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Summary
We are using the power of neural networks to approximate the 
universal inference scheme of bucket elimination to compute the 
partition function.
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Utilizing message size Loss Function
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Notation
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Time and space complexity 
exponential in induced width 
=> not scalable 

n : number of variables k : domain sizer : number of functions

|NN | : NN size |TNN | : NN evaluation time
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•Comparing against WMB, DBE
•Global Error : error = | log10Z* − log10

̂Z |

DBN: medium- 
without 
determinism, 6 
instances

[Dechter, 1999] [Razhegi et al, 2021]

N(w) = η * (L * b * w)2log(b * w)

• Feed-forward NN: L Layers, #b*w hidden-units. 
I . m . s . e =

1
#𝒟i ∑

s∈𝒟i

(μ*norm(s) − μ(s))2 * W(s),

• Generate a sample set             of size N(w) as: 

(μ*(s)) = ∑
X

∏
fα∈B

fα(s)
(μ*)

β

• Local Bucket Error : 
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Performance Evaluation

NN across buckets have : 1) fixed 
architecture; 2) fixed no.of 
samples; 3) uniform training loss

O(n( |TNN | + N . r . ki+1))
Complexity: 

Space: O(n(ki + N + |NN | ))
Time:

B

C

E
D

F

G

f(A)

f(A,B)

f(B,C)

f(B,E)
f(A,D)
f(B,D)
f(C,D) f(B,F)

f(A,G)

λC→B(A, B)

λD→C(A, B, C )
λE→C(B, C ) λF→B(A, B)

λG→F(A, F )

λB→A(A)

A

B

(A,B,C)μθ

C

NNs across buckets have:
1. varying NN architecture 

size
2. varying training sample 

size
3. weighted training loss 

w : width N : #train samples

η
• Processing each bucket (width w) eliminating X 

with constants : L, b,    (same across buckets)

NN size, |NN(w)|                          ∝ (L * b * w)2log(b * w)[Barlett et al, 2019]

• Sample complexity,                   [Vapnik, 1999]

• Minimize the Importance mean square 
error as loss over mini-batches                , 
NN outputs   (S), weight function W(S).

μ*norm(s) =
μ*(s) − β

γ − β

i. Sample a configuration s uniformly, calculate :       

ii. Normalize       as        

where,    and    are max, min     values in training dataset              , 
respectively.

γ μ*

logμ* − logμ
• Global Bucket Error : logλ − logμ

{(s, μ*norm(s))}

O(n(ki + N(w) + |NN(w) | ))

O(n( |TNN | + N(w) . r . ki+1))

Complexity: 

Space:
Time:

i : i-bound

Pedigree: hard, with-
deterministic, 7 
instances; 

Grid: easy and hard 
instances, without-
deterministic, 12 
instances; 

Benchmarks

μ

W(s) =
μ*(s)

∑s′￼∈𝒟Train
μ*(s′￼)

where,

𝒟i ∈ 𝒟Train

(𝒟Train)


