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Feed-forward models vs. energy-based models

• Energy-based models
o Cons: energy functions may be hard to formulate/train
o Cons: inference may require dynamic programming or gradient descent
o Pros: can better capture x-y dependencies; for example, multiple y’s can be compatible with a single x
o Pros: can inject expert knowledge to energy function; can produce parsimonious formulation => better 

generalization and better low-resource performance

• Feed-forward model at inference time
• y = f(x) where f  could be any function 

(e.g., a complicated neural network)
• Energy-based model at inference time

y = argminy’ E(x, y’)

• Feed-forward model at training time
• One possibility: min L(f(x), ygold) w.r.t.
f  ’s params

• Energy-based model at training time
• Goal: train E’s params; more complicated
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Two classes of  learning methods for energy-
based models
• Contrastive: push down on E(xi, yi); push up on other points E(xi, y’)
• Examples: contrastive divergence, metric learning, noise contrastive estimation, 

generative adversarial networks, denoising auto-encoder, masked auto-encoder

• Architectural methods: build E(x, y) such that the volume of  the low 
energy regions is limited or minimized through regularization
• Examples: sparse coding, sparse auto-encoder, variational auto-encoders (VAEs), 

etc.

• Today: contrastive methods

4based on Yann LeCun’s slides
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Inference networks (InfNets)
• Exact inference

• Gradient descent for inference

• Inference network for inference
• InfNet (can be a neural network):

• Inference time: 

• The question is, how do we train the InfNet?

A : X ! YR

<latexit sha1_base64="pA14IBGmL4pjnvigDVoAyMEK19Q=">AAACDnicbVDLSsNAFJ3UV62vqEs3g6XgqiSiKC6k4sZlFfuQJoTJdNIOnUzCzEQoIV/gxl9x40IRt67d+TdO2oDaemDgzDn3cu89fsyoVJb1ZZQWFpeWV8qrlbX1jc0tc3unLaNEYNLCEYtE10eSMMpJS1HFSDcWBIU+Ix1/dJn7nXsiJI34rRrHxA3RgNOAYqS05Jm1C89pSnoGnRCpIUYs7WbQUdHP/y7zbjyzatWtCeA8sQtSBQWanvnp9COchIQrzJCUPduKlZsioShmJKs4iSQxwiM0ID1NOQqJdNPJORmsaaUPg0joxxWcqL87UhRKOQ59XZkvKWe9XPzP6yUqOHVTyuNEEY6ng4KEQX1ung3sU0GwYmNNEBZU7wrxEAmElU6wokOwZ0+eJ+3Dun1UP74+qjbOizjKYA/sgwNggxPQAFegCVoAgwfwBF7Aq/FoPBtvxvu0tGQUPbvgD4yPb6e5m+A=</latexit>

A (x) ⇡ argminy2YR(x)E⇥(x,y)

<latexit sha1_base64="A4cfPzaHkAIwVSquaqSxqS4Izb0="></latexit>

GD(x) = argminy2YR(x)E⇥(x,y)

<latexit sha1_base64="sZYhaOVvC8uB6Z5AHkCtWQctOa0="></latexit>

ŷ = argminy2Y(x)E⇥(x,y)

<latexit sha1_base64="Gr5wizSxEdbgliN8hfdzCQnwnZc="></latexit>
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Aside

original “hard” space 
- use 1 to represent V
- use 2 to represent D, etc.

“relaxed” space
- use a distribution to represent V
- e.g., (0, 1, 0, 0, 0, 0)
- or, (0.1, 0.8, 0.05, 0.05, 0, 0.1))

credit: Lifu Tu and Kevin Gimpel7
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<latexit sha1_base64="A4cfPzaHkAIwVSquaqSxqS4Izb0="></latexit>
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<latexit sha1_base64="sZYhaOVvC8uB6Z5AHkCtWQctOa0="></latexit>
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<latexit sha1_base64="Gr5wizSxEdbgliN8hfdzCQnwnZc="></latexit>
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Inference network: fast and accurate

slide credit: Lifu Tu and Kevin Gimpel9



Energy-based models
Inference networks
à Structured prediction energy networks

? = argminy’ E(x, y’)
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Structured prediction energy networks (SPENs)
• Original SPEN (Belanger and McCallum, 2016)

• Training:

• Inference:

min
⇥

X

hxi,yii2D


max

y2YR(x)
(�(y,yi)� E⇥(xi,y) + E⇥(xi,yi))

�

+

<latexit sha1_base64="ZRxKLZtJGfANN7qC+71GrVVGnN8="></latexit>

GD(x) = argminy2YR(x)E⇥(x,y)

<latexit sha1_base64="sZYhaOVvC8uB6Z5AHkCtWQctOa0="></latexit>
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Structured prediction energy networks (SPENs)
• Original SPEN (Belanger and McCallum, 2016)
• Training:

min
⇥

X

hxi,yii2D


max

y2YR(x)
(�(y,yi)� E⇥(xi,y) + E⇥(xi,yi))

�

+

<latexit sha1_base64="ZRxKLZtJGfANN7qC+71GrVVGnN8="></latexit>

• Approximate inference version
• Training:

min
⇥

max
�

X

hxi,yii2D

[(�(A�(xi),yi)� E⇥(xi, A�(xi)) + E⇥(xi,yi))]+

<latexit sha1_base64="efGL7fVJyseny/E5KXJIAAcVbR0="></latexit>
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Joint training of  SPEN and InfNet
• Training:

• Inference:
A (x) ⇡ argminy2YR(x)E⇥(x,y)

<latexit sha1_base64="A4cfPzaHkAIwVSquaqSxqS4Izb0="></latexit>

min
⇥

max
�

X

hxi,yii2D

[(�(A�(xi),yi)� E⇥(xi, A�(xi)) + E⇥(xi,yi))]+

<latexit sha1_base64="efGL7fVJyseny/E5KXJIAAcVbR0="></latexit>

cost-augmented InfNet

test-time InfNet

A (x) ⇡ argminy2YR(x)E⇥(x,y)

<latexit sha1_base64="A4cfPzaHkAIwVSquaqSxqS4Izb0="></latexit>

Recall that InfNet is designed to approximate as follows
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Joint training of  SPEN and InfNet
• Training:

min
⇥

max
�

X

hxi,yii2D

[(�(A�(xi),yi)� E⇥(xi, A�(xi)) + E⇥(xi,yi))]+

<latexit sha1_base64="efGL7fVJyseny/E5KXJIAAcVbR0="></latexit>

• Inference:

• Fine-tuning InfNet parameters:

 ̂ = argmin E⇥(x, A (x))

<latexit sha1_base64="GappiKtEj+QDH/3CZThzenp0G/M="></latexit>

 ̂ �̂

<latexit sha1_base64="oV//Udjj0jMnmZDC9lok+kPHx2k=">AAACCXicbVBNS8NAEN3Ur1q/oh69LBbBU0lE0ZMUvHisYD+gKWWz3TRLN5uwO1FKyNWLf8WLB0W8+g+8+W/cthG09cHA470ZZub5ieAaHOfLKi0tr6yuldcrG5tb2zv27l5Lx6mirEljEauOTzQTXLImcBCskyhGIl+wtj+6mvjtO6Y0j+UtjBPWi8hQ8oBTAkbq29gLCWReQ/Mce4IFQJSK73/UkOd9u+rUnCnwInELUkUFGn370xvENI2YBCqI1l3XSaCXEQWcCpZXvFSzhNARGbKuoZJETPey6Sc5PjLKAAexMiUBT9XfExmJtB5HvumMCIR63puI/3ndFIKLXsZlkgKTdLYoSAWGGE9iwQOuGAUxNoRQxc2tmIZEEQomvIoJwZ1/eZG0Tmruae3s5rRavyziKKMDdIiOkYvOUR1dowZqIooe0BN6Qa/Wo/VsvVnvs9aSVczsoz+wPr4BAkaaiA==</latexit>

A (x) ⇡ argminy2YR(x)E⇥(x,y)

<latexit sha1_base64="A4cfPzaHkAIwVSquaqSxqS4Izb0="></latexit>

<latexit sha1_base64="F6XAp84skqERZpmh4auykAkqu/c="></latexit>

argminy0(E⇥(x,y
0)��(y0,y))

<latexit sha1_base64="z8+eeLAOlWXMYN3z/TA+cK7UuDg="></latexit>

argminy0E⇥(x,y
0)

• Cost-augmented inference

• Test-time inference
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Joint training of  SPEN and (cost-augmented 
InfNet and test-time InfNet)

• Training:

• Inference:
A (x) ⇡ argminy2YR(x)E⇥(x,y)

<latexit sha1_base64="A4cfPzaHkAIwVSquaqSxqS4Izb0="></latexit>

<latexit sha1_base64="s4tR9sFwQivVh9l8B+XNE9ASu1o="></latexit>

min
⇥

max
�, 

X

hxi,yii2D

[(�(A�(xi),yi)� E⇥(xi, A�(xi)) + E⇥(xi,yi))]+ + � [�E⇥(xi, A (xi)) + E⇥(xi,yi)]+
<latexit sha1_base64="s4tR9sFwQivVh9l8B+XNE9ASu1o="></latexit>

min
⇥

max
�, 

X

hxi,yii2D

[(�(A�(xi),yi)� E⇥(xi, A�(xi)) + E⇥(xi,yi))]+ + � [�E⇥(xi, A (xi)) + E⇥(xi,yi)]+

<latexit sha1_base64="325TyxgWzrSQnDMIdkeLMmDhxeQ="></latexit>

E⇥(x,y) = �

0

@
TX

t=1

LX

j=1

yt,j(U
>
j b(x, t)) +

TX

t=1

y>
t�1Wyt

1

A

• An example energy function for sequence labeling
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• Training:

• Inference:
A (x) ⇡ argminy2YR(x)E⇥(x,y)

<latexit sha1_base64="A4cfPzaHkAIwVSquaqSxqS4Izb0="></latexit>

<latexit sha1_base64="s4tR9sFwQivVh9l8B+XNE9ASu1o="></latexit>

min
⇥

max
�, 

X

hxi,yii2D

[(�(A�(xi),yi)� E⇥(xi, A�(xi)) + E⇥(xi,yi))]+ + � [�E⇥(xi, A (xi)) + E⇥(xi,yi)]+
<latexit sha1_base64="s4tR9sFwQivVh9l8B+XNE9ASu1o="></latexit>

min
⇥

max
�, 

X

hxi,yii2D

[(�(A�(xi),yi)� E⇥(xi, A�(xi)) + E⇥(xi,yi))]+ + � [�E⇥(xi, A (xi)) + E⇥(xi,yi)]+
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Experimental setup
1. Part-of-speech (POS) tagging
2. Named entity recognition (NER) labeling
3. Constituency parsing (skip)
• Only experimented on sequence labeling

tasks. Tu and Gimpel (2018) has some multi-
label classification results.

• Note that although these are NLP 
experiments, the approach can be applied to 
structured prediction tasks in general.

Credit: examples by Prof. Kevin Gimpel 17



Our hypotheses

1. (InfNet + SPEN) > MLE
2. (Cost-augmented InfNet + test-time InfNet + SPEN) > (InfNet + SPEN)
3. Tag language models help
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Joint training of  SPEN and (cost-augmented InfNet and test-
time InfNet)
• Training:

• Inference: A (x) ⇡ argminy2YR(x)E⇥(x,y)

<latexit sha1_base64="A4cfPzaHkAIwVSquaqSxqS4Izb0="></latexit>

<latexit sha1_base64="s4tR9sFwQivVh9l8B+XNE9ASu1o="></latexit>

min
⇥

max
�, 

X

hxi,yii2D

[(�(A�(xi),yi)� E⇥(xi, A�(xi)) + E⇥(xi,yi))]+ + � [�E⇥(xi, A (xi)) + E⇥(xi,yi)]+
<latexit sha1_base64="s4tR9sFwQivVh9l8B+XNE9ASu1o="></latexit>

min
⇥

max
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X

hxi,yii2D

[(�(A�(xi),yi)� E⇥(xi, A�(xi)) + E⇥(xi,yi))]+ + � [�E⇥(xi, A (xi)) + E⇥(xi,yi)]+

<latexit sha1_base64="325TyxgWzrSQnDMIdkeLMmDhxeQ="></latexit>

E⇥(x,y) = �

0

@
TX

t=1

LX

j=1

yt,j(U
>
j b(x, t)) +

TX

t=1

y>
t�1Wyt

1

A

• An example energy function for sequence labeling

<latexit sha1_base64="gIC0D/QJF1tcYNQzB5alfkSYhB4="></latexit>

ETLM(y) = �
T+1X

t=1

log(y>
t yt)

<latexit sha1_base64="Dcqq6qrF+oST/+zGmzGu5igS/FY="></latexit>

yt = h(y0, . . . ,yt�1)
<latexit sha1_base64="KxQnCvL8apCdYwTizWOTdx/5zw8="></latexit>

yt = h(x0, . . . ,xt�1,y0, . . . ,yt�1)
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Our hypotheses

1. (InfNet + SPEN) > MLE
2. (Cost-augmented InfNet + test-time InfNet + SPEN) > (InfNet + SPEN)
3. Tag language models help
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Conclusions and thoughts

1. SPENs are powerful but learning and inference are hard
2. Inference networks can make it easier and more efficient to use SPENs
3. Separating inference networks for the two inference problems (cost-augmented and 

test-time inference) improves accuracy and leads to complementary functionality
4. Adding global energy terms leads to further improvements
5. Next step: move to generation tasks and model other types of  data (not only 

sequence labeling)
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