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loday s talk

* How to implement neural nets in DyNet.
* Code, not theory.

* | assume you already know the basics.



lopics

Neural Nets Toolkits Landscape, DyNet.
Computation Graphs, Feed Forward Networks, Embeddings.

 Document Averaging Networks

RNNs

 BILSTM Tagger

Tree RNNs

Batching and Automatic Batching
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Chainer
\— fast also on CPU

- automatic batching
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* Computation using Eigen
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Computation Graphs
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Computation Graphs

h = tanh(Wx + b) fu,v)=u+yv

y=Vh+a f(M,v) =Mv Q

flu,v) =u+v Can run “forward"
to get values.

Can run "packward"

@/' \@ to get gradients.
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e Static Frameworks (TF, Theano)
* Use a domain-specific language for defining the graph.
* Feed examples through the graph.
 Dynamic Frameworks (DyNet, PyTorch)
* Use Python for creating the graph.

* Build a graph for each example.
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e Static Frameworks (TF, Theano)
* Use a domain-specific language for defining the graph.
* Feed examples through the graph.
 Dynamic Frameworks (DyNet, PyTorch)
* Use Python for creating the graph.

* Build a graph for each example.
this is crucial when different
examples have different structures,
e.g. RNNs with dift lengths
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Building Computation Graphs
N Python
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The Major Players

Computation Graph

Expressions (~ nodes in the graph)
Parameters

Model

* a collection of parameters

Trainer
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Computation Graph
and Expressions

import dynet as dy

dy.renew cg/()

vl = dy.inputVector([1l,2,3,4])

vZ2 = dy.inputVector ([5,6,7,8])

v = vl + vZ

vd = v3 *

vd = vl +

vo = dy.concatenate([vl,v2,v3,v5])
print vo

print vo.npvalue ()



(we)

c

A

7 Computation Graph
and Expressions

import dynet as dy

dy.renew cg/()
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vo = dy.concatenate([vl,v2,v3,v5])

print v6 |expression 5/1
print vo6.npvalue ()




>

Computation Graph
and Expressions

import dynet as dy

dy.renew cg/()

vl = dy.1lnputVector ([1l,2,3,4])

vZ2 = dy.inputVector ([5,6,7,8])

v = vl + vZ

vd = v3 *

vo = vl +

vo = dy.concatenate([vl,v2,v3,v5])

print v6 |expression 5/1
print vo6.npvalue ()

array([ 1., 2., 3., 4., 2., 4., 6., 8., 4., 8., 12., 16.])
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NLP

Computation Graph
and Expressions

Create basic expressions.
Combine them using operations.
EXxpressions represent symbolic computations.

Use:

.value ()
.npvalue()
.scalar_value()
.vec _value()
.forward ()

to perform actual computation.
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Model and Parameters

 Parameters are the things that we optimize over
(vectors, matrices).

* Model is a collection of parameters.

* Parameters out-live the computation graph.
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Model and Parameters

model = dy.Model ()

PW = model.add parameters (( , 4))
pb = model.add parameters( )

dy.renew cg()

X dy.inputVector ([1l,~2,3,4])
W = dy.parameter (pW)

b = dy.parameter (pb)

y =W * x + Db
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Parameter Initialization

model = dy.Model ()

pW = model.add parameters ((4,4))
pWZ = model.add parameters((4,4), 1nit=dy.GlorotInitializer())
pW3 = model.add parameters((4,4), i1nit=dy.Normallnitializer (0,1))

pW4 = model.parameters from numpy (np.eye (4))
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“Trainers and Backdrop

* |nitialize a Trainer with a given model.

 Compute gradients by calling expr.backward ()
from a scalar node.

e Call trainer.update () to update the model
parameters using the gradients.



B I U

“Trainers and Backdrop

model = dy.Model ()
trainer = dy.SimpleSGDTrainer (model)

P v = model.add parameters (10)

for 1 1n xrange (10) :
dy.renew cg/()

v = dy.parameter (p Vv)

vZ2 = dy.dot product (v, V)
vZ2.forward ()

v2.pbackward ()

trailner.update ()



B I U

“Trainers and Backdrop

model = dy.Model ()

trainer = dy.SimpleSGDTrainer (model, .. .)

P VvV = mode dy .MomentumSGDTrainer (model, .. .)

for 1 in dy.AdagradTrainer (model, .. .)
dy.rer
dy.AdadeltaTrainer (model, .. .)
Vo= df
ve = ( dy.AdamTrainer (model, ...)
vZ2.fo1

v2.pbackward ()

trailner.update ()
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Training with DyNet

* Create model, add parameters, create trainer.
* For each training example:

* create computation graph for the loss

* run forward (compute the loss)

* run backward (compute the gradients)

* update parameters



—
Example: MLP for XOR
* Data: * Model form:
xor(0,0) = 0 y = o(v-tanh(Ux + b))
xor(1,0) =1
* Loss:
xor(0,1) =1
—logy y=1
XOr(l,l):O g—{log(l?)) y:O



import dynet as dy :& — O'(V ' tanh(UX -+ b))
import random

data =]

~

~

S— S’ S’ SN
~

(

(1
(LU, 01,
¥

model = dy.Model ()

pU = model.add parameters ((4,2))
pb = model.add parameters (4)

pv = model.add parameters(4)

trainer = dy.SimpleSGDTrainer (model)
closs =

for ITER 1n xrange ( ) :
random.shuffle (data)
for x,y 1n data:



for ITER in xrange ( ) :& — O-(V ' ta’nh(UX T b))

for x,y 1n data:




for ITER in xrange ( ) :& — O-(V ' ta’nh(UX T b))

for x,y 1n data:

dy.renew cg()

U dy.parameter (pU
b = dy.parameter (pb
\% pVv
X (

)
)
= dy.parameter (pv)
= dy.lnputVector (x)

vhat = dy.logistic(dy.dot product (v,dy.tanh (U*x+b)))

if v == 0:

loss = —-dy.log(l - vhat)
elif v == 1:

loss = —-dy.log(yhat)

closs += loss.scalar value()
loss.backward ()
trailner.update ()



for ITER in xrange ( ) :& — O-(V ' ta’nh(UX T b))

for x,y 1n data:

dy.renew cg()

U dy.parameter (pU
b = dy.parameter (pb
\% pVv
X (

)
)
= dy.parameter (pv)
= dy.lnputVector (x)

vhat = dy.logistic(dy.dot product (v,dy.tanh (U*x+b)))

if v == 0:

loss = —-dy.log(l - vhat)
elif v == 1:

loss = —-dy.log(yhat)

closs += loss.scalar value()
loss.backward ()
trailner.update ()



for ITER in xrange ( ) :& — O-(V ' ta’nh(UX T b))

for x,y 1n data:

dy.renew cg()

U dy.parameter (pU
b = dy.parameter (pb
\Y pVv
X (

)
)
= dy.parameter (pv)
= dy.lnputVector (x)

vhat = dy.logistic(dy.dot product (v,dy.tanh (U*x+b)))

if vy == 0: | A
loss = -dy.log(l - yhat) ) — log y y =1

elif y == 1: =9 - -
loss = -dy.log(yhat) log(1—9) y=0

closs += loss.scalar value()
loss.backward ()
trailner.update ()



for ITER in xrange ( ) :& — O-(V ' ta’nh(UX T b))

for x,y 1n data:

dy.renew cg()

U dy.parameter (pU
b = dy.parameter (pb
\Y pVv
X (

)
)
= dy.parameter (pv)
= dy.lnputVector (x)

vhat = dy.logistic(dy.dot product (v,dy.tanh (U*x+b)))

if vy == 0: | A
loss = -dy.log(l - yhat) ) — log y y =1

elif y == 1: =9 - -
loss = -dy.log(yhat) log(1—9) y=0

closs += loss.scalar value()
loss.backward ()
trailner.update ()



for ITER in xrange ( ) :& — O-(V ' ta’nh(UX T b))

for x,y 1n data:

dy.renew cg()

U dy.parameter (pU
b = dy.parameter (pb
\Y pVv
X (

)
)
= dy.parameter (pv)
= dy.lnputVector (x)

vhat = dy.logistic(dy.dot product (v,dy.tanh (U*x+b)))

if v == 0: _
loss = -dy.log(l - vyhat) -—uogz} y =1
elif == 1: { = - -
’ —log(l—y) y=0
loss = —-dy.log(yhat)

closs += loss.scalar value()

if ITER > and ITER % == :
print "Iter:",ITER,"loss:", closs/
closs =



for ITER 1n xrange ( ) :
for x,y 1n data:

dy.renew cg()
= dy.parameter (pU
.parameter (pb
= dy.parameter (pv
= dy.1nputVector (

X < O G
|
Q,
e

)
)
)
X)

vhat = dy.logistic(dy.dot product (v,dy.tanh (U*x+b)))

if v == 0:

loss = —-dy.log(l - vhat)
elif v == 1:

loss = —-dy.log(yhat)

closs += loss.scalar value()
loss.backward ()
trailner.update ()



for ITER 1in xrange (1000) :

for x,y 1n data:
# create graph for computing loss
dy.renew cg()
= dy.parameter (pU
} gy‘parameter S Lets refactor a bit.
= dy.parameter (pv
= dy.1inputVector (
predict
vhat = dy.logistic(dy.dot product (v,dy.tanh (U*x+b)))
# loss
1f v ==
loss = —-dy.log(l - vhat)
elif v == 1:
loss = —-dy.log(yhat)

)
)
)
X)

=X < O g

closs += loss.scalar value() # forward
loss.backward ()
trailner.update ()



for ITER 1in xrange (1000) :

for x,y 1n data:
# create graph for computing loss

dy.renew cg()

x = dy.1lnputVector (x)

# predict

vhat = predict (x)

# loss

loss = compute loss(yhat, vy)

closs += loss.scalar value() # forward

loss.backward ()
trailner.update ()



for ITER 1n xrange ( ) :
for x,y 1n data:

dy.renew cg()

X = dy.lnputVector (x)
yhat = predict (x)

loss = compute loss(yhat, vy)

closs += loss.scalar value()
loss.backward ()
trailner.update ()

def predlct (expr) : Zl) — O'(V . tanh(UX —+ b))
U = dy.parameter (pU)
b = dy.parameter (pb)
v = dy.parameter (pv)
dy.d

y = dy.logistic(
return vy

y.dot product (v,dy.tanh (U*expr+b) )]



for ITER 1n xrange ( ) :
for x,y 1n data:

dy.renew cg()

X = dy.lnputVector (x)
yhat = predict (x)

loss = compute loss(yhat, vy)

closs += loss.scalar value()
loss.backward ()
trailner.update ()

def compute loss (expr, V):

return -dy.log(l - expr)
elif ==
return -dy.log(expr)
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Key Points

* Create computation graph for each example.
* Graph is built by composing expressions.

* Functions that take expressions and return
expressions define graph components.
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Word Embeddings and
| ookupParameters

In NLP, it is very common to use feature
embeddings.

Each feature iIs represented as a d-dim vector.

These are then summed or concatenated to form
an input vector.

The embeddings can be pre-trained.

They are usually trained with the model.
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'feature embeddings’

Each feature is assigned a vector.
The input is a combination of feature vectors.

The feature vectors are parameters of the model
and are trained jointly with the rest of the network.

Representation Learning: similar features will
receive similar vectors.



on)
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N LP
feature embeddings"
pw=the . NOUN —DET w=dog&pw=the
WE dog P W=d°9§jDET w=chair&pt=DET
x = (0, . 010 ..... 01,9...,0,1,0,0,1,0,...,0,0,0,....,0)

X = 60.26, 0.25, -0.39, -0.07, 0.13, —0.17ﬂ&—0.43, -0.37,-0.12, 0.13, -0.11, 0.3@[(—0.04, 0.50, 0.04, 0.44J

NOUN (0.16, 0.03, -0.17, -0.13)

ir (-0.37,-0.23, 0.33, 0.38, -0.02, -0.37
chair/ ( ) VERB @ (0.41, 0.08, 0.44, 0.02)

on | (-0.21,-0.11, -0.10, 0.07, 0.37, 0.15)
dog | (0.26, 0.25, -0.39, -0.07, 0.13, -0.17)

DET @ (-0.04, 0.50, 0.04, 0.44)
ADJ  (-0.01,-0.35, -0.27, 0.20)

the | (-0.43,-0.37,-0.12, 0.13, -0.11, 0.34) PREP = (-0.26, 0.28, -0.34, -0.02)

mouth | .. _ _ i
(-0.32, 0.43, 0'1_f‘_' 0.50, -0.13, -0.42) ADY | (0.02,-0.17, 0,46, -0.08)

gone | (0.06, -0.21, -0.38, -0.28, -0.16, -0.44) )
POS Embeddings

Word Embeddings
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Word Embeddings and
| ookupParameters

* |n DyNet, embeddings are implemented using
LookupParameters.

vocab size =
emb dim =

E = model.add lookup parameters ((vocab size, emb dim))
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Word Embeddings and
| ookupParameters

* |n DyNet, embeddings are implemented using

LookupParameters.

vocab size =

emb

B =

dim =

model.add lookup parameters ((vocab size, emb dim))

dy.renew cg()

X:

dy.lookup (E, )
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scores of labels

T

softmax(0J)

T
g*(W?0 + b?)

T

gl(Wl? +b')

CBOW (D)

"deep averaging network”




= model
= model

= model
= model

.add parameters ( (HID,
.add parameters (HID)

EDIM) )
scores of labels

T

softmax ()

.add parameters ( (NOUT, HID)) T
.add parameters (NOUT)

g* (W0 + b?)

T

model.add lookup parameters ((V, EDIM)) ¢'(W'O+b')

T

C BOW (O))

"deep averaging network”




pbl

PW2
pb?2

= model
= model

= model
= model

.add parameters ((HID, EDIM))

scores of labels

.add parameters (HID) T
softmax ()

.add parameters ( (NOUT, HID)) I

.add parameters (NOUT) g°(W?0 + b?)

T

model.add lookup parameters ((V, EDIM)) ¢'(W'O+b')

T

CBOW (D)

"deep averaging network”

for (doc, label) 1in data:
dy.renew cg()
probs = predict labels (doc)



def

def

def

predict labels (doc):
X = encode doc (doc)
h = layerl (x)

vy = layer?Z (h)

return dy.softmax (y)

layerl( X) :

W = dy.parameter (pW1l)
b = dy.parameter (pbl)
return dy.tanh (W*x+Db)

layer?2 (x) :

W = dy.parameter (pW2)
b = dy.parameter (pb2)
return dy.tanh (W*x+b)

label)
dy.renew cg()
probs

(doc,

scores of labels

T

softmax(0J)

T

g* (W0 + b?)

T

g (W'O+b')

T

CBOW (D)

"deep averaging network”

in data:

predict labels (doc)



def

def

def

predict labels (doc):
x = encode doc (doc)
h = layerl (x)

vy = layer?Z (h)

return dy.softmax (y)

layerl( X) :

W = dy.parameter (pW1l)
b = dy.parameter (pbl)
return dy.tanh (W*x+Db)

layer?2 (x) :

W = dy.parameter (pW2)
b = dy.parameter (pb2)
return dy.tanh (W*x+b)

label)
dy.renew cg()
probs

(doc,

scores of labels

T

softmax(0J)

T

g* (W0 + b?)

T

g'(W'O+b')

T
CBOW (D)

"deep averaging network”

in data:

predict labels (doc)



def

def

def

predict labels (doc):
X = encode doc (doc)
h = layerl (x)

y = layer? (h)

return dy.softmax (y)

layerl( X) :

W = dy.parameter (pW1l)
b = dy.parameter (pbl)
return dy.tanh (W*x+Db)

layer?2 (x) :

W = dy.parameter (pW2)
b = dy.parameter (pb2)
return dy.tanh (W*x+b)

label)
dy.renew cg()
probs

(doc,

scores of labels

T

softmax(0J)

T

g* (W0 + b?)

|

g (W'O+b')

T

CBOW (D)

"deep averaging network”

in data:

predict labels (doc)



def

def

def

predict labels (doc) :
X = encode doc (doc)
h = layerl (x)

vy = layer?Z (h)

return dy.softmax (y)

layerl( X) :

W = dy.parameter (pW1l)
b = dy.parameter (pbl)
return dy.tanh (W*x+Db)

layer?2 (x) :

W = dy.parameter (pW2)
b = dy.parameter (pb2)
return dy.tanh (W*x+b)

label)
dy.renew cg()
probs

(doc,

scores of labels

T

softmax(0J)

T

g* (W0 + b?)

T

g (W'O+b')

T

CBOW (D)

"deep averaging network”

in data:

predict labels (doc)



def

def

def

def

predict labels (doc) :
X = encode doc (doc)
h = layerl (x)

vy = layer?Z (h)

return dy.softmax (y)

encode doc (doc) :

doc = [w21[w] for w 1in doc]
embs = [E[1dx] for 1dx in doc]

return dy.esum(embs)

layerl( X) :

W = dy.parameter (pW1l)
b = dy.parameter (pbl)
return dy.tanh (W*x+Db)

layer?2 (x) :

W = dy.parameter (pW2)
b = dy.parameter (pb2)
return dy.tanh (W*x+b)

label)
dy.renew cg()
probs

(doc,

scores of labels

T

softmax(0J)

T

g* (W0 + b?)

T

g (W'O+b')

T

CBOW (D)

"deep averaging network”

in data:

predict labels (doc)



def

def

def

def

predict labels (doc):

X = encode doc (doc) scores of labels
h = layerl (x) T
vy = layer?Z (h) Soft’mfaa:(D)
return dy.softma

7 x(y) g*(W?0 + b?)
encode_dog(doc): | sfﬂVWg+b5
doc = [w21[w] for w 1in doc] T
embs = [E[1dx] for 1dx in doc] CBOW (D)
return dy.esum(embs) I

W1y ..., Wn

layerl( X) :

W = dy.parameter (pW1l)
b = dy.parameter (pbl)
return dy.tanh (W*x+Db)
layer?2 (x) :

W = dy.parameter (pW2)
b = dy.parameter (pb2)

return dy.tanh (W*x+b)

for

"deep averaging network”

(doc, label) in data:
dy.renew cg()

probs = predict labels (doc)

loss = do loss (probs, label)
loss.forward ()
loss.backward ()
trainer.update ()



def predict labels (doc):

X = encode doc (doc) scores of labels
h = layerl (x) T
vy = layer?2 (h) Saﬁﬁﬁﬂﬂ)
return dy.softma
Y x(y) g*(W?30 + b?)
T
g'(W'O+b')
def do loss(probs, label): T
label = 12i[label] CBOW (L)
return -1log(pick(probs, label)) whﬁwwn

"deep averaging network”

for (doc, label) in data:
dy.renew cg()
probs = predict labels (doc)

loss = do loss (probs, label)
loss.forward ()
loss.backward ()
trainer.update ()



def predict labels (doc):

X = encode doc (doc) scores of labels
h = layerl (x) T
vy = layer?2 (h) softmfaa:(D)
return dy.softmax
Y (¥) g*(W?30 + b?)
T
g (W'O+b')
I
C'BOW (O)
w1, T,wn

"deep averaging network”

def classify(doc) :
dy.renew cg()
probs = predict labels (doc)

vals = probs.npvalue ()
return 121 [np.argmax(vals) ]
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TH/IDF?

def encode doc (doc):
doc = [w21[w] for w in doc]
embs = [E[1dx] for 1dx in doc]
return dy.esum(embs)

def encode doc (doc):
[

welights = [tfi1df(w) for w in doc]
doc = [wZ21[w] for w in doc]
embs = [E[1dx]*w for w,1dx in zip(weights,doc) ]

return dy.esum(embs)
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NLpEncapsu\ation with Objects

class MLP (object) :

def 1init (self, model, in dim, hid dim, out dim, non lin=dy.tanh):
self. Wl = model.add parameters((hid dim, in dim))
self. bl = model.add parameters (hid dim)
self. W2 = model.add parameters ((out dim, hid dim))
self. b2 = model.add parameters (out dim)
self.non 1lin = non lin
def call (self, 1n expr):

Wl = dy.parameter (self. W1
W2 = dy.parameter (self. W2
bl = dy.parameter (self. bl

b2 = dy.parameter (self. b2

g = self.non 1lin

return W2*g (Wl*in expr + bl)+b2

x = dy.inputVector (range (10))
mlp = MLP (model, , , , dy.tanh)

y = mlp (x)
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Z
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summary

Computation Graph

Expressions (~ nodes in the graph)
Parameters, LookupParameters
Model (a collection of parameters)
Trainers

Create a graph for each example, then
compute loss, backdrop, update.



A

RNNS
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RNNS

* Models for sequential data.
* Input: sequence of vectors.

* Output: sequence of vectors.



(we)

c

3

-

RNNS

N h2 h3 h4 h5
f f f f f

RNN |—| RNN [—| RNN |—| RNN |—| RNN

— NS

t t t t t
X1 X2 X3 x4 X5
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NLP
RNNs
Prediction
t
oo,
h h? h3 h4 hS

f f f f f
RNN |—| BRNN |—| RBNN |—| RNN |—| RNN [— h5

t t t t t
X1 X2 X3 x4 X5
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==
NLP
RNNs
Prediction
T
Softmax
~
MLP
N h2 h3 h4 hS

f f f f f
RNN |—| BRNN |—| RBNN |—| RNN |—| RNN [— h5

t t t t t
X1 X2 X3 x4 X5

different sequence lengths --> different RNN lengths



B I U

T+ Recurrent Neural Networks
N DyNet

 Based on “*Builder” class (*=SimpleRNN/LSTM)

 Add parameters to model (once):

RNN = dy.LSTMBuilder (1, , , model)

 Add parameters to CG and get initial state (per sentence):

s = RNN.1initial state()

* Update state and access (per input word/character):

s.add 1nput(x t)

S:
h t s.output ()



rrn
S p—

RNNS

= dy.LSTMBuilder (

ronn. 1n1t1al_state()

I

04,

128, model)



RNNS

for x 1n [x1,x2,x3,x4,x5]:

s = s.add 1nput (x)

RNN

X1



RNNS

for x 1n [x1,x2,x3,x4,x5]:

s = s.add 1nput (x)

RNN |—| RNN

t t
X1 X2



RNNS

for x 1n [x1,x2,x3,x4,x5]:

s = s.add 1nput (x)

RNN |—| RNN |— RNN

t t t
X1 X2 X3




for x 1n

S

RNN

T
X1

[x1,x2,x3,x4,x5]:

RNNS

s.add 1nput (x)

RNN

T
X2

RNN  |—

RNN

T
X3

T
x4




for x 1n

S

RNN

T
X1

[x1,x2,x3,x4,x5]:

RNNS

s.add 1nput (x)

RNN

T
X2

RNN  |—

RNN

RNN

T
X3

T
x4

T
X5




=
RNN
for x 1n [x1,x2,x3,x4,x5]: Softmax
. ~
s = s.add 1nput (x) ML P
v = dy.softmax (mlp (s.output()) 4

RNN |—| BRNN |—| RBNN |—| RNN |—| RNN [— h5

t t t t t
X1 X2 X3 x4 X5




A Larger Example

« We've seen MLP, RNN...
these are easy also in Keras, TF, Theano.

* Where DyNet shines -- dynamically structured networks.

* Things that are cumbersome / hard / ugly in other
frameworks.



the brown fox engulted  the



the brown fox engulted  the
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BILSTM Tagger

tag
A

2

LSTM_F|=—» |LSTM_F| = |LSTM_F \

\ \ \ LSTM_B|«—|LSTM_B|e—LSTM_B
\ \ S

the brown fox engulted  the



NLP .
BILSTM Tagger
tag tag tag tag taTg
- This is by now a very common model '
- Shown to be effective in many works m
/ Let's see how to implement it in dynet i
LSTM_F | _F

... and we'll complicate it a bit later
LSTM_B[<

the brown fox engulted  the



the brown fox engulted  the



BILSTM Tagger

tag tag tag tag tag

the brown fox engulted  the



oy

WORDS LOOKUP = model.add lookup parameters( (nwords,
fwdRNN = dy.LSTMBuilder (1, , , model)

layers  in-dim out-dim

dy.renew cg()

f init = fwdRNN.1initial state ()

wembs = [word rep(w) for w in words]
fw exps = []
s = f 1nit
for we in wembs:
s = s.add 1nput (we)

fw exps.append(s.output ())

) )



oy

WORDS LOOKUP = model.add lookup parameters( (nwords,

fwdRNN = dy.LSTMBuilder (!, 128,

layers  in-dim

dy.renew cg()
# initialize the RNNs

50,

out-dim

f init = fwdRNN.1initial state ()

[T

wembs = {word_rep

fw exps = []

s = f 1nit
for we 1in wembs:
s = s.add 1nput (we)

fw exps.append(s.output ())

model)

for w in words]

128))
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WORDS LOOKUP = model.add lookup parameters( (nwords,
fwdRNN = dy.LSTMBuilder(l, 128, 50, model)

layers  in-dim out-dim

def word rep( ) :

dy.renew cg( w 1ndex = Vw.w21[wW]
# initialize return WORDS LOOKUP[w index]
f Init = fwd

wembs = #word_rep(wgfor w 1n words]
fw exps = []
s = f 1nit
for we in wembs:
s = s.add 1nput (we)

fw exps.append(s.output ())

128))




oy

WORDS LOOKUP = model.add lookup parameters( (nwords,
fwdRNN = dy.LSTMBuilder (1, , , model)

layers  in-dim out-dim

dy.renew cg()

f init = fwdRNN.1initial state ()

wembs = [word rep(w) for w in words]
fw exps = []
s = f 1nit
for we in wembs:
s = s.add 1nput (we)

fw exps.append(s.output ())

) )



oy

WORDS LOOKUP = model.add lookup parameters( (nwords,
fwdRNN = dy.LSTMBuilder (1, 128, 50, model)

layers  in-dim out-dim

dy.renew cg()
f Init = fwdRNN.1nitial state ()
wembs = [word rep(w) for w in words]

fw exps = f 1nit.transduce (wembs)

128))



oy

WORDS LOOKUP = model.add lookup parameters( (nwords,
fwdRNN = dy.LSTMBuilder (1, 128, 50, model)

layers  in-dim out-dim

dy.renew cg()
f Init = fwdRNN.1nitial state ()
wembs = [word rep(w) for w in words]

fw exps = f 1nit.transduce (wembs)

128))



BILSTM Tagger

tag tag tag tag tag

the brown fox engulted  the



BILSTM Tagger

tag tag tag tag tag

the brown fox engulted  the



WORDS LOOKUP = model.add lookup parameters((nwords,

fwdRNN =
bwdRNN =

dy.LSTMBuilder (1, 128, 50, model)
dy.LSTMBuilder (1, 128, 50, model)

dy.renew cg()

f Init
b_init

wembs =

fw exps
bw exps

[

fwdRNN.1nitial state ()
bwdRNN.1nitial state ()

word rep(w) for w in words]

f 1nit.transduce (wembs)
b 1nit.transduce (reversed (wembs))

128))



BILSTM Tagger

tag tag tag tag tag

the brown fox engulted  the
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BILSTM Tagger

tag tag tag tag fag

t t t t
-
Ceonca>

/ / / /
LSTI\/I Fl 4+ |LSTM_F| 1 |LSTM_F| = [LSTM_F|4+|LSTM_F
\ STM_B A\ STM_B XR STM_B SXLSTMB XX STM_B
/! /! /! /! /!

the brown fox engulted  the




WORDS LOOKUP = model.add lookup parameters ((nwords, 128))
fwdRNN = dy.LSTMBuilder (l, 128, 50, model)
bwdRNN = dy.LSTMBuilder (l, 128, 50, model)

dy.renew cg()

f init = fwdRNN.1initial state ()

b 1nit = bwdRNN.1i1nitial state ()

wembs = [word rep(w) for w 1n words]

fw exps = f 1nit.transduce (wembs)

bw exps = b 1nit.transduce (reversed (wembs))
bi = [dy.concatenate([f,b]) for f,b 1n zip(fw exps,

reversed (bw exps)) ]
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BILSTM Tagger

tag tag tag tag fag

t t t t
-
Ceonca>

/ / / /
LSTI\/I Fl 4+ |LSTM_F| 1 |LSTM_F| = [LSTM_F|4+|LSTM_F
\ STM_B A\ STM_B XR STM_B SXLSTMB XX STM_B
/! /! /! /! /!

the brown fox engulted  the
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BILSTM Tagger

tag tag tag tag tag

ééé

/ /
LSTI\/I F LSTM_F LSTM_F LSTI\/I_F LSTI\/I_F
\ LSTM_B x LSTM_B XR LSTM_B %LSTI\/IB XK LSTM_B
/ / / / /

the brown fox engulted  the




WORDS LOOKUP = model.add lookup parameters ((nwords, ) )

fwdRNN = dy.LSTMBuilder (1, , , model)
bwdRNN = dy.LSTMBuilder (1, , , model)
pH = model.add parameters (( , *2))
PO = model.add parameters((ntags, ) )

dy.renew cg()

f 1nit = fwdRNN.i1nitial state ()
b 1nit = bwdRNN.1nitial state ()

wembs = [word rep(w) for w i1n words]

fw exps = £ 1init.transduce (wembs)

bw exps = b 1nit.transduce (reversed (wembs)
bi = [dy.concatenate([f,b]) for f,b 1n zip(fw exps,

reversed (bw exps)) ]

H = dy.parameter (pH)
O = dy.parameter (pO)
outs = [O*(dy.tanh(H * x)) for x in bi]



the brown fox engulted  the



WORDS LOOKUP = model.add lookup parameters((nwords, 128))
fwdRNN = dy.LSTMBuilder(l, 128, 50, model)
bwdRNN = dy.LSTMBuilder (l, 128, 50, model)

pH = model.add parameters( (32, 50%*2))
pO = model.add parameters ((ntags, 372))

dy.renew cg/()

f Init = fwdRNN.1nitial state ()
b 1nit = bwdRNN.1nitial state ()

wembs = [word rep(w)| for w in words]

fw exps = f 1nit.transduce (wembs)

bw exps = b 1nit.transduce (reversed (wembs)
bi = [dy.concatenate([f,b]) for f£,b in zip(fw exps,

reversed (bw exps)) ]

H = dy.parameter (pH)
O = dy.parameter (pO)
outs = [O*(dy.tanh(H * x)) for x 1in bi]



WORDS LOOKUP = model.add lookup parameters((nwords, 128))

def word rep(w) : - o
! w index = vw.w21[w]
‘ return WORDS LOOKUP[w index]

dy.renew cg()

# initialize the RNNs

f 1nit = fwdRNN.1i1nitial state ()
b 1nit = bwdRNN.1nitial state ()

wembs = [word rep(w)| for w in words]
fw exps = £ 1init.transduce (wembs)
bw exps = b 1nit.transduce (reversed (wembs)

# biLSTM states

bi = [dy.concatenate([f,b]) for f,b 1n zip(fw exps,
reversed (bw exps)) ]

# MLPsS

H = dy.parameter (pH)

O = dy.parameter (pO)

outs = [O*(dy.tanh(H * x)) for x in bi]



the brown fox engulfed the
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for rare words

T

Back off to char-LSTM

C_F|»|C

F|»|C_F|+|C_F|+|C_F

C_B

C_B

C_B

C_B

C_B

«C_B

«C_B

«C_B




the brown fox engulfed the



eeeeeeee






WORDS_LOOKUP = model.add lookup parameters ,
- CHARS LOOKUP = model.add lookup parameters((nchars, 20))
‘chdRNN = dy.LSTMBuilder (1, 20, 64, model)

‘\
' ¢cBwdRNN = dy.LSTMBuilder (1, 20, 64, model)




WORDS LOOKUP = model.add lookup parameters ((nwords, ) )

CHARS LOOKUP = model.add lookup parameters ((nchars, ) )
CcFwdRNN = dy.LSTMBuilder (1, , , model)

cBwdRNN = dy.LSTMBuilder (1, , , model)

def word rep(w):
w 1ndex = Vw.w21[w]
return WORDS LOOKUP[w 1ndex]



WORDS LOOKUP
CHARS LOOKUP
dy.
dy.

cFwdRNN
cBwdRNN

def word rep (w

= model.add lookup parameters((nwords, 128))

= model.add lookup parameters ((nchars, 20))
LSTMBuilder (1, 20, 64, model)

LSTMBuilder (1, 20, 64, model)

, cf 1nit, cb init):

i1f wc[w] > 5:
w index = VW.W21[W]
return WORDS LOOKUP[w 1ndex]
else:
char 1ds = [vc.w21[c] for c 1in w]
char embs = [CHARS LOOKUP[cid] for cid in char 1ds]
fw exps = cf 1nit.transduce (char embs)
bw exps = cb 1nit.transduce (reversed (char embs))

return dy.concatenate ([ fw exps[-1], bw exps[-1] ])



def build tagging graph (words) :
dy.renew cg()

f Init = fwdRNN.1nitial state()
b init = bwdRNN.initial state ()

cf init = cFwdRNN.1initial state()
cb init = cBwdRNN.i1nitial state()

wembs = [word rep(w, cf init, cb 1init) for w in words]

fws = £ 1nit.transduce (wembs)

bws = b init.transduce (reversed (wembs))

b1 = [dy.concatenate([f,b]) for f,b in zip(fws, reversed (bws)) ]

H = dy.parameter (pH)

O = dy.parameter (pO)

outs = [0O*(dy.tanh(H * x)) for x in bi]
return outs



def tag sent (words):
vecs = build tagging graph (words)

vecs = [dy.softmax(v) for v 1in vecs]
probs = [v.npvalue () for v 1in vecs]
tags = []

for prb in probs:
tag = np.argmax (prb)
tags.append(vt.12w[taqg])
return zip (words, tags)



def sent loss(words, tags):

vecs = builld tagging graph (words)

losses = []

for v,t 1n zip(vecs, tags):
tid = vt.w21i[t]
loss = dy.pickneglogsoftmax (v, tid)
losses.append(loss)

return dy.esum(losses)



num tagged = cum loss =
for ITER 1in xrange ( ) :
random.shuffle(train)
for 1,s in enumerate (train, 1) :
if 1 > and 1 % ==
trainer.status ()
print cum loss / num tagged
cum loss = num tagged =
if 1 % == (:
good = bad =
for sent in dev:
words = [w for w,t 1n sent]
golds = [t for w,t in sent]
tags = [t for w,t 1n tag sent (words) ]
for go,gu in zip(golds, tags):
i1f go == gu: good +=
else: bad+=
print good/ (good+bad)

words = [w for w,t in s]
golds = [t for w,t in s]
loss exp = sent loss(words, golds)

cum loss += loss exp.scalar value()
num tagged += len(golds)

loss exp.backward()
tralner.update ()



num tagged = cum loss =
for ITER 1in xrange ( ) :
random.shuffle(train)
for 1,s in enumerate (train, 1) :
if 1 > and 1 % ==
trainer.status ()
print cum loss / num tagged
cum loss = num tagged =
if 1 % == (:
good = bad =
for sent in dev:
words = [w for w,t 1n sent]
golds = [t for w,t in sent]
tags = [t for w,t 1n tag sent (words) ]
for go,gu in zip(golds, tags):
i1f go == gu: good +=
else: bad+=
print good/ (good+bad)

words = [w for w,t in s]
golds = [t for w,t in s]
loss exp = sent loss(words, golds)

cum loss += loss exp.scalar value()
num tagged += len(golds)

loss exp.backward()
tralner.update ()



o summarize this part

We've seen an implementation of a BiLSTM tagger
... where some words are represented as char-level LSTMs

... and other words are represented as word-embedding
vectors

... and the representation choice is determined at run time

This is a rather dynamic graph structure.



Iree-shaped Networks
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Single Tree RNN
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Single Tree RNN

model = dy.Model()

U_p = model.add_parameters((Z,50))

tree_builder = TreeRNNBuilder(mcdel, word_vocabulary, 50)
trainer = dy.AdamTrainer (model)

for epoch in xrange(10): .
for in_tree, out_label in read_examples(): rEi|r1|r]gJ |C)C)F]
dy .renew_cg()
U = dy.parameter(U_p)
loss = dy.pickneglogsoftmax(U+stree_builder.encode(in_tree), cut_label)
loss.forward()

loss.backward()
trainer.update()

— P
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class TreeRNNBuilder(object):
def __init__(self, model, word_vocab, hdim): Parameters
self.VW = model.add_parameters((hdim, 2*hdim))
self .E = model.add_lookup_parameters((len(word_vocab),hdim))
self . w2i = word_vocab

Single Tree RNN

model = dy.Model()

U_p = model.add_parameters((Z,50))

tree_builder = TreeRNNBuilder(mcdel, word_vocabulary, 50)
trainer = dy.AdamTrainer (model)

for epoch in xrange(10): .
for in_tree, out_label in read_examples(): rEi|r1|r]gJ |C)C)F]
dy .renew_cg()
U = dy.parameter(U_p)
loss = dy.pickneglogsoftmax(U+stree_builder.encode(in_tree), cut_label)
loss.forward()

loss.backward()
trainer.update()

— P



we)
c

10

11

13
14
15
16
17
18
19

20

29
30
3l

52

class TreeRNNBuilder(object):
def __init__(self, model, word_vocab, hdim): Parameters
self.VW = model.add_parameters((hdim, 2*hdim))
self .E = model.add_lookup_parameters((len(word_vocab),hdim))
self . w2i = word_vocab

def encede(self, tree): . .
i7 tree.isleat(): Recursively pbuild tree
return self .E[self.w2i.get(tree.label,0)]
elif len(tree.children) == 1: # unary node, skip
expr = self.encode(tree.children[0])
return expr
else:
azzert(len(tree.children) == 2)
el = self.encode(tree.children[0])
e2 = self .encode(tree.children[1])
W = dy.parameter (self W)
expr = dy.tanh(W+dy.concatenate([el,e2]))
return expr
model = dy.Model() Slngle Tree RNN
U_p = model.add_parameters((Z,50))
tree_builder = TreeRNNBuilder(mcdel, word_vocabulary, 50)
trainer = dy.AdamTrainer (model)

for epoch in xrange(10): LA
for in_tree, out_label:hlxead_examples(): rEilr]lr]gJ |C)C)F)
dy.renew_cg()
U = dy.parameter(U_p)
loss = dy.pickneglogsoftmax(U+stree_builder.encode(in_tree), cut_label)
loss. forward()

loss.backward()
trainer.update()
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Batching



K vector-matrix multiplications single matrix-matrix mult

this is much faster
in practice

O(k x m x n)
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what if the sequences are ditferent lengths”
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masking

padding




H H = — masking
! ! ! !

! ! ! !

! ! ! ! |
iy @Ehy = padding

We support this in DyNet, but...



H H = — masking
! ! ! !

! ! ! !

! ! ! ! |
U L e R e padding

really annoying

super-confusing wit

N biLSTMSs

practically iImpossible with ou

r complex networks
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mini batch needs to die
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AutoBatching:
pbatch complex architectures
with less pain
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manual batching
S lIke using
assembly language



A

numans should not
write batching code
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what if the sequences are ditferent lengths”
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! ! then create a separate
t 1 network for each
- (easy)
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graph

DyNet will identity batching
opportunities for you.
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to be executed
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note: batching operations, not inputs.



using autobatching: command line

python your program —--dynet-autobatch 1



using autobatching: script

1mport dynet config
dynet config.set (autobatch=1)
import dynet as dy



debugging / profiling: command line

python your program —--dynet-autobatch 1
--dynet-profiling 4
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Single Tree RNN
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class TreeRNNBuilder(object):
def __init__(self, model, word_vocab, hdim): Parameters
self.VW = model.add_parameters((hdim, 2*hdim))
self .E = model.add_lookup_parameters((len(word_vocab),hdim))
self . w2i = word_vocab

R i e Recursively build tree

it tree.isleaf():
return self .E[self.w2i.get(tree.label,0)]
elif len(tree.children) == 1: # unary node, skip
expr = self.encode(tree.children[0])
return expr
else:
azzert(len(tree.children) == 2)
el = self.encode(tree.children[0])
e2 = self .encode(tree.children[1])
W = dy.parameter (self W)
expr = dy.tanh(W+dy.concatenate([el,e2]))
return expr
model = dy.Model() Slngle Tree RNN
U_p = model.add_parameters((Z,50))
tree_builder = TreeRNNBuilder(mcdel, word_vocabulary, 50)
trainer = dy.AdamTrainer (model)

for epoch in xrange(10): LA
for in_tree, out_label:hlxead_examples(): rEilr]lr]gJ |C)C)F)
dy.renew_cg()
U = dy.parameter(U_p)
loss = dy.pickneglogsoftmax(U+stree_builder.encode(in_tree), cut_label)
loss. forward()

loss.backward()
trainer.update()
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Batched Tree RNN
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class TreeRNNBuilder(object):
def __init__(self, model, word_vocab, hdim):
self.W = model.add_parameters((hdim, 2+*hdim))
self.E = model.add_lookup_parameters((len(word_vocab) ,hdim))
self.w21 = word_vocab

def encode(self, tree): ExaCtly

if tree.isleaf():

return self.E[self.w2i.get(tree.label,0)] aS
elif len(tree.children) == 1: # unaery node, skip
expr = self.encode(tree.children[0]) b efo re
return expr
else:
assert(len(tree.children) == 2)

el = self.encode(tree.children[0])

e2 = self.encode(tree.children[1i])

W = dy.parameter(self.W)

expr = dy.tanh(Wxdy.concatenate([el,e2]))
return expr

model = dy.Model() Batched Tree RNN

U_p = model.add_parameters((2,50))
tree_builder = TreeRNNBuilder (model, word_vocabulary, 50)
trainer = dy.AdamTrainer (model)
for epoch in xrange(10):
for in_trees, out_labels in read_examples(batch_size=32): 1A
I dy.renew_cg() ralnlng |OOp
U = dy.parameter (U_p)
losses = [dy.pickneglogsoftmax(U*tree_builder.encode(tree),label) \
for (tree,label) in zip(in_trees, out_labels)]
loss = dy.esum(losses)
loss.forward()
loss.backward()
trainer.update()




B/}%/LI’ —= TF Fold (CPU) -t TF Fold (GPU)
NLP e DyNet+auto (CPU) === DyNet+auto (GPU)
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Conclusion
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" Training NNs with DyNet

* We want the flexibility to handle the structures we like
* We want to write code the way that we think about models
* DyNet gives you the tools to do so!

* We welcome contributors to make it even better
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" Training NNs with DyNet

http://dynet.io

Longer tutorial:
https://github.com/clab/dynet tutorial examples


http://dynet.io
https://github.com/clab/dynet_tutorial_examples

