.

parent variables of Vs: {Vy, V3}

parent variables of V4: {V,, V4}

BFS topo. sort
graph G (Vs) (Vg) -2 T2 > Vi, Va. VA, WA, Vs, Vi

BFE'S topo. sort
@ @ p > O,: VS) V6) Vla V39 V29 V4

l @ reverse
0. V49 VZ) V39 Vl) V69 VS
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* Most expensive operation: Get the weight vector of variables.
* By reducing the ICPT of each variable based on the instantiation of its

parents.
V=0V, =0V,=0
EVZ OV =0V, = 1; Z(l’ Size of ICPT: 1y X [Ty,epar(v ) 17,
PGM: @ @ Vo=0,V; =1,V, =0) p, (exponential in |Par(Vj)| + 1)! @
Vo=0,V; =1V,=1) ps3
v, =3, @ Vo=0,V=2V,=0) p, Overall Complexity:
v, = Tv, = 2. Vo=0V1=2V,=1) ps 0(gx ZVjeE(|PaT([/j)|XTVjX Hviepar(vj) ).

(Vo =1,V =0,V, =0) pg
(Vo=1LV,=0,V,=1) py
Parent instantiation: | Vo = LVi=1LV2=0) pg

V0:11V2:0- —P(VO=1;V1=1,V2=1) P9 ;
Vo=1V,=2,V,=0) pqo Pe Ps DPio

Vo=1LV:=2,V,=1) p1s

Weight vector:

17
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@ O
* Table reorganization optimization to simplify computations. @
r \ s \ er -
prob in data structure prob in data structure rVo = er = 2
config of conConfig: config of conConfig:
idx  prob {Vo,Vi,Vai| | {Vo=1,V,=0} idc«  prob {Vo,Va, Vil | {Vo=1,V,=0}
O | po pla 10,0,0} 0 [ po Pl {0,0,0}
bolpr iy {0,013 config: . . . I 1p2 ooy 10,0, 1} configl:
2 [pp pa {0,1,0 {1,0,0} Variable itself is 2 | pa pa {0,0,2} (1,0, 0}
3 | ps opsy {0,1,1} {1, 1,0} in the rightmost. | 3 | p “piy {0,1,0} 1
4 | ps P4 {0,2,0} i1, 2,0; > | 4 | ps phy (0,11}
5 ps p’s {0,2,1} 5 ps pis {0,1,2} idx1:
6 | ps_ Pl | {1,0,0} idx: 6 | ps_ Pl | {1,0,0} 6
7 | p7 pyy {1,0,1} 6 8 10 7 | ps ps| {1,0,1}
8 | pg pls| {1,1,0} 8 |pio Pl {1,0,2}
9 [ po ploy {1, 1,1} Ps  Pls 9 [ pr p7 {1,1,0} Ps Pls
10 | pio p’io| t1,2,0} Ps  P’s 10 | pg plo| {1, 1,1} Ps  Ps
1T | pu pla {1,2, 1} Pio P10 1T [pu phy {1, 1,2} Pio P10

0(gx Z (rv, % (|Par(v})] + 1)) @ 0(gx Z (Par(v;)| + 1) '

V]EE V]EE
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e Case-level parallelism (coarse-grained parallelism):
* Load unbalancing due to different evidence variables.

 Variable-level parallelism (fine-grained parallelism):
* Requirement of graph partitioning that relies on PGM structures.
* Small workloads but high parallel overhead.

* Sample-level parallelism:

 Parallelize the generation of samples within each importance
updating stage.
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* Overall comparison with existing work:

Table 2: Execution time comparison of Fast-PGM (“Ours”™) with SMILE (“S”) and BNJ (“B”) on 1000 test cases. Speedups of
Fast-PGM over SMILE and BNJ are also reported. “N/A” means that the library does not support the corresponding algorithm.

Experimental Evaluation

PLS LW SIS

PGM Time (sec) Speedup Time (sec) Speedup Time (sec) Speedup

S | B [Ous| S | B S | B [Ous| S [BNJ|] S | B [Ous| S | B
Alarm 039 | 1.59 | 013 | 3.0 [ 120 ({042 [ 150 | O.11 | 37 | 132 | NJA| 3.0 | 0.14 | NJA | 20.7
Hailfinder | 0.76 | 5.7 | 026 | 3.0 | 221 [ 066 | 27 | 021 | 3.1 | 13.1 | N/A | 158 | 026 | N/A | 60.0
Pathfinder | 5.0 | 76.0 | 1.1 44 | 668 | 6.1 | 8.0 1.0 | 58 [ 842 [ NA| 1.1k | 1.3 | NJA | 850
Pigs 214 [ 1.2k | 1.4 | 150 | 841 | 146 | 1.2k [ 15 [ 10.1 | 854 | N/A | 49k | 1.8 | N/A | 2.8k
Munin2 684 | 6.2k | 45 | 151 | 14k | 489 |60k | 45 [ 108 | 1.3k [ NJA | 27k | 59 | NJA | 45k
Munin4 67.8 | 6.1k | 5.1 | 134 | 1.2k | 47.7 |76k | 52 | 92 | 1.5k | N/A | 32k | 69 | NJA | 4.6k

SISv1 AIS-BN EPIS-BN

PGM Time (sec) Speedup Time (sec) Speedup Time (sec) Speedup

S | B [Ous| S | B S | B [Ous| S | B S | B [Ous|[ S [ B
Alarm 046 | N/A | 015 | 32 | NA [ 077 [ 102 ] 015 | 52 | 693 1065 | NVJA | 0.14 | 45 | N/A
Hailfinder | 0.83 | N/A | 027 | 3.1 | NJA | 13 | 277 {027 | 49 | 104 | 083 | NJ/A | 026 | 3.2 | N/A
Pathfinder | 130 | NJ/A | 1.3 | 100 | NVJA [ 115 |27k | 13 | 88 |21k | 60 | NJA | 1.3 | 45 | NA
Pigs 300 NVNA | 1.8 | 168 | NV/A | 320 |69k | 1.8 [179 |39k | 178 | NNA | 1.8 | 10.2 | N/A
Munin2 042 | NNA | 6.1 | 154 | NVA | 121 |47k | 62 [ 197 | 7.4k | 563 | NJ/A | 58 | 97 | N/A
Munin4 639 | NNA | 68 | 93 | NJA | 119 | 55k | 69 [ 172 |79k | 629 | NJ/A | 66 | 9.6 | N/A
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BE B8

Our solution
support more
algorithms.

3 — 20 x faster than
SMILE; two — four
orders of magnitude
speedup than BNJ.
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* Impact of individual optimizations:
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Overall: 25% from memory

Impact on inference time (%)
Impact on inference time (%)

201 ’°‘é % / 7 % 7 management, 14% from
g 0 ﬁo 4641‘{; 4@94; computation simplification,
W T g 61% from parallelization.
() AIS-BN (f) EPIS-BN

Learning-based algorithms benefit more from memory management and
computation simplification compared to non-learning-based algorithms.
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Experimental Evaluation

 Accuracy of approximation:
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* We propose Fast-PGM, a system for PGM inference. Through systematic
abstraction, Fast-PGM provides a general framework with rich interfaces,
enabling fast and easy optimization, extension, and customization.

* We incorporate memory management, computation simplification, and
parallelization techniques, which are applicable to other PGM topics and
can inspire acceleration for a broader class of graph-based algorithms.

* We conduct experiments to study the effectiveness of Fast-PGM and the
impact of our optimizations.

 Future work could extend Fast-PGM to distributed environment and
incorporate additional inference algorithmes.
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