
Automated Scalable 
Bayesian Inference via 

Data Summarization
ITT Career Development 

Assistant Professor, 
MIT

Tamara Broderick

With: Trevor Campbell, Jonathan H. Huggins



“Core” of the data set

1



• Observe: redundancies can exist even if data isn’t “tall”
“Core” of the data set

1



Fo
otb

all

Curl
ing

• Observe: redundancies can exist even if data isn’t “tall”
“Core” of the data set

1



• Observe: redundancies can exist even if data isn’t “tall”

Fo
otb

all

Curl
ing

“Core” of the data set

1



Fo
otb

all

Curl
ing

• Observe: redundancies can exist even if data isn’t “tall”
“Core” of the data set

1



Fo
otb

all

Curl
ing

[Bădoiu, Har-Peled, Indyk 2002; Agarwal et al 2005; Feldman & Langberg 2011]

• Observe: redundancies can exist even if data isn’t “tall” 
• Coresets: pre-process data to get a smaller, weighted 

data set

“Core” of the data set

1



Fo
otb

all

Curl
ing

• Theoretical guarantees on quality

[Bădoiu, Har-Peled, Indyk 2002; Agarwal et al 2005; Feldman & Langberg 2011]

• Observe: redundancies can exist even if data isn’t “tall” 
• Coresets: pre-process data to get a smaller, weighted 

data set

“Core” of the data set

1



Fo
otb

all

Curl
ing

• Theoretical guarantees on quality 
• How to develop coresets for diverse tasks/geometries?

• Observe: redundancies can exist even if data isn’t “tall” 
• Coresets: pre-process data to get a smaller, weighted 

data set

[Bădoiu, Har-Peled, Indyk 2002; Agarwal et al 2005; Feldman & Langberg 2011;  
Huggins, Campbell, Broderick 2016; Campbell, Broderick 2017; Campbell, Broderick 2018]

“Core” of the data set

1



Fo
otb

all

Curl
ing

• Theoretical guarantees on quality 
• How to develop coresets for diverse tasks/geometries? 
• Previous heuristics: data squashing, big data GPs

• Observe: redundancies can exist even if data isn’t “tall” 
• Coresets: pre-process data to get a smaller, weighted 

data set

[Bădoiu, Har-Peled, Indyk 2002; Agarwal et al 2005; Feldman & Langberg 2011; DuMouchel et al 1999; Madigan 
et al 2002; Huggins, Campbell, Broderick 2016; Campbell, Broderick 2017; Campbell, Broderick 2018]

“Core” of the data set

1



Fo
otb

all

Curl
ing

• Theoretical guarantees on quality 
• How to develop coresets for diverse tasks/geometries? 
• Previous heuristics: data squashing, big data GPs 
• Cf. subsampling

• Observe: redundancies can exist even if data isn’t “tall” 
• Coresets: pre-process data to get a smaller, weighted 

data set

[Bădoiu, Har-Peled, Indyk 2002; Agarwal et al 2005; Feldman & Langberg 2011; DuMouchel et al 1999; Madigan 
et al 2002; Huggins, Campbell, Broderick 2016; Campbell, Broderick 2017; Campbell, Broderick 2018]

“Core” of the data set

1



• Theoretical guarantees on quality 
• How to develop coresets for diverse tasks/geometries? 
• Previous heuristics: data squashing, big data GPs 
• Cf. subsampling

• Observe: redundancies can exist even if data isn’t “tall” 
• Coresets: pre-process data to get a smaller, weighted 

data set

[Bădoiu, Har-Peled, Indyk 2002; Agarwal et al 2005; Feldman & Langberg 2011; DuMouchel et al 1999; Madigan 
et al 2002; Huggins, Campbell, Broderick 2016; Campbell, Broderick 2017; Campbell, Broderick 2018]

“Core” of the data set

1

Fo
otb

all

Curl
ing



Fo
otb

all

Curl
ing

• Theoretical guarantees on quality 
• How to develop coresets for diverse tasks/geometries? 
• Previous heuristics: data squashing, big data GPs 
• Cf. subsampling

• Observe: redundancies can exist even if data isn’t “tall” 
• Coresets: pre-process data to get a smaller, weighted 

data set

[Bădoiu, Har-Peled, Indyk 2002; Agarwal et al 2005; Feldman & Langberg 2011; DuMouchel et al 1999; Madigan 
et al 2002; Huggins, Campbell, Broderick 2016; Campbell, Broderick 2017; Campbell, Broderick 2018]

“Core” of the data set

1



Roadmap

• The “core” of the data set



Roadmap

• The “core” of the data set 
• Approximate Bayes review 
• Uniform data subsampling isn’t enough 
• Importance sampling for “coresets” 
• Optimization for “coresets” 
• Approximate sufficient statistics



Roadmap

• The “core” of the data set 
• Approximate Bayes review 
• Uniform data subsampling isn’t enough 
• Importance sampling for “coresets” 
• Optimization for “coresets” 
• Approximate sufficient statistics



Bayesian inference

2



Bayesian inference

[Gillon et al 2017]

[Grimm et al 2018]

2



Bayesian inference

[Gillon et al 2017]

[Grimm et al 2018]
[Abbott et al 2016a,b]

[ESO/ 
L. Calçada/ 
M. Kornmesser 
2017]

2



Bayesian inference

[Gillon et al 2017]

[Grimm et al 2018]

[Stone et al 2014][Abbott et al 2016a,b]

[ESO/ 
L. Calçada/ 
M. Kornmesser 
2017]

2



Bayesian inference

[Gillon et al 2017]

[Grimm et al 2018]

[Stone et al 2014]

[Woodard 
et al 2017]

[Abbott et al 2016a,b]

[ESO/ 
L. Calçada/ 
M. Kornmesser 
2017]

2



Bayesian inference

[Gillon et al 2017]

[Grimm et al 2018]

[Stone et al 2014]

[Woodard 
et al 2017]

[Abbott et al 2016a,b]

[ESO/ 
L. Calçada/ 
M. Kornmesser 
2017]

[amcharts.com 2016][Meager 2018a,b]

2



Bayesian inference

[Julian Hertzog 2016]
[Chati, Balakrishnan 

2017]

[Gillon et al 2017]

[Grimm et al 2018]

[Stone et al 2014]

[Woodard 
et al 2017]

[Abbott et al 2016a,b]

[ESO/ 
L. Calçada/ 
M. Kornmesser 
2017]

[amcharts.com 2016][Meager 2018a,b]

2



Bayesian inference

[Julian Hertzog 2016]
[Chati, Balakrishnan 

2017]

[Gillon et al 2017]

[Grimm et al 2018]

[Stone et al 2014]

[Baltic Salmon Fund]
[Kuikka et al 2014]

[Woodard 
et al 2017]

[Abbott et al 2016a,b]

[ESO/ 
L. Calçada/ 
M. Kornmesser 
2017]

[amcharts.com 2016][Meager 2018a,b]

2



Bayesian inference

[Julian Hertzog 2016]

• Goals: good estimates, uncertainties; interpretable; 
complex; expert information

[Chati, Balakrishnan 
2017]

[Gillon et al 2017]

[Grimm et al 2018]

[Stone et al 2014]

[Baltic Salmon Fund]
[Kuikka et al 2014]

[Woodard 
et al 2017]

[Abbott et al 2016a,b]

[ESO/ 
L. Calçada/ 
M. Kornmesser 
2017]

[amcharts.com 2016][Meager 2018a,b]

2



Bayesian inference

[Julian Hertzog 2016]

• Goals: good estimates, uncertainties; interpretable; 
complex; expert information

[Chati, Balakrishnan 
2017]

[Gillon et al 2017]

[Grimm et al 2018]

[Stone et al 2014]

[Baltic Salmon Fund]
[Kuikka et al 2014]

[mc-stan.org]

[Woodard 
et al 2017]

[Abbott et al 2016a,b]

[ESO/ 
L. Calçada/ 
M. Kornmesser 
2017]

[amcharts.com 2016][Meager 2018a,b]

2



Bayesian inference

[Julian Hertzog 2016]

• Goals: good estimates, uncertainties; interpretable; 
complex; expert information

[Chati, Balakrishnan 
2017]

[Gillon et al 2017]

[Grimm et al 2018]

[Stone et al 2014]

[Baltic Salmon Fund]
[Kuikka et al 2014]

[mc-stan.org]

[Woodard 
et al 2017]

[Abbott et al 2016a,b]

[ESO/ 
L. Calçada/ 
M. Kornmesser 
2017]

[amcharts.com 2016][Meager 2018a,b]

• Challenge: existing methods can be slow, tedious, unreliable

2



• Challenge: existing methods can be slow, tedious, unreliable 
• Our proposal: develop coresets for scalable, automated 

algorithms with error bounds for output quality

Bayesian inference

[Julian Hertzog 2016]

• Goals: good estimates, uncertainties; interpretable; 
complex; expert information

[Chati, Balakrishnan 
2017]

[Gillon et al 2017]

[Grimm et al 2018]

[Stone et al 2014]

[Baltic Salmon Fund]
[Kuikka et al 2014]

[mc-stan.org]

[Woodard 
et al 2017]

[Abbott et al 2016a,b]

[ESO/ 
L. Calçada/ 
M. Kornmesser 
2017]

[amcharts.com 2016][Meager 2018a,b]

2



Bayesian inference

3



Bayesian inference p(✓|y) /✓ p(y|✓)p(✓)

3



Bayesian inference p(✓|y) /✓ p(y|✓)p(✓)

3



Bayesian inference p(✓|y) /✓ p(y|✓)p(✓)

3



Bayesian inference p(✓|y) /✓ p(y|✓)p(✓)

(xn, yn)

3



Bayesian inference p(✓|y) /✓ p(y|✓)p(✓)
Norm

al

Ph
ish

ing

(xn, yn)

3



Bayesian inference p(✓|y) /✓ p(y|✓)p(✓)
Norm

al

Ph
ish

ing

✓

(xn, yn)

3



Bayesian inference p(✓|y) /✓ p(y|✓)p(✓)
Norm

al

Ph
ish

ing

✓

(xn, yn)

3



[Bishop 2006]

Exact 
posterior

✓1

✓2

Bayesian inference p(✓|y) /✓ p(y|✓)p(✓)
Norm

al

Ph
ish

ing

✓

(xn, yn)

3



[Bishop 2006]

Exact 
posterior

✓1

✓2

Bayesian inference

• MCMC: Eventually accurate but can be slow

p(✓|y) /✓ p(y|✓)p(✓)
Norm

al

Ph
ish

ing

✓

(xn, yn)

[Bardenet, Doucet, 
Holmes 2017]

3



[Bishop 2006]

Exact 
posterior

✓1

✓2

Bayesian inference

• MCMC: Eventually accurate but can be slow 
• (Mean-field) variational Bayes: (MF)VB

[Bardenet, Doucet, 
Holmes 2017]

p(✓|y) /✓ p(y|✓)p(✓)
Norm

al

Ph
ish

ing

✓

(xn, yn)

3



[Bishop 2006]

Exact 
posterior

✓1

✓2

Bayesian inference

• MCMC: Eventually accurate but can be slow 
• (Mean-field) variational Bayes: (MF)VB 

• Fast

p(✓|y) /✓ p(y|✓)p(✓)
Norm

al

Ph
ish

ing

✓

(xn, yn)

[Bardenet, Doucet, 
Holmes 2017]

3



[Bishop 2006]

Exact 
posterior

✓1

✓2

Bayesian inference

• MCMC: Eventually accurate but can be slow 
• (Mean-field) variational Bayes: (MF)VB 

• Fast, streaming, distributed [Broderick, Boyd, Wibisono, 
Wilson, Jordan 2013]

p(✓|y) /✓ p(y|✓)p(✓)
Norm

al

Ph
ish

ing

✓

(xn, yn)

[Bardenet, Doucet, 
Holmes 2017]

3



[Bishop 2006]

Exact 
posterior

✓1

✓2

Bayesian inference

• MCMC: Eventually accurate but can be slow 
• (Mean-field) variational Bayes: (MF)VB 

• Fast, streaming, distributed                             
(3.6M Wikipedia, 32 cores, ~hour)

[Broderick, Boyd, Wibisono, 
Wilson, Jordan 2013]

p(✓|y) /✓ p(y|✓)p(✓)
Norm

al

Ph
ish

ing

✓

(xn, yn)

[Bardenet, Doucet, 
Holmes 2017]

3



[Bishop 2006]

Exact 
posterior

✓1

✓2

Bayesian inference

• MCMC: Eventually accurate but can be slow 
• (Mean-field) variational Bayes: (MF)VB 

• Fast, streaming, distributed                             
(3.6M Wikipedia, 32 cores, ~hour) 

• Misestimation & lack of quality guarantees

[Broderick, Boyd, Wibisono, 
Wilson, Jordan 2013]

p(✓|y) /✓ p(y|✓)p(✓)
Norm

al

Ph
ish

ing

✓

(xn, yn)

[Bardenet, Doucet, 
Holmes 2017]

3

[MacKay 2003; Bishop 2006; Wang, Titterington 2004; Turner, Sahani 2011; Fosdick 2013; Dunson 2014; 
Bardenet, Doucet, Holmes 2017; Opper, Winther 2003; Giordano, Broderick, Jordan 2015, 2017; 

Huggins, Campbell, Kasprzak, Broderick 2018]



p(✓|x)

q⇤(✓)

[Bishop 2006]

Exact 
posterior

MFVB

✓1

✓2

Bayesian inference

• MCMC: Eventually accurate but can be slow 
• (Mean-field) variational Bayes: (MF)VB 

• Fast, streaming, distributed                             
(3.6M Wikipedia, 32 cores, ~hour) 

• Misestimation & lack of quality guarantees

[Broderick, Boyd, Wibisono, 
Wilson, Jordan 2013]

p(✓|y) /✓ p(y|✓)p(✓)
Norm

al

Ph
ish

ing

✓

(xn, yn)

[Bardenet, Doucet, 
Holmes 2017]

3

[MacKay 2003; Bishop 2006; Wang, Titterington 2004; Turner, Sahani 2011; Fosdick 2013; Dunson 2014; 
Bardenet, Doucet, Holmes 2017; Opper, Winther 2003; Giordano, Broderick, Jordan 2015, 2017; 

Huggins, Campbell, Kasprzak, Broderick 2018]



Bayesian inference

[Broderick, Boyd, Wibisono, 
Wilson, Jordan 2013]

[MacKay 2003; Bishop 2006; Wang, Titterington 2004; Turner, Sahani 2011; Fosdick 2013; Dunson 2014; 
Bardenet, Doucet, Holmes 2017; Opper, Winther 2003; Giordano, Broderick, Jordan 2015, 2017; 

Huggins, Campbell, Kasprzak, Broderick 2018]

p(✓|y) /✓ p(y|✓)p(✓)
Norm

al

Ph
ish

ing

✓

(xn, yn)

• Automation: e.g. Stan, NUTS, ADVI
[http://mc-stan.org/ ; Hoffman, Gelman 2014; Kucukelbir, Tran, Ranganath, Gelman, Blei 2017]

p(✓|x)

q⇤(✓)

[Bishop 2006]

Exact 
posterior

MFVB

✓1

✓2

• MCMC: Eventually accurate but can be slow 
• (Mean-field) variational Bayes: (MF)VB 

• Fast, streaming, distributed                             
(3.6M Wikipedia, 32 cores, ~hour) 

• Misestimation & lack of quality guarantees

[Bardenet, Doucet, 
Holmes 2017]

3



p(✓|y) /✓ p(y|✓)p(✓)• Posterior 

Bayesian coresets
Norm

al

Ph
ish

ing

4



p(✓|y) /✓ p(y|✓)p(✓)• Posterior 

• Log likelihood  Ln(✓) := log p(yn|✓) L(✓) :=
NX

n=1

Ln(✓),

Bayesian coresets
Norm

al

Ph
ish

ing

4



p(✓|y) /✓ p(y|✓)p(✓)• Posterior 

• Log likelihood  Ln(✓) := log p(yn|✓) L(✓) :=
NX

n=1

Ln(✓),

• Coreset log likelihood

Bayesian coresets
Norm

al

Ph
ish

ing

4



p(✓|y) /✓ p(y|✓)p(✓)• Posterior 

• Log likelihood  Ln(✓) := log p(yn|✓) L(✓) :=
NX

n=1

Ln(✓),

• Coreset log likelihood
kwk0 ⌧ N

Bayesian coresets
Norm

al

Ph
ish

ing

4



p(✓|y) /✓ p(y|✓)p(✓)• Posterior 

• Log likelihood  Ln(✓) := log p(yn|✓) L(✓) :=
NX

n=1

Ln(✓),

• Coreset log likelihood L(w, ✓) :=
NX

n=1

wnLn(✓)

kwk0 ⌧ N
s.t.

Bayesian coresets
Norm

al

Ph
ish

ing

4



p(✓|y) /✓ p(y|✓)p(✓)• Posterior 

• Log likelihood  Ln(✓) := log p(yn|✓) L(✓) :=
NX

n=1

Ln(✓),

• Coreset log likelihood L(w, ✓) :=
NX

n=1

wnLn(✓)

kwk0 ⌧ N
s.t.

Bayesian coresets
Norm

al

Ph
ish

ing L
L(w)

4



p(✓|y) /✓ p(y|✓)p(✓)• Posterior 

• Log likelihood  Ln(✓) := log p(yn|✓) L(✓) :=
NX

n=1

Ln(✓),

• Coreset log likelihood L(w, ✓) :=
NX

n=1

wnLn(✓)

kwk0 ⌧ N
s.t.

• ε-coreset: kL(w)� Lk  ✏

Bayesian coresets
Norm

al

Ph
ish

ing L
L(w)

4



• ε-coreset: 
• Bound on Wasserstein distance to exact posterior ➔ 

bound on posterior mean/uncertainty estimate quality

p(✓|y) /✓ p(y|✓)p(✓)• Posterior 

• Log likelihood  Ln(✓) := log p(yn|✓) L(✓) :=
NX

n=1

Ln(✓),

• Coreset log likelihood L(w, ✓) :=
NX

n=1

wnLn(✓)

kwk0 ⌧ N
s.t.

kL(w)� Lk  ✏

Norm
al

Ph
ish

ing

Bayesian coresets

L
L(w)

4 [Huggins, Campbell, Kasprzak, Broderick 2018]



Roadmap

• The “core” of the data set  
• Approximate Bayes review 
• Uniform data subsampling isn’t enough 
• Importance sampling for “coresets” 
• Optimization for “coresets” 
• Approximate sufficient statistics



Roadmap

• The “core” of the data set  
• Approximate Bayes review 
• Uniform data subsampling isn’t enough 
• Importance sampling for “coresets” 
• Optimization for “coresets” 
• Approximate sufficient statistics



Uniform subsampling revisited
Norm

al

Ph
ish

ing

5



Uniform subsampling revisited
Norm

al

Ph
ish

ing

5



Uniform subsampling revisited
Norm

al

Ph
ish

ing

5



Uniform subsampling revisited
Norm

al

Ph
ish

ing • Might miss important data

5



Uniform subsampling revisited
Norm

al

Ph
ish

ing • Might miss important data

5



Uniform subsampling revisited
Norm

al

Ph
ish

ing • Might miss important data

5



Uniform subsampling revisited
Norm

al

Ph
ish

ing • Might miss important data

5



Uniform subsampling revisited
Norm

al

Ph
ish

ing • Might miss important data

5



Uniform subsampling revisited
Norm

al

Ph
ish

ing • Might miss important data

5



Uniform subsampling revisited
Norm

al

Ph
ish

ing • Might miss important data

5



Uniform subsampling revisited
Norm

al

Ph
ish

ing • Might miss important data

5



Uniform subsampling revisited
Norm

al

Ph
ish

ing • Might miss important data

5



Uniform subsampling revisited
Norm

al

Ph
ish

ing • Might miss important data

5



Uniform subsampling revisited
Norm

al

Ph
ish

ing • Might miss important data 
• Noisy estimates

5



Uniform subsampling revisited

• Might miss important data 
• Noisy estimates

M = 10 M = 100 M = 1000

Norm
al

Ph
ish

ing

5



Uniform subsampling revisited

• Might miss important data 
• Noisy estimates

M = 10 M = 100 M = 1000

Norm
al

Ph
ish

ing

5



Roadmap

• The “core” of the data set  
• Approximate Bayes review 
• Uniform data subsampling isn’t enough 
• Importance sampling for “coresets” 
• Optimization for “coresets” 
• Approximate sufficient statistics



Roadmap

• The “core” of the data set  
• Approximate Bayes review 
• Uniform data subsampling isn’t enough 
• Importance sampling for “coresets” 
• Optimization for “coresets” 
• Approximate sufficient statistics



Importance sampling
Norm

al

Ph
ish

ing

6



Importance sampling
Norm

al

Ph
ish

ing

6



Importance sampling
Norm

al

Ph
ish

ing

6



Importance sampling
Norm

al

Ph
ish

ing

6



Importance sampling
Norm

al

Ph
ish

ing

6



Importance sampling
Norm

al

Ph
ish

ing

6



Importance sampling
Norm

al

Ph
ish

ing

6



Importance sampling
Norm

al

Ph
ish

ing

6



Importance sampling
Norm

al

Ph
ish

ing

6



Importance sampling
Norm

al

Ph
ish

ing

6



Importance sampling
Norm

al

Ph
ish

ing

�n / kLnk

6



Importance sampling
Norm

al

Ph
ish

ing � :=
NX

n=1

kLnk

�n := kLnk/�

6



Importance sampling
Norm

al

Ph
ish

ing � :=
NX

n=1

kLnk

�n := kLnk/�

1. data 2. importance 
weights

3. importance 
sample

4. invert 
weights

6



Importance sampling
Norm

al

Ph
ish

ing � :=
NX

n=1

kLnk

�n := kLnk/�

1. data 2. importance 
weights

3. importance 
sample

4. invert 
weights

6



Importance sampling
Norm

al

Ph
ish

ing � :=
NX

n=1

kLnk

�n := kLnk/�

1. data 2. importance 
weights

3. importance 
sample

4. invert 
weights

6



Importance sampling
Norm

al

Ph
ish

ing � :=
NX

n=1

kLnk

�n := kLnk/�

1. data 2. importance 
weights

3. importance 
sample

4. invert 
weights

6



Importance sampling
Thm sketch (CB). δ ∈ (0,1). W.p. ≥1 - δ, after M 
iterations, 

kL(w)� Lk  �⌘̄p
M

 
1 +

r
2 log

1

�

!

7



Importance sampling

• Still noisy estimates

M = 10 M = 100 M = 1000

Thm sketch (CB). δ ∈ (0,1). W.p. ≥1 - δ, after M 
iterations, 

kL(w)� Lk  �⌘̄p
M

 
1 +

r
2 log

1

�

!

7



Importance sampling

• Still noisy estimates

M = 10 M = 100 M = 1000

Thm sketch (CB). δ ∈ (0,1). W.p. ≥1 - δ, after M 
iterations, 

kL(w)� Lk  �⌘̄p
M

 
1 +

r
2 log

1

�

!

7



Hilbert coresets
min
w2RN

kL(w)� Lk2

s.t. w � 0, kwk0  M

• Want a good coreset:

8



Hilbert coresets
min
w2RN

kL(w)� Lk2

s.t. w � 0, kwk0  M

• Want a good coreset:

yn

exp(Ln(✓))

exp(L(✓))

8



Hilbert coresets

Ln

L

min
w2RN

kL(w)� Lk2

s.t. w � 0, kwk0  M

• Want a good coreset:

yn

exp(Ln(✓))

exp(L(✓))

8



Hilbert coresets

• need to consider (residual) error direction

Ln

L

min
w2RN

kL(w)� Lk2

s.t. w � 0, kwk0  M

• Want a good coreset:

yn

exp(Ln(✓))

exp(L(✓))

8



Hilbert coresets

• need to consider (residual) error direction 
• sparse optimization

Ln

L

min
w2RN

kL(w)� Lk2

s.t. w � 0, kwk0  M

• Want a good coreset:

yn

exp(Ln(✓))

exp(L(✓))

8



Roadmap

• The “core” of the data set  
• Approximate Bayes review 
• Uniform data subsampling isn’t enough 
• Importance sampling for “coresets” 
• Optimization for “coresets” 
• Approximate sufficient statistics



Roadmap

• The “core” of the data set  
• Approximate Bayes review 
• Uniform data subsampling isn’t enough 
• Importance sampling for “coresets” 
• Optimization for “coresets” 
• Approximate sufficient statistics



Frank-Wolfe
Convex optimization on a polytope D

[Jaggi 2013]

9



Frank-Wolfe
Convex optimization on a polytope D 
• Repeat: 

1. Find gradient 
2. Find argmin point on plane in D 
3. Do line search between current 

point and argmin point [Jaggi 2013]

9



Frank-Wolfe
Convex optimization on a polytope D 
• Repeat: 

1. Find gradient 
2. Find argmin point on plane in D 
3. Do line search between current 

point and argmin point [Jaggi 2013]

• Convex combination of M vertices after M -1 steps

9



Frank-Wolfe
Convex optimization on a polytope D 
• Repeat: 

1. Find gradient 
2. Find argmin point on plane in D 
3. Do line search between current 

point and argmin point [Jaggi 2013]

• Convex combination of M vertices after M -1 steps
min
w2RN

kL(w)� Lk2• Our problem:

9



Frank-Wolfe
Convex optimization on a polytope D 
• Repeat: 

1. Find gradient 
2. Find argmin point on plane in D 
3. Do line search between current 

point and argmin point [Jaggi 2013]

• Convex combination of M vertices after M -1 steps
min
w2RN

kL(w)� Lk2• Our problem:

9



Frank-Wolfe
Convex optimization on a polytope D 
• Repeat: 

1. Find gradient 
2. Find argmin point on plane in D 
3. Do line search between current 

point and argmin point [Jaggi 2013]

• Convex combination of M vertices after M -1 steps
min
w2RN

kL(w)� Lk2

s.t. w � 0, kwk0  M

• Our problem:

9



Frank-Wolfe
Convex optimization on a polytope D 
• Repeat: 

1. Find gradient 
2. Find argmin point on plane in D 
3. Do line search between current 

point and argmin point [Jaggi 2013]

• Convex combination of M vertices after M -1 steps
min
w2RN

kL(w)� Lk2• Our problem:

�N�1 :=

(
w 2 RN :

NX

n=1

�nwn = �, w � 0

)

9



Frank-Wolfe
Convex optimization on a polytope D 
• Repeat: 

1. Find gradient 
2. Find argmin point on plane in D 
3. Do line search between current 

point and argmin point [Jaggi 2013]

• Convex combination of M vertices after M -1 steps
min
w2RN

kL(w)� Lk2• Our problem:

�N�1 :=

(
w 2 RN :

NX

n=1

�nwn = �, w � 0

)

Thm sketch (CB). After M iterations, 
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Poisson regression (simulated)
• 10K pts; general inference
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Sufficient statistics

• Scalable, single-pass, streaming, distributed, 
complementary to MCMC 

• But: Often no simple sufficient statistics 
• E.g. Bayesian logistic regression; GLMs; “deeper” models

• Our proposal: (polynomial) approximate sufficient statistics
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[Huggins, Adams, Broderick 2017]

Data summarization

• 6M data points, 1000 
features 

• Streaming, distributed; 
minimal communication 

• 22 cores, 16 sec 
• Finite-data guarantees on 

Wasserstein distance to 
exact posterior16
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finite data 
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