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Variational Methods
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q⇤(z) = arg min
q(z)2Q

KL(q(z)||p(z||D))
<latexit sha1_base64="rEfvFdkK7cLeoQiga/vP09CyfWs="></latexit><latexit sha1_base64="rEfvFdkK7cLeoQiga/vP09CyfWs="></latexit><latexit sha1_base64="rEfvFdkK7cLeoQiga/vP09CyfWs="></latexit><latexit sha1_base64="rEfvFdkK7cLeoQiga/vP09CyfWs="></latexit>

KL(q(z)||p(z||D)) = Eq[log q(z)]� Eq[log p(z|D)]
<latexit sha1_base64="lOtrr+zKpDKmD8NjS61UIx7E8cw="></latexit><latexit sha1_base64="lOtrr+zKpDKmD8NjS61UIx7E8cw="></latexit><latexit sha1_base64="lOtrr+zKpDKmD8NjS61UIx7E8cw="></latexit><latexit sha1_base64="lOtrr+zKpDKmD8NjS61UIx7E8cw="></latexit>

KL(q(z)||p(z||D)) = Eq[log q(z)]� Eq[log p(z,D)] + log p(D)
<latexit sha1_base64="wqWCcwjO3ogrflL6L3ALx49E7MU="></latexit><latexit sha1_base64="wqWCcwjO3ogrflL6L3ALx49E7MU="></latexit><latexit sha1_base64="wqWCcwjO3ogrflL6L3ALx49E7MU="></latexit><latexit sha1_base64="wqWCcwjO3ogrflL6L3ALx49E7MU="></latexit>

Recap: Evidence Lower Bound (ELBO)

ELBO(q) = Eq[log p(z,D)]� Eq[log q(z)]
<latexit sha1_base64="RyhSMJqo/t6jPMQCmv4j4x1RPzU="></latexit><latexit sha1_base64="RyhSMJqo/t6jPMQCmv4j4x1RPzU="></latexit><latexit sha1_base64="RyhSMJqo/t6jPMQCmv4j4x1RPzU="></latexit><latexit sha1_base64="RyhSMJqo/t6jPMQCmv4j4x1RPzU="></latexit>

ELBO(q) = Eq[log p(z,D)]� Eq[log q(z)]
<latexit sha1_base64="RyhSMJqo/t6jPMQCmv4j4x1RPzU="></latexit><latexit sha1_base64="RyhSMJqo/t6jPMQCmv4j4x1RPzU="></latexit><latexit sha1_base64="RyhSMJqo/t6jPMQCmv4j4x1RPzU="></latexit><latexit sha1_base64="RyhSMJqo/t6jPMQCmv4j4x1RPzU="></latexit>

KL(q(z)||p(z||D)) = Eq[log q(z)]� Eq[log p(z|D)]
<latexit sha1_base64="lOtrr+zKpDKmD8NjS61UIx7E8cw="></latexit><latexit sha1_base64="lOtrr+zKpDKmD8NjS61UIx7E8cw="></latexit><latexit sha1_base64="lOtrr+zKpDKmD8NjS61UIx7E8cw="></latexit><latexit sha1_base64="lOtrr+zKpDKmD8NjS61UIx7E8cw="></latexit>

KL(q(z)||p(z||D)) = Eq[log q(z)]� Eq[log p(z,D)] + log p(D)
<latexit sha1_base64="wqWCcwjO3ogrflL6L3ALx49E7MU="></latexit><latexit sha1_base64="wqWCcwjO3ogrflL6L3ALx49E7MU="></latexit><latexit sha1_base64="wqWCcwjO3ogrflL6L3ALx49E7MU="></latexit><latexit sha1_base64="wqWCcwjO3ogrflL6L3ALx49E7MU="></latexit>
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Interpreting the Lower Bound (ELBO)

F(y, q) = Eq(z) [log p(y|z)]�KL [q(z)||p(z)]
<latexit sha1_base64="Cv4RdEVfjCtE8c4x3kMvV/BDmD0="></latexit><latexit sha1_base64="Cv4RdEVfjCtE8c4x3kMvV/BDmD0="></latexit><latexit sha1_base64="Cv4RdEVfjCtE8c4x3kMvV/BDmD0="></latexit><latexit sha1_base64="Cv4RdEVfjCtE8c4x3kMvV/BDmD0="></latexit>

Approximate 
Posterior

Reconstruction PenaltyData

Reconstruction Cost: The 
expected log-likelihood 
measure how well samples 
from q(z) are able to 
explain the data y.

Penalty: Ensures the the 
explanation of the data 
q(z) doesn’t deviate too 
far from your beliefs p(z). 
A mechanism for realising
Okham’s razor. 

Approximate posterior 
distribution q(z): Best match 
to true posterior 
p(z|y), one of the unknown 
inferential quantities of 
interest to us.
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How to implement it?
What is q exactly?

F(y, q) = Eq(z) [log p(y|z)]�KL [q(z)||p(z)]
<latexit sha1_base64="Cv4RdEVfjCtE8c4x3kMvV/BDmD0="></latexit><latexit sha1_base64="Cv4RdEVfjCtE8c4x3kMvV/BDmD0="></latexit><latexit sha1_base64="Cv4RdEVfjCtE8c4x3kMvV/BDmD0="></latexit><latexit sha1_base64="Cv4RdEVfjCtE8c4x3kMvV/BDmD0="></latexit>

Approximate 
Posterior
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Recap: (Naïve) Mean Field Approach

Very popular approach assuming the posterior is fully factorizable

q(x;�) =
Y

i

qi(xi;�i)
<latexit sha1_base64="gqtAB4t9CAwdcBT2WfabL0Rk1zk="></latexit><latexit sha1_base64="gqtAB4t9CAwdcBT2WfabL0Rk1zk="></latexit><latexit sha1_base64="gqtAB4t9CAwdcBT2WfabL0Rk1zk="></latexit><latexit sha1_base64="gqtAB4t9CAwdcBT2WfabL0Rk1zk="></latexit>

q(.;�1)
<latexit sha1_base64="2SSP/5qbGlupovfsOGtNPLLj1Oc="></latexit><latexit sha1_base64="2SSP/5qbGlupovfsOGtNPLLj1Oc="></latexit><latexit sha1_base64="2SSP/5qbGlupovfsOGtNPLLj1Oc="></latexit><latexit sha1_base64="2SSP/5qbGlupovfsOGtNPLLj1Oc="></latexit>

q(.;�2)
<latexit sha1_base64="Y3tI2FwcR9AQU4I9XSdZBFOi0FQ="></latexit><latexit sha1_base64="Y3tI2FwcR9AQU4I9XSdZBFOi0FQ="></latexit><latexit sha1_base64="Y3tI2FwcR9AQU4I9XSdZBFOi0FQ="></latexit><latexit sha1_base64="Y3tI2FwcR9AQU4I9XSdZBFOi0FQ="></latexit>

q(.;�i)
<latexit sha1_base64="iwpd0LjfUw8aj/4JBRZfuwluIsE="></latexit><latexit sha1_base64="iwpd0LjfUw8aj/4JBRZfuwluIsE="></latexit><latexit sha1_base64="iwpd0LjfUw8aj/4JBRZfuwluIsE="></latexit><latexit sha1_base64="iwpd0LjfUw8aj/4JBRZfuwluIsE="></latexit>
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Recap: Mean Field Updates

Let’s focus on !" (holding all other terms constant)

L(qj) = Eqj

⇥
Eq�j [log p̃(x)]

⇤
+H(qj)

<latexit sha1_base64="Qcmxk0XOB+CgXZ0mWyGNekAMRlo="></latexit><latexit sha1_base64="Qcmxk0XOB+CgXZ0mWyGNekAMRlo="></latexit><latexit sha1_base64="Qcmxk0XOB+CgXZ0mWyGNekAMRlo="></latexit><latexit sha1_base64="Qcmxk0XOB+CgXZ0mWyGNekAMRlo="></latexit>

�L(qj)

�qj
= 0

<latexit sha1_base64="enHthnaaGTcOBb24w8JRS7Ol5EE="></latexit><latexit sha1_base64="enHthnaaGTcOBb24w8JRS7Ol5EE="></latexit><latexit sha1_base64="enHthnaaGTcOBb24w8JRS7Ol5EE="></latexit><latexit sha1_base64="enHthnaaGTcOBb24w8JRS7Ol5EE="></latexit>

�L(qj)

�qj
= Eq�j [log p̃(x)]� log qj � 1 = 0

<latexit sha1_base64="osCljZHAsYQibbgmIrDDDf0nfsQ="></latexit><latexit sha1_base64="osCljZHAsYQibbgmIrDDDf0nfsQ="></latexit><latexit sha1_base64="osCljZHAsYQibbgmIrDDDf0nfsQ="></latexit><latexit sha1_base64="osCljZHAsYQibbgmIrDDDf0nfsQ="></latexit>

q⇤j / exp{Eq�j [log p̃(x)]}
<latexit sha1_base64="feJdH4huaHwprkWrJ4oSmYXKzKs="></latexit><latexit sha1_base64="feJdH4huaHwprkWrJ4oSmYXKzKs="></latexit><latexit sha1_base64="feJdH4huaHwprkWrJ4oSmYXKzKs="></latexit><latexit sha1_base64="feJdH4huaHwprkWrJ4oSmYXKzKs="></latexit>
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Case study: Latent Dirichlet Allocation



Latent Dirichlet Allocation

• Plate Diagram

↵
<latexit sha1_base64="adxyq6x4iMr+/y/DWRbzPvOwlrU="></latexit><latexit sha1_base64="adxyq6x4iMr+/y/DWRbzPvOwlrU="></latexit><latexit sha1_base64="adxyq6x4iMr+/y/DWRbzPvOwlrU="></latexit><latexit sha1_base64="adxyq6x4iMr+/y/DWRbzPvOwlrU="></latexit>

✓m
<latexit sha1_base64="htXX96eiyiotbTUdGsB/STUW8Bc="></latexit><latexit sha1_base64="htXX96eiyiotbTUdGsB/STUW8Bc="></latexit><latexit sha1_base64="htXX96eiyiotbTUdGsB/STUW8Bc="></latexit><latexit sha1_base64="htXX96eiyiotbTUdGsB/STUW8Bc="></latexit>

zmn
<latexit sha1_base64="CZEGaz0M7rXolwsm6HpBJ88FBRA="></latexit><latexit sha1_base64="CZEGaz0M7rXolwsm6HpBJ88FBRA="></latexit><latexit sha1_base64="CZEGaz0M7rXolwsm6HpBJ88FBRA="></latexit><latexit sha1_base64="CZEGaz0M7rXolwsm6HpBJ88FBRA="></latexit>

xmn
<latexit sha1_base64="9teW2HYH7EytWpTXNpEy8mfATKw="></latexit><latexit sha1_base64="9teW2HYH7EytWpTXNpEy8mfATKw="></latexit><latexit sha1_base64="9teW2HYH7EytWpTXNpEy8mfATKw="></latexit><latexit sha1_base64="9teW2HYH7EytWpTXNpEy8mfATKw="></latexit>

M
<latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit><latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit><latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit><latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit>

Nm
<latexit sha1_base64="0nnEVjQPAp4mbcRSByQVRZhP0dc="></latexit><latexit sha1_base64="0nnEVjQPAp4mbcRSByQVRZhP0dc="></latexit><latexit sha1_base64="0nnEVjQPAp4mbcRSByQVRZhP0dc="></latexit><latexit sha1_base64="0nnEVjQPAp4mbcRSByQVRZhP0dc="></latexit> K

<latexit sha1_base64="euP5/0ZnJ4CeDQsMWA7SnP1EnJA="></latexit><latexit sha1_base64="euP5/0ZnJ4CeDQsMWA7SnP1EnJA="></latexit><latexit sha1_base64="euP5/0ZnJ4CeDQsMWA7SnP1EnJA="></latexit><latexit sha1_base64="euP5/0ZnJ4CeDQsMWA7SnP1EnJA="></latexit>

�k
<latexit sha1_base64="qDDr9CU858qONRhYymwUrh9tHTE="></latexit><latexit sha1_base64="qDDr9CU858qONRhYymwUrh9tHTE="></latexit><latexit sha1_base64="qDDr9CU858qONRhYymwUrh9tHTE="></latexit><latexit sha1_base64="qDDr9CU858qONRhYymwUrh9tHTE="></latexit>

�
<latexit sha1_base64="/aCEKW7yA1BP9cc7dUqfel64N2U="></latexit><latexit sha1_base64="/aCEKW7yA1BP9cc7dUqfel64N2U="></latexit><latexit sha1_base64="/aCEKW7yA1BP9cc7dUqfel64N2U="></latexit><latexit sha1_base64="/aCEKW7yA1BP9cc7dUqfel64N2U="></latexit>

Parameter 
of Dirichlet

Document-specific 
topic distribution

Topic assignment

Observed word

Topics
Parameters 
of Dirichlet



Latent Dirichlet Allocation

• Plate Diagram

↵
<latexit sha1_base64="adxyq6x4iMr+/y/DWRbzPvOwlrU="></latexit><latexit sha1_base64="adxyq6x4iMr+/y/DWRbzPvOwlrU="></latexit><latexit sha1_base64="adxyq6x4iMr+/y/DWRbzPvOwlrU="></latexit><latexit sha1_base64="adxyq6x4iMr+/y/DWRbzPvOwlrU="></latexit>

✓m
<latexit sha1_base64="htXX96eiyiotbTUdGsB/STUW8Bc="></latexit><latexit sha1_base64="htXX96eiyiotbTUdGsB/STUW8Bc="></latexit><latexit sha1_base64="htXX96eiyiotbTUdGsB/STUW8Bc="></latexit><latexit sha1_base64="htXX96eiyiotbTUdGsB/STUW8Bc="></latexit>

zmn
<latexit sha1_base64="CZEGaz0M7rXolwsm6HpBJ88FBRA="></latexit><latexit sha1_base64="CZEGaz0M7rXolwsm6HpBJ88FBRA="></latexit><latexit sha1_base64="CZEGaz0M7rXolwsm6HpBJ88FBRA="></latexit><latexit sha1_base64="CZEGaz0M7rXolwsm6HpBJ88FBRA="></latexit>

xmn
<latexit sha1_base64="9teW2HYH7EytWpTXNpEy8mfATKw="></latexit><latexit sha1_base64="9teW2HYH7EytWpTXNpEy8mfATKw="></latexit><latexit sha1_base64="9teW2HYH7EytWpTXNpEy8mfATKw="></latexit><latexit sha1_base64="9teW2HYH7EytWpTXNpEy8mfATKw="></latexit>

M
<latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit><latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit><latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit><latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit>

Nm
<latexit sha1_base64="0nnEVjQPAp4mbcRSByQVRZhP0dc="></latexit><latexit sha1_base64="0nnEVjQPAp4mbcRSByQVRZhP0dc="></latexit><latexit sha1_base64="0nnEVjQPAp4mbcRSByQVRZhP0dc="></latexit><latexit sha1_base64="0nnEVjQPAp4mbcRSByQVRZhP0dc="></latexit> K

<latexit sha1_base64="euP5/0ZnJ4CeDQsMWA7SnP1EnJA="></latexit><latexit sha1_base64="euP5/0ZnJ4CeDQsMWA7SnP1EnJA="></latexit><latexit sha1_base64="euP5/0ZnJ4CeDQsMWA7SnP1EnJA="></latexit><latexit sha1_base64="euP5/0ZnJ4CeDQsMWA7SnP1EnJA="></latexit>

�k
<latexit sha1_base64="qDDr9CU858qONRhYymwUrh9tHTE="></latexit><latexit sha1_base64="qDDr9CU858qONRhYymwUrh9tHTE="></latexit><latexit sha1_base64="qDDr9CU858qONRhYymwUrh9tHTE="></latexit><latexit sha1_base64="qDDr9CU858qONRhYymwUrh9tHTE="></latexit>

�
<latexit sha1_base64="/aCEKW7yA1BP9cc7dUqfel64N2U="></latexit><latexit sha1_base64="/aCEKW7yA1BP9cc7dUqfel64N2U="></latexit><latexit sha1_base64="/aCEKW7yA1BP9cc7dUqfel64N2U="></latexit><latexit sha1_base64="/aCEKW7yA1BP9cc7dUqfel64N2U="></latexit>

Parameter 
of Dirichlet

Document-specific 
topic distribution

Topic assignment

Observed word

Topics
Parameters 
of Dirichlet

Exact Inference?



Latent Dirichlet Allocation

• Plate Diagram

↵
<latexit sha1_base64="adxyq6x4iMr+/y/DWRbzPvOwlrU="></latexit><latexit sha1_base64="adxyq6x4iMr+/y/DWRbzPvOwlrU="></latexit><latexit sha1_base64="adxyq6x4iMr+/y/DWRbzPvOwlrU="></latexit><latexit sha1_base64="adxyq6x4iMr+/y/DWRbzPvOwlrU="></latexit>

✓m
<latexit sha1_base64="htXX96eiyiotbTUdGsB/STUW8Bc="></latexit><latexit sha1_base64="htXX96eiyiotbTUdGsB/STUW8Bc="></latexit><latexit sha1_base64="htXX96eiyiotbTUdGsB/STUW8Bc="></latexit><latexit sha1_base64="htXX96eiyiotbTUdGsB/STUW8Bc="></latexit>

zmn
<latexit sha1_base64="CZEGaz0M7rXolwsm6HpBJ88FBRA="></latexit><latexit sha1_base64="CZEGaz0M7rXolwsm6HpBJ88FBRA="></latexit><latexit sha1_base64="CZEGaz0M7rXolwsm6HpBJ88FBRA="></latexit><latexit sha1_base64="CZEGaz0M7rXolwsm6HpBJ88FBRA="></latexit>

xmn
<latexit sha1_base64="9teW2HYH7EytWpTXNpEy8mfATKw="></latexit><latexit sha1_base64="9teW2HYH7EytWpTXNpEy8mfATKw="></latexit><latexit sha1_base64="9teW2HYH7EytWpTXNpEy8mfATKw="></latexit><latexit sha1_base64="9teW2HYH7EytWpTXNpEy8mfATKw="></latexit>

M
<latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit><latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit><latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit><latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit>

Nm
<latexit sha1_base64="0nnEVjQPAp4mbcRSByQVRZhP0dc="></latexit><latexit sha1_base64="0nnEVjQPAp4mbcRSByQVRZhP0dc="></latexit><latexit sha1_base64="0nnEVjQPAp4mbcRSByQVRZhP0dc="></latexit><latexit sha1_base64="0nnEVjQPAp4mbcRSByQVRZhP0dc="></latexit> K

<latexit sha1_base64="euP5/0ZnJ4CeDQsMWA7SnP1EnJA="></latexit><latexit sha1_base64="euP5/0ZnJ4CeDQsMWA7SnP1EnJA="></latexit><latexit sha1_base64="euP5/0ZnJ4CeDQsMWA7SnP1EnJA="></latexit><latexit sha1_base64="euP5/0ZnJ4CeDQsMWA7SnP1EnJA="></latexit>

�k
<latexit sha1_base64="qDDr9CU858qONRhYymwUrh9tHTE="></latexit><latexit sha1_base64="qDDr9CU858qONRhYymwUrh9tHTE="></latexit><latexit sha1_base64="qDDr9CU858qONRhYymwUrh9tHTE="></latexit><latexit sha1_base64="qDDr9CU858qONRhYymwUrh9tHTE="></latexit>

�
<latexit sha1_base64="/aCEKW7yA1BP9cc7dUqfel64N2U="></latexit><latexit sha1_base64="/aCEKW7yA1BP9cc7dUqfel64N2U="></latexit><latexit sha1_base64="/aCEKW7yA1BP9cc7dUqfel64N2U="></latexit><latexit sha1_base64="/aCEKW7yA1BP9cc7dUqfel64N2U="></latexit>

Parameter 
of Dirichlet

Document-specific 
topic distribution

Topic assignment

Observed word

Topics
Parameters 
of Dirichlet

Exact Inference?

Intractable



Inference

• Joint distribution

• Latent variables

• Posterior distribution

{�k}Kk=1, {znm}, {✓m}
<latexit sha1_base64="vC8Msld9wMdjMrxv0QH0mRL7+n8="></latexit><latexit sha1_base64="vC8Msld9wMdjMrxv0QH0mRL7+n8="></latexit><latexit sha1_base64="vC8Msld9wMdjMrxv0QH0mRL7+n8="></latexit><latexit sha1_base64="vC8Msld9wMdjMrxv0QH0mRL7+n8="></latexit>

q(·) =
KY

k=1

p(�k)
Y

m=1

p(✓m)
Y

n=1

p(znm)
<latexit sha1_base64="ulxzstw7lZ1F0AxiPjFCZH3c2sM="> </latexit><latexit sha1_base64="ulxzstw7lZ1F0AxiPjFCZH3c2sM="> </latexit><latexit sha1_base64="ulxzstw7lZ1F0AxiPjFCZH3c2sM="> </latexit><latexit sha1_base64="ulxzstw7lZ1F0AxiPjFCZH3c2sM="> </latexit>

↵
<latexit sha1_base64="adxyq6x4iMr+/y/DWRbzPvOwlrU="></latexit><latexit sha1_base64="adxyq6x4iMr+/y/DWRbzPvOwlrU="></latexit><latexit sha1_base64="adxyq6x4iMr+/y/DWRbzPvOwlrU="></latexit><latexit sha1_base64="adxyq6x4iMr+/y/DWRbzPvOwlrU="></latexit>

✓m
<latexit sha1_base64="htXX96eiyiotbTUdGsB/STUW8Bc="></latexit><latexit sha1_base64="htXX96eiyiotbTUdGsB/STUW8Bc="></latexit><latexit sha1_base64="htXX96eiyiotbTUdGsB/STUW8Bc="></latexit><latexit sha1_base64="htXX96eiyiotbTUdGsB/STUW8Bc="></latexit>

zmn
<latexit sha1_base64="CZEGaz0M7rXolwsm6HpBJ88FBRA="></latexit><latexit sha1_base64="CZEGaz0M7rXolwsm6HpBJ88FBRA="></latexit><latexit sha1_base64="CZEGaz0M7rXolwsm6HpBJ88FBRA="></latexit><latexit sha1_base64="CZEGaz0M7rXolwsm6HpBJ88FBRA="></latexit>

xmn
<latexit sha1_base64="9teW2HYH7EytWpTXNpEy8mfATKw="></latexit><latexit sha1_base64="9teW2HYH7EytWpTXNpEy8mfATKw="></latexit><latexit sha1_base64="9teW2HYH7EytWpTXNpEy8mfATKw="></latexit><latexit sha1_base64="9teW2HYH7EytWpTXNpEy8mfATKw="></latexit>

M
<latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit><latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit><latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit><latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit>

Nm
<latexit sha1_base64="0nnEVjQPAp4mbcRSByQVRZhP0dc="></latexit><latexit sha1_base64="0nnEVjQPAp4mbcRSByQVRZhP0dc="></latexit><latexit sha1_base64="0nnEVjQPAp4mbcRSByQVRZhP0dc="></latexit><latexit sha1_base64="0nnEVjQPAp4mbcRSByQVRZhP0dc="></latexit> K

<latexit sha1_base64="euP5/0ZnJ4CeDQsMWA7SnP1EnJA="></latexit><latexit sha1_base64="euP5/0ZnJ4CeDQsMWA7SnP1EnJA="></latexit><latexit sha1_base64="euP5/0ZnJ4CeDQsMWA7SnP1EnJA="></latexit><latexit sha1_base64="euP5/0ZnJ4CeDQsMWA7SnP1EnJA="></latexit>

�k
<latexit sha1_base64="qDDr9CU858qONRhYymwUrh9tHTE="></latexit><latexit sha1_base64="qDDr9CU858qONRhYymwUrh9tHTE="></latexit><latexit sha1_base64="qDDr9CU858qONRhYymwUrh9tHTE="></latexit><latexit sha1_base64="qDDr9CU858qONRhYymwUrh9tHTE="></latexit>

�
<latexit sha1_base64="/aCEKW7yA1BP9cc7dUqfel64N2U="></latexit><latexit sha1_base64="/aCEKW7yA1BP9cc7dUqfel64N2U="></latexit><latexit sha1_base64="/aCEKW7yA1BP9cc7dUqfel64N2U="></latexit><latexit sha1_base64="/aCEKW7yA1BP9cc7dUqfel64N2U="></latexit>

p(·) =
MY

m

p(✓m|↵)
NmY

n=1

p(xmn|znm, {�k}Kk=1)p(znm|✓m)
KY

k

p(�k|�)
<latexit sha1_base64="xKTA1bJTc2YWNH+4g+foLRPe2B0="></latexit><latexit sha1_base64="xKTA1bJTc2YWNH+4g+foLRPe2B0="></latexit><latexit sha1_base64="xKTA1bJTc2YWNH+4g+foLRPe2B0="></latexit><latexit sha1_base64="xKTA1bJTc2YWNH+4g+foLRPe2B0="></latexit>
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Let’s work out one of the updates….

q⇤j / exp{Eq�j [log p̃(x)]}
<latexit sha1_base64="feJdH4huaHwprkWrJ4oSmYXKzKs="></latexit><latexit sha1_base64="feJdH4huaHwprkWrJ4oSmYXKzKs="></latexit><latexit sha1_base64="feJdH4huaHwprkWrJ4oSmYXKzKs="></latexit><latexit sha1_base64="feJdH4huaHwprkWrJ4oSmYXKzKs="></latexit>

q(✓m) / exp

"
EQ

n q(znm) [log p(✓m|↵)] +
X

n

log p(znm|✓m)

#

<latexit sha1_base64="6DWIN4XX6xe3MCONWMWH6l8LQiA="></latexit><latexit sha1_base64="6DWIN4XX6xe3MCONWMWH6l8LQiA="></latexit><latexit sha1_base64="6DWIN4XX6xe3MCONWMWH6l8LQiA="></latexit><latexit sha1_base64="6DWIN4XX6xe3MCONWMWH6l8LQiA="></latexit>

q(✓m) / exp

"
KX

k=1

 
NX

n=1

q(zmn = k) + ↵k � 1

!
log ✓mn

#

<latexit sha1_base64="dOdiu9d4s6cMV+c8MmECjdjaGhI="></latexit><latexit sha1_base64="dOdiu9d4s6cMV+c8MmECjdjaGhI="></latexit><latexit sha1_base64="dOdiu9d4s6cMV+c8MmECjdjaGhI="></latexit><latexit sha1_base64="dOdiu9d4s6cMV+c8MmECjdjaGhI="></latexit>

Remember this:

p(✓m|↵) / exp

"
KX

k=1

(↵k � 1) log ✓mk

#

<latexit sha1_base64="xZSl7iYNDyXnyVfTiW87coy1vcs="></latexit><latexit sha1_base64="xZSl7iYNDyXnyVfTiW87coy1vcs="></latexit><latexit sha1_base64="xZSl7iYNDyXnyVfTiW87coy1vcs="></latexit><latexit sha1_base64="xZSl7iYNDyXnyVfTiW87coy1vcs="></latexit>

p(zmn|✓m) / exp

"
KX

k=1

1(zmn = k) log ✓mk

#

<latexit sha1_base64="BWM8hm+olEDTxg+fDrri+HihVBo="></latexit><latexit sha1_base64="BWM8hm+olEDTxg+fDrri+HihVBo="></latexit><latexit sha1_base64="BWM8hm+olEDTxg+fDrri+HihVBo="></latexit><latexit sha1_base64="BWM8hm+olEDTxg+fDrri+HihVBo="></latexit>

Dirichlet:

Categorical:

In LDA:

We Obtain:

↵
<latexit sha1_base64="adxyq6x4iMr+/y/DWRbzPvOwlrU="></latexit><latexit sha1_base64="adxyq6x4iMr+/y/DWRbzPvOwlrU="></latexit><latexit sha1_base64="adxyq6x4iMr+/y/DWRbzPvOwlrU="></latexit><latexit sha1_base64="adxyq6x4iMr+/y/DWRbzPvOwlrU="></latexit>

✓m
<latexit sha1_base64="htXX96eiyiotbTUdGsB/STUW8Bc="></latexit><latexit sha1_base64="htXX96eiyiotbTUdGsB/STUW8Bc="></latexit><latexit sha1_base64="htXX96eiyiotbTUdGsB/STUW8Bc="></latexit><latexit sha1_base64="htXX96eiyiotbTUdGsB/STUW8Bc="></latexit>

zmn
<latexit sha1_base64="CZEGaz0M7rXolwsm6HpBJ88FBRA="></latexit><latexit sha1_base64="CZEGaz0M7rXolwsm6HpBJ88FBRA="></latexit><latexit sha1_base64="CZEGaz0M7rXolwsm6HpBJ88FBRA="></latexit><latexit sha1_base64="CZEGaz0M7rXolwsm6HpBJ88FBRA="></latexit>

xmn
<latexit sha1_base64="9teW2HYH7EytWpTXNpEy8mfATKw="></latexit><latexit sha1_base64="9teW2HYH7EytWpTXNpEy8mfATKw="></latexit><latexit sha1_base64="9teW2HYH7EytWpTXNpEy8mfATKw="></latexit><latexit sha1_base64="9teW2HYH7EytWpTXNpEy8mfATKw="></latexit>

M
<latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit><latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit><latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit><latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit>

Nm
<latexit sha1_base64="0nnEVjQPAp4mbcRSByQVRZhP0dc="></latexit><latexit sha1_base64="0nnEVjQPAp4mbcRSByQVRZhP0dc="></latexit><latexit sha1_base64="0nnEVjQPAp4mbcRSByQVRZhP0dc="></latexit><latexit sha1_base64="0nnEVjQPAp4mbcRSByQVRZhP0dc="></latexit> K

<latexit sha1_base64="euP5/0ZnJ4CeDQsMWA7SnP1EnJA="></latexit><latexit sha1_base64="euP5/0ZnJ4CeDQsMWA7SnP1EnJA="></latexit><latexit sha1_base64="euP5/0ZnJ4CeDQsMWA7SnP1EnJA="></latexit><latexit sha1_base64="euP5/0ZnJ4CeDQsMWA7SnP1EnJA="></latexit>

�k
<latexit sha1_base64="qDDr9CU858qONRhYymwUrh9tHTE="></latexit><latexit sha1_base64="qDDr9CU858qONRhYymwUrh9tHTE="></latexit><latexit sha1_base64="qDDr9CU858qONRhYymwUrh9tHTE="></latexit><latexit sha1_base64="qDDr9CU858qONRhYymwUrh9tHTE="></latexit>

�
<latexit sha1_base64="/aCEKW7yA1BP9cc7dUqfel64N2U="></latexit><latexit sha1_base64="/aCEKW7yA1BP9cc7dUqfel64N2U="></latexit><latexit sha1_base64="/aCEKW7yA1BP9cc7dUqfel64N2U="></latexit><latexit sha1_base64="/aCEKW7yA1BP9cc7dUqfel64N2U="></latexit>

The posterior is a Dirichlet
Why?



Dirichlet-Categorical Model

• Why conjugacy is so useful
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p(X|�) =
⌃

⇤
p(X|⇤⇥)p(⇤⇥|�) d⇥ (8)

=
⌃

⇤

�
V⇧

v=1

⇥nv
v

⇥�
1

B(�)

V⇧

v=1

⇥�v�1
v

⇥
d⇥ (9)

=
1

B(�)

⌃

⇤

V⇧

v=1

⇥nv+�v�1
v d⇥ (10)

=
1

B(�)

⌃

⇤

B(⇤n + �)
B(⇤n + �)

V⇧

v=1

⇥nv+�v�1
v d⇥ (11)

=
B(⇤n + �)

B(�)

⌃

⇤

1
B(⇤n + �)

V⇧

v=1

⇥nv+�v�1
v

 �⌥ ⌦
Dir(⌅n+↵)

d⇥ (12)

=
B(⇤n + �)

B(�)
(13)

2 SCTM

A Product of Experts (PoE) [1] model p(x|⇤1, . . . ,⇤C) =
QC

c=1 ⇤cxPV
v=1

QC
c=1 ⇤cv

, where there are C

components, and the summation in the denominator is over all possible feature types.

Latent Dirichlet allocation generative process

For each topic k ⇤ {1, . . . , K}:
�k ⇥ Dir(�) [draw distribution over words]

For each document m ⇤ {1, . . . , M}
✓m ⇥ Dir(↵) [draw distribution over topics]
For each word n ⇤ {1, . . . , Nm}

zmn ⇥ Mult(1, ✓m) [draw topic]
xmn ⇥ �zmi

[draw word]

The Finite IBP model generative process

For each component c ⇤ {1, . . . , C}: [columns]

⇥c ⇥ Beta( �
C , 1) [draw probability of component c]

For each topic k ⇤ {1, . . . , K}: [rows]
bkc ⇥ Bernoulli(⇥c)
[draw whether topic includes cth component in its PoE]

2.1 PoE

p(x|⇤1, . . . ,⇤C) =
⌅C

c=1 ⇥cx⇤V
v=1

⌅C
c=1 ⇥cv

(14)

2.2 IBP

Latent Dirichlet allocation generative process

For each topic k ⇤ {1, . . . , K}:
�k ⇥ Dir(�) [draw distribution over words]

For each document m ⇤ {1, . . . , M}
✓m ⇥ Dir(↵) [draw distribution over topics]
For each word n ⇤ {1, . . . , Nm}

zmn ⇥ Mult(1, ✓m) [draw topic]
xmn ⇥ �zmi

[draw word]

The Beta-Bernoulli model generative process

For each feature c ⇤ {1, . . . , C}: [columns]

⇥c ⇥ Beta( �
C , 1)

For each class k ⇤ {1, . . . , K}: [rows]
bkc ⇥ Bernoulli(⇥c)

2.3 Shared Components Topic Models

Generative process We can now present the formal generative process for the SCTM. For each
of the C shared components, we generate a distribution ⇤c over the V words from a Dirichlet
parametrized by ⇥. Next, we generate a K � C binary matrix using the finite IBP prior. We select
the probability �c of each component c being on (bkc = 1) from a Beta distribution parametrized

3



Let’s generalize that example….
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M
<latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit><latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit><latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit><latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit>

xm1
<latexit sha1_base64="qekGa7oIF4iaGQ1vzQWkyVHdGAs="></latexit><latexit sha1_base64="qekGa7oIF4iaGQ1vzQWkyVHdGAs="></latexit><latexit sha1_base64="qekGa7oIF4iaGQ1vzQWkyVHdGAs="></latexit><latexit sha1_base64="qekGa7oIF4iaGQ1vzQWkyVHdGAs="></latexit>

xm2
<latexit sha1_base64="DbfFPQNIwYEkK+aVb+gn5/gpbO4="></latexit><latexit sha1_base64="DbfFPQNIwYEkK+aVb+gn5/gpbO4="></latexit><latexit sha1_base64="DbfFPQNIwYEkK+aVb+gn5/gpbO4="></latexit><latexit sha1_base64="DbfFPQNIwYEkK+aVb+gn5/gpbO4="></latexit>

· · ·<latexit sha1_base64="bjqrGTuaXogbTMN6Ri9s24yvmW0="></latexit><latexit sha1_base64="bjqrGTuaXogbTMN6Ri9s24yvmW0="></latexit><latexit sha1_base64="bjqrGTuaXogbTMN6Ri9s24yvmW0="></latexit><latexit sha1_base64="bjqrGTuaXogbTMN6Ri9s24yvmW0="></latexit>

Let’s re-draw it

Lo
ca

l V
ar

ia
bl

es

Global Variables



Let’s generalize that example….
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M
<latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit><latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit><latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit><latexit sha1_base64="XYVpCmiIPguQweXR6Df6bX5AEK0="></latexit>

xm1
<latexit sha1_base64="qekGa7oIF4iaGQ1vzQWkyVHdGAs="></latexit><latexit sha1_base64="qekGa7oIF4iaGQ1vzQWkyVHdGAs="></latexit><latexit sha1_base64="qekGa7oIF4iaGQ1vzQWkyVHdGAs="></latexit><latexit sha1_base64="qekGa7oIF4iaGQ1vzQWkyVHdGAs="></latexit>

xm2
<latexit sha1_base64="DbfFPQNIwYEkK+aVb+gn5/gpbO4="></latexit><latexit sha1_base64="DbfFPQNIwYEkK+aVb+gn5/gpbO4="></latexit><latexit sha1_base64="DbfFPQNIwYEkK+aVb+gn5/gpbO4="></latexit><latexit sha1_base64="DbfFPQNIwYEkK+aVb+gn5/gpbO4="></latexit>

· · ·<latexit sha1_base64="bjqrGTuaXogbTMN6Ri9s24yvmW0="></latexit><latexit sha1_base64="bjqrGTuaXogbTMN6Ri9s24yvmW0="></latexit><latexit sha1_base64="bjqrGTuaXogbTMN6Ri9s24yvmW0="></latexit><latexit sha1_base64="bjqrGTuaXogbTMN6Ri9s24yvmW0="></latexit>

Lo
ca

l V
ar

ia
bl

es

Global Variables

Global Variables

Lo
ca

l V
ar

ia
bl

es

Many examples of graphical model can be viewed this way



Let’s generalize that example….
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Global Variables

Lo
ca

l V
ar

ia
bl

es

A few observations:

M.D. Hoffman et al., “Stochastic Variational Inference,” https://arxiv.org/abs/1206.7051



Let’s generalize that example….
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Global Variables

Lo
ca

l V
ar

ia
bl

es

A few observations:

Further assumptions: (1) Exponential family, (2) conjugacy 

M.D. Hoffman et al., “Stochastic Variational Inference,” https://arxiv.org/abs/1206.7051



Let’s generalize that example….
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Global Variables

Lo
ca

l V
ar

ia
bl

es

Model:

Approximate Posterior (mean field):

q⇤j / exp{Eq�j [log p̃(x)]}
<latexit sha1_base64="feJdH4huaHwprkWrJ4oSmYXKzKs="></latexit><latexit sha1_base64="feJdH4huaHwprkWrJ4oSmYXKzKs="></latexit><latexit sha1_base64="feJdH4huaHwprkWrJ4oSmYXKzKs="></latexit><latexit sha1_base64="feJdH4huaHwprkWrJ4oSmYXKzKs="></latexit>

M.D. Hoffman et al., “Stochastic Variational Inference,” https://arxiv.org/abs/1206.7051
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Model:

Approximate Posterior (mean field):

M.D. Hoffman et al., “Stochastic Variational Inference,” https://arxiv.org/abs/1206.7051



23

Optimization View



max
�,✓

F(y, q�) = Eq�(z) [log p✓(y|z)]�KL [q�(z)||p(z)]
<latexit sha1_base64="4jJBaOt8nXAjp4Vja3Bgrq0HC+c="></latexit><latexit sha1_base64="4jJBaOt8nXAjp4Vja3Bgrq0HC+c="></latexit><latexit sha1_base64="4jJBaOt8nXAjp4Vja3Bgrq0HC+c="></latexit><latexit sha1_base64="4jJBaOt8nXAjp4Vja3Bgrq0HC+c="></latexit>

24

Decoder Encoder View

Data code-length Hypothesis codeStochastic encoder

Decoder
!"($|&)

Encoder
()(&|$)

z
<latexit sha1_base64="ZIEcf65VPxZvKc9m96CK2jDPgdQ="></latexit><latexit sha1_base64="ZIEcf65VPxZvKc9m96CK2jDPgdQ="></latexit><latexit sha1_base64="ZIEcf65VPxZvKc9m96CK2jDPgdQ="></latexit><latexit sha1_base64="ZIEcf65VPxZvKc9m96CK2jDPgdQ="></latexit>

Data y

z ⇠ q�(z|y)
<latexit sha1_base64="H4hwsCYfsnkcMjFwnz+4krHk5sA="></latexit><latexit sha1_base64="H4hwsCYfsnkcMjFwnz+4krHk5sA="></latexit><latexit sha1_base64="H4hwsCYfsnkcMjFwnz+4krHk5sA="></latexit><latexit sha1_base64="H4hwsCYfsnkcMjFwnz+4krHk5sA="></latexit>

y ⇠ p✓(y|z)
<latexit sha1_base64="kmhTLjWzP2E6oK1Mp+fUA+X1a9Y="></latexit><latexit sha1_base64="kmhTLjWzP2E6oK1Mp+fUA+X1a9Y="></latexit><latexit sha1_base64="kmhTLjWzP2E6oK1Mp+fUA+X1a9Y="></latexit><latexit sha1_base64="kmhTLjWzP2E6oK1Mp+fUA+X1a9Y="></latexit>

Encoder: variational distribution *+(,|-)
Decoder: likelihood ./(-|,)

Slides Credit: Shakir Mohamed (DeepMind)
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Variational EM

Alternative optimization for the variational parameters and then model parameters 
(VEM). 

max
�,✓

F(y, q�) = Eq�(z) [log p✓(y|z)]�KL [q�(z)||p(z)]
<latexit sha1_base64="4jJBaOt8nXAjp4Vja3Bgrq0HC+c="></latexit><latexit sha1_base64="4jJBaOt8nXAjp4Vja3Bgrq0HC+c="></latexit><latexit sha1_base64="4jJBaOt8nXAjp4Vja3Bgrq0HC+c="></latexit><latexit sha1_base64="4jJBaOt8nXAjp4Vja3Bgrq0HC+c="></latexit>

Repeat:
E-Step:         (inference)

For i=1,…,N

M-Step:        (Parameter Learning)

✓ / 1

N

X

n

Eq�(z) [r✓ log p✓(yn|zn)]
<latexit sha1_base64="4p64iZTeyIxmrboFevxyiv/O+rI="></latexit><latexit sha1_base64="4p64iZTeyIxmrboFevxyiv/O+rI="></latexit><latexit sha1_base64="4p64iZTeyIxmrboFevxyiv/O+rI="></latexit><latexit sha1_base64="4p64iZTeyIxmrboFevxyiv/O+rI="></latexit>

Slides Credit: Shakir Mohamed (DeepMind)

How to compute these?

We know how to estimate
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Monte Carlo Gradient Approximation

White board: How to compute 

r�Eq�(z) [f(z)]
<latexit sha1_base64="HXKoPZ2tAb9pi3Fv/4V8057JRjk="></latexit><latexit sha1_base64="HXKoPZ2tAb9pi3Fv/4V8057JRjk="></latexit><latexit sha1_base64="HXKoPZ2tAb9pi3Fv/4V8057JRjk="></latexit><latexit sha1_base64="HXKoPZ2tAb9pi3Fv/4V8057JRjk="></latexit>

Eq�(z) [f(z)r� log q�(z)]
<latexit sha1_base64="XfgChuOLNgb+7/uxP0UsCais8SE="></latexit><latexit sha1_base64="XfgChuOLNgb+7/uxP0UsCais8SE="></latexit><latexit sha1_base64="XfgChuOLNgb+7/uxP0UsCais8SE="></latexit><latexit sha1_base64="XfgChuOLNgb+7/uxP0UsCais8SE="></latexit>
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Controlling the Variance

A.C. Miller et al., “Reducing Reparameterization Gradient Variance,” https://arxiv.org/pdf/1705.07880.pdfThe general idea:

Control variates: Control variates are random quantities that are used to reduce the variance of a statistical 
estimator without introducing any bias by injecting information into the estimator. Let’s say you want to 
estimate ! "g = %, the idea is to use another random variable &' with known mean () that is correlated with *+

No bias was introduced



28

Controlling the Variance

A.C. Miller et al., “Reducing Reparameterization Gradient Variance,” https://arxiv.org/pdf/1705.07880.pdf
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On scalability of Variational EM

max
�,✓

F(y, q�) = Eq�(z) [log p✓(y|z)]�KL [q�(z)||p(z)]
<latexit sha1_base64="4jJBaOt8nXAjp4Vja3Bgrq0HC+c="></latexit><latexit sha1_base64="4jJBaOt8nXAjp4Vja3Bgrq0HC+c="></latexit><latexit sha1_base64="4jJBaOt8nXAjp4Vja3Bgrq0HC+c="></latexit><latexit sha1_base64="4jJBaOt8nXAjp4Vja3Bgrq0HC+c="></latexit>

Repeat:
E-Step:         (inference)

For i=1,…,N

M-Step:        (Parameter Learning)

✓ / 1

N

X

n

Eq�(z) [r✓ log p✓(yn|zn)]
<latexit sha1_base64="4p64iZTeyIxmrboFevxyiv/O+rI="></latexit><latexit sha1_base64="4p64iZTeyIxmrboFevxyiv/O+rI="></latexit><latexit sha1_base64="4p64iZTeyIxmrboFevxyiv/O+rI="></latexit><latexit sha1_base64="4p64iZTeyIxmrboFevxyiv/O+rI="></latexit>

Slides Credit: Shakir Mohamed (DeepMind)
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max
�,✓

F(y, q�) = Eq�(z) [log p✓(y|z)]�KL [q�(z)||p(z)]
<latexit sha1_base64="4jJBaOt8nXAjp4Vja3Bgrq0HC+c="></latexit><latexit sha1_base64="4jJBaOt8nXAjp4Vja3Bgrq0HC+c="></latexit><latexit sha1_base64="4jJBaOt8nXAjp4Vja3Bgrq0HC+c="></latexit><latexit sha1_base64="4jJBaOt8nXAjp4Vja3Bgrq0HC+c="></latexit>

Repeat:
E-Step:         (inference)

For i=1,…,N

M-Step:        (Parameter Learning)

✓ / 1

N

X

n

Eq�(z) [r✓ log p✓(yn|zn)]
<latexit sha1_base64="4p64iZTeyIxmrboFevxyiv/O+rI="></latexit><latexit sha1_base64="4p64iZTeyIxmrboFevxyiv/O+rI="></latexit><latexit sha1_base64="4p64iZTeyIxmrboFevxyiv/O+rI="></latexit><latexit sha1_base64="4p64iZTeyIxmrboFevxyiv/O+rI="></latexit>

Slides Credit: Shakir Mohamed (DeepMind)

N is a mini-batch - sampled 
with replacement from the 

full data set or received 
online. 

Scalable - only need to 
operate on a small batch at 
a time. Can operate on 
large data sets. 

On scalability of Variational EM
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Parallelization

Slides Credit: Suvrit Sra (http://suvrit.de/talks/vr_nips16_sra.pdf)
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Parallelization

Slides Credit: Suvrit Sra (http://suvrit.de/talks/vr_nips16_sra.pdf)
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Note on Implementation 

• Stochastic gradient descent and 
other preconditioned optimization. 

• Probabilistic models are modular, 
can easily be combined. 

• Same code can run on both GPUs 
or on distributed clusters. 

Slides Credit: Shakir Mohamed (DeepMind)
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Summary
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Advantages and Disadvantages of VI

Disadvantages: 
• An approximate posterior only - not always 
• Difficulty in optimisation — can get stuck in 

guaranteed to find exact posterior in the limit. 
local minima. 

• Typically under-estimates the variance of the 
posterior and can bias maximum likelihood 
parameter estimates. 
• Limited theory and guarantees for variational

methods. 

Advantages: 
• Applicable to almost all probabilistic models: 

non-linear, non-conjugate, high-dimensional, 
directed and undirected. 

• Can be faster to converge than competing 
methods.

• Easy convergence assessment. 
• Numerically stable. 
• Can be used on modern computing 

architectures (CPUs and GPUs).
• Principled and scalable approach for model 

selection. 
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Mean field vs LBP

• LBP minimizes the Bethe energy while MF maximizes the ELBO.
• LBP is exact for trees whereas MF is not, suggesting LBP will in general.
• LBP optimizes over node and edge marginals, whereas naïve MF only optimizes 

over node marginals, again suggesting LBP will be more accurate. 
• MF objective has many more local optima than the LBP objective, so optimizing 

the MF objective seems to be harder. 
• MF tends to be more overconfident than BP 
• The advantage of MF is that it gives a lower bound on the partition function while 

for LBP we don’t know the relationship.  
• MF is easier to extend to other distributions besides discrete and Gaussian. 


