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Siamese Networks
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Siamese Networks
Often used for "One-shot learning"
• Suppose you trained a Siamese network for verification tasks
• Now, suppose you have only ~1 object per class
• You can compare any new object to any object based on
maximum similarity to your given images
(somewhat related to K-nearest neighbors)
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Face Recognition:
Face Identification vs Face Verification

A. Identification

Determine identity of an unknown person
1-to-n matching

(CelebA dataset)

...

B. Verification

Verify claimed identity of a person
1-to-1 matching

(MUCT dataset)

dataset link: http://mmlab.ie.cuhk.edu.hk/projects/CelebA.html
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DeepFace
Taigman, Yaniv, Ming Yang, Marc'Aurelio Ranzato, and Lior Wolf. "Deepface: Closing the gap to human-level performance in face verification." In
Proceedings of the IEEE conference on computer vision and pattern recognition, pp. 1701-1708. 2014.

Figure 2. Outline of the DeepFace architecture. A front-end of a single convolution-pooling-convolution filtering on the rectified input, followed by three
locally-connected layers and two fully-connected layers. Colors illustrate feature maps produced at each layer. The net includes more than 120 million
parameters, where more than 95% come from the local and fully connected layers.

very few parameters. These layers merely expand the input
The goal of training is to maximize the probability of
into a set of simple local features.
the correct class (face id). We achieve this by minimizThe subsequent layers (L4, L5 and L6) are instead loing the cross-entropy loss for each training sample. If k
cally connected [13, 16], like a convolutional layer they apis the index of the true label for a given input, the loss is:
ply a filter bank, but every location in the feature map learns
L = log pk . The loss is minimized over the parameters
a different set of filters. Since different regions of an aligned
by computing the gradient of L w.r.t. the parameters and
image have different local statistics, the spatial stationarity
by updating the parameters using stochastic gradient deassumption of convolution cannot hold. For example, arscent (SGD). The gradients are computed by standard backeas between the eyes and the eyebrows exhibit very differpropagation of the error [25, 21]. One interesting property
ent appearance and have much higher discrimination ability
of the features produced by this network is that they are very
compared to areas between the nose and the mouth. In other
sparse. On average, 75% of the feature components in the
words, we customize the architecture of the DNN by levertopmost layers are exactly zero. This is mainly due to the
aging the fact that our input images are aligned. The use
use of the ReLU [10] activation function: max(0, x). This
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of local layers does not affect the computational burden of
soft-thresholding non-linearity is applied after every con-

Hybrid between traditional methods and deep learning
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DeepFace - Face Recognition
Taigman, Yaniv, Ming Yang, Marc'Aurelio Ranzato, and Lior Wolf. "Deepface: Closing the gap to human-level performance in face verification." In
Proceedings of the IEEE conference on computer vision and pattern recognition, pp. 1701-1708. 2014.

Figure 2. Outline of the DeepFace architecture. A front-end of a single convolution-pooling-convolution filtering on the rectified input, followed by three
locally-connected layers and two fully-connected layers. Colors illustrate feature maps produced at each layer. The net includes more than 120 million
parameters, where more than 95% come from the local and fully connected layers.

very few parameters. These layers merely expand the input
The goal of training is to maximize the probability of
into a set of simple local features.
the correct class (face id). We achieve this by minimizThe subsequent layers (L4, L5 and L6) are instead loing the cross-entropy loss for each training sample. If k
cally connected [13, 16], like a convolutional layer they apis the index of the true label for a given input, the loss is:
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L = log pk . The loss is minimized over the parameters
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by computing the gradient of L w.r.t. the parameters and
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Regular softmax ouput layer for classifying faces (face IDs)
optimized via cross-entropy loss.
Note they have 1-4k classes (they achieved a classification
accuracy of ~93%).
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DeepFace - Face Verification
Taigman, Yaniv, Ming Yang, Marc'Aurelio Ranzato, and Lior Wolf. "Deepface: Closing the gap to human-level performance in face verification." In
Proceedings of the IEEE conference on computer vision and pattern recognition, pp. 1701-1708. 2014.

Figure 2. Outline of the DeepFace architecture. A front-end of a single convolution-pooling-convolution filtering on the rectified input, followed by three
locally-connected layers and two fully-connected layers. Colors illustrate feature maps produced at each layer. The net includes more than 120 million
parameters, where more than 95% come from the local and fully connected layers.

very few parameters. These layers merely expand the input
The goal of training is to maximize the probability of
into a set of simple local features.
the correct class (face id). We achieve this by minimizThe subsequent layers (L4, L5 and L6) are instead loing the cross-entropy loss for each training sample. If k
cally connected [13, 16], like a convolutional layer they apis the index of the true label for a given input, the loss is:
ply a filter bank, but every location in the feature map learns
L = log pk . The loss is minimized over the parameters
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Weighted chi-square distance + SVM classifier for binary
classification (predict whether two images depict the same person)

(f , f ) =
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f [i]) / (f [i] + f [i])

The weight is learned by the SVM.
(They achieved a classification accuracy is ~97%.)
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HW Clarification 1
kernel size > feature map issue
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HW Clarification 2
ReLU -- MaxPool Order
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HW Clarification 3

https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/L13_intro-cnn/code/cnn-with-diﬀ-init/default.ipynb
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HW Clarification 3
From PyTorch Lecture (Lecture 6):
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HW Clarification 4
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HW Clarification 5
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FaceNet - Face Verification
Schroff, Florian, Dmitry Kalenichenko, and James Philbin. "Facenet: A unified embedding for face recognition and
clustering." In Proceedings of the IEEE conference on computer vision and pattern recognition, pp. 815-823. 2015.

...

DEEP ARCHITECTURE
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E
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Figure 2. Model structure. Our network consists of a batch input layer and a deep CNN followed by L2 normalization, which
results in the face embedding. This is followed by the triplet loss
during training.
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FaceNet - Face Verification
Schroff, Florian, Dmitry Kalenichenko, and James Philbin. "Facenet: A unified embedding for face recognition and
clustering." In Proceedings of the IEEE conference on computer vision and pattern recognition, pp. 815-823. 2015.

DEEP ARCHITECTURE
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Batch

L2
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D
I
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Triplet
Loss

Figure 2. Model structure. Our network consists of a batch input layer and a deep CNN followed by L2 normalization, which
results in the face embedding. This is followed by the triplet loss
during training.
Anchor

Negative
LEARNING

Negative
Positive

Anchor

Positive

Figure 3. The Triplet Loss minimizes the distance between an anchor and a positive, both of which have the same identity, and
maximizes the distance between the anchor and a negative of a
different identity.
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in Eq. (1)). These triplets
ing and result in slower c
be passed through the net
triplets, that are active and
proving the model. The f
different approaches we us

3.2. Triplet Selection
in the end-to-end learning of the whole system. To this end
Sebastian Raschka
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we employ the triplet loss that directly reflects what we want

In order to ensure fast c
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Triplet Loss

Anchor

Positive
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Want encodings to be very similar
(small distance)
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Triplet Loss

Anchor

Positive

Anchor

Want encodings to be very similar
(small distance)

kf (A)
<latexit sha1_base64="iSgkT2c7cjhzIV3yZho+oNUd9AQ="></latexit>
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Triplet Loss

Anchor

Positive

Anchor

Want encodings to be very similar
(small distance)

kf (A)

Want encodings to be very diﬀerent
(large distance)

d(A, P ) + ↵  d(A, N )
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Triplet Loss

Anchor

Positive

Anchor

Want encodings to be very similar
(small distance)

Negative

Want encodings to be very diﬀerent
(large distance)

d(A, P ) + ↵  d(A, N )
f (P )k22 + ↵  kf (A)

kf (A)

Rearrange

kf (A)
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Triplet Loss

Anchor

Positive

Anchor

Want encodings to be very similar
(small distance)

Negative

Want encodings to be very diﬀerent
(large distance)

Bounded loss function for training:
L(A, P, N ) = max kf (A)
<latexit sha1_base64="LbEr9Mjr4bMJEovqucARexOOMFo="></latexit>
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Triplet Loss

Anchor

Positive

Anchor

Want encodings to be very similar
(small distance)

Negative

Want encodings to be very diﬀerent
(large distance)

In practice: Selecting good pairs (those that are "hard")
is crucial during training
L(A, P, N ) = max kf (A)
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We Schroff,
also explored
the offline
generation
of tripletsand
in conFlorian,
Dmitry
Kalenichenko,
nction
with the
online "Facenet:
generation and
it may allow
the use for
James
Philbin.
A unified
embedding
smaller
sizes, butand
the clustering."
experiments were
inconclufacebatch
recognition
In Proceedings
ve. of the IEEE conference on computer vision and
Selecting
therecognition,
hardest negatives
in practice
lead to bad
pattern
pp. can
815-823.
2015.
cal minima early on in training, specifically it can result
a collapsed model (i.e. f (x) = 0). In order to mitigate
is, it helps to select xni such that

Architecture used
kf (xai )

2

f (xpi )k2 < kf (xai )

2

f (xni )k2 .

(3)

We call these negative exemplars semi-hard, as they are furer away from the anchor than the positive exemplar, but
ill hard because the squared distance is close to the anchorositive distance. Those negatives lie inside the margin ↵.
As mentioned before, correct triplet selection is crucial
r fast convergence. On the one hand we would like to use
mall mini-batches as these tend to improve convergence
uring Stochastic Gradient Descent (SGD) [20]. On the
her hand, implementation details make batches of tens to
undreds of exemplars more efficient. The main constraint
ith regards to the batch size, however, is the way we select
ard relevant triplets from within the mini-batches. In most
xperiments we use a batch size of around 1,800 exemplars.

3. Deep Convolutional Networks

layer
conv1
pool1
rnorm1
conv2a
conv2
rnorm2
pool2
conv3a
conv3
pool3
conv4a
conv4
conv5a
conv5
conv6a
conv6
pool4
concat
fc1
fc2
fc7128
L2
total

size-in
220⇥220⇥3
110⇥110⇥64
55⇥55⇥64
55⇥55⇥64
55⇥55⇥64
55⇥55⇥192
55⇥55⇥192
28⇥28⇥192
28⇥28⇥192
28⇥28⇥384
14⇥14⇥384
14⇥14⇥384
14⇥14⇥256
14⇥14⇥256
14⇥14⇥256
14⇥14⇥256
14⇥14⇥256
7⇥7⇥256
7⇥7⇥256
1⇥32⇥128
1⇥32⇥128
1⇥1⇥128

size-out
110⇥110⇥64
55⇥55⇥64
55⇥55⇥64
55⇥55⇥64
55⇥55⇥192
55⇥55⇥192
28⇥28⇥192
28⇥28⇥192
28⇥28⇥384
14⇥14⇥384
14⇥14⇥384
14⇥14⇥256
14⇥14⇥256
14⇥14⇥256
14⇥14⇥256
14⇥14⇥256
7⇥7⇥256
7⇥7⇥256
1⇥32⇥128
1⇥32⇥128
1⇥1⇥128
1⇥1⇥128

kernel
param FLPS
7⇥7⇥3, 2
9K 115M
3⇥3⇥64, 2
0
0
1⇥1⇥64, 1 4K 13M
3⇥3⇥64, 1 111K 335M
0
3⇥3⇥192, 2
0
1⇥1⇥192, 1 37K 29M
3⇥3⇥192, 1 664K 521M
3⇥3⇥384, 2
0
1⇥1⇥384, 1 148K 29M
3⇥3⇥384, 1 885K 173M
1⇥1⇥256, 1 66K 13M
3⇥3⇥256, 1 590K 116M
1⇥1⇥256, 1 66K 13M
3⇥3⇥256, 1 590K 116M
3⇥3⇥256, 2
0
0
maxout p=2 103M 103M
maxout p=2 34M 34M
524K 0.5M
0
140M 1.6B

Table 1. NN1.
This table show the structure of our
Zeiler&Fergus [22] based model with 1⇥1 convolutions inspired by [9].
The input and output sizes are described
in rows ⇥ cols ⇥ #f ilters.
The kernel is specified as
rows ⇥ cols, stride and the maxout [6] pooling size as p = 2.

In all our experiments we train the CNN using Stochastic
radient Descent (SGD) with standard backprop [8, 11] and
daGrad [5]. In most experiments we start with a learning
te of 0.05 which we lower to finalize the model. The modSebastian Raschka
STAT 479: Deep Learning
SS 2019
s are initialized from random, similar to [16], and trained
(between 500M-1.6B). Some of these models are dramati-
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FaceNet - Results
Schroff, Florian, Dmitry Kalenichenko, and James Philbin. "Facenet: A unified embedding for face recognition
and clustering." In Proceedings of the IEEE conference on computer vision and pattern recognition, pp.
815-823. 2015.

jpeg q
10
20
30
50
70
90

val-rate
67.3%
81.4%
83.9%
85.5%
86.1%
86.5%

#pixels
1,600
6,400
14,400
25,600
65,536

val-rate
37.8%
79.5%
84.5%
85.7%
86.4%

Table 4. Image Quality. The table on the left shows the effect on
the validation rate at 10E -3 precision with varying JPEG quality.
The one on the right shows how the image size in pixels effects the
validation rate at 10E -3 precision. This experiment was done with
NN1 on the first split of our test hold-out dataset.
Sebastian Raschka
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Table 4. Image Quality. The table on the left shows the effect on
the validation rate at 10E -3 precision with varying JPEG quality.
Schroff, Florian,
Dmitry
Jameshow
Philbin.
A unified
embedding
for face
The
oneKalenichenko,
on the rightand
shows
the"Facenet:
image size
in pixels
effects
therecognition
and clustering." In Proceedings of the IEEE conference on computer vision and pattern recognition, pp.
815-823. 2015.validation rate at 10 E -3 precision. This experiment was done with
NN1 on the first split of our test hold-out dataset.

#dims
64
128
256
512

VAL
86.8% ± 1.7
87.9% ± 1.9
87.7% ± 1.9
85.6% ± 2.0

Table 5. Embedding Dimensionality. This Table compares the
effect of the embedding dimensionality of our model NN1 on our
hold-out set from section 4.1. In addition to the VAL at 10E -3
we also show the standard error of the mean computed across five
splits.
Sebastian
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FaceNet - Results
Schroff, Florian, Dmitry Kalenichenko, and James Philbin. "Facenet: A unified embedding for face recognition
and clustering." In Proceedings of the IEEE conference on computer vision and pattern recognition, pp.
815-823. 2015.

effect on
G quality.
ffects the
done with

#training images
2,600,000
26,000,000
52,000,000
260,000,000

VAL
76.3%
85.1%
85.1%
86.2%

Table 6. Training Data Size. This table compares the performance
after 700h of training for a smaller model with 96x96 pixel inputs.
The model architecture is similar to NN2, but without the 5x5 convolutions in the Inception modules.
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Table 4. Image Quality. The table on the left shows the effect on
the validation rate at 10E -3 precision with varying JPEG quality.
Schroff, Florian,
Dmitry
Jameshow
Philbin.
A unified
embedding
for face
The
oneKalenichenko,
on the rightand
shows
the"Facenet:
image size
in pixels
effects
therecognition
and clustering." In Proceedings of the IEEE conference on computer vision and pattern recognition, pp.
815-823. 2015.validation rate at 10 E -3 precision. This experiment was done with
NN1 on the first split of our test hold-out dataset.

#dims
64
128
256
512

VAL
86.8% ± 1.7
87.9% ± 1.9
87.7% ± 1.9
85.6% ± 2.0

Table 5. Embedding Dimensionality. This Table compares the
effect of the embedding dimensionality of our model NN1 on our
hold-out set from section 4.1. In addition to the VAL at 10E -3
we also show the standard error of the mean computed across five
splits.
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Raschka
479: Deep
SStrained
2019
mance.
This
is notable,STAT
because
theLearning
network was
on

28

...

L2

DEEP ARCHITECTURE

Batch

E
M
B
E
D
D
I
N
G

Triplet
Loss

Figure 2. Model structure. Our network consists of a batch input layer and a deep CNN followed by L2 normalization, which
results in the face embedding. This is followed by the triplet loss
during training.

where ↵ is a margin that is enforced between positive
negative pairs. T is the set of all possible triplets i
training set and has cardinality N .
The loss that is being minimized is then L =
N h
X
i

kf (xai )

2
f (xpi )k2

kf (xai )

2
f (xni )k2

+↵

i

Generating all possible triplets would result in m
Suppose we have 2 L2-normalized vectors: triplets that are easily satisfied (i.e. fulfill the cons
in Eq. (1)). These triplets would not contribute to the t
2
2
ing and result in slower convergence, as they would
be passed through the network. It is crucial to select
Figure 3. The Triplet Loss minimizes the distance between an antriplets, that are active and can therefore contribute to
chor and a positive, both of which have the same identity, and
proving
the cosine
model. The
following section talks abou
The
squared
L2
distance
is
then
proportional
to
the
similarity
maximizes the distance between the anchor and a negative of a
different approaches we use for the triplet selection.

kxk = kyk = 1
<latexit sha1_base64="R1Mm8Q5ncpaF5Dw/LmKG+zTkrng=">AAACEHicbZDLSsNAFIYn9VbrLerSzWARXZWkCroRim5cVrAXaEKYTCft0MmFmYkY0jyCG1/FjQtF3Lp059s4aSNq6w8DP985hznndyNGhTSMT620sLi0vFJeraytb2xu6ds7bRHGHJMWDlnIuy4ShNGAtCSVjHQjTpDvMtJxR5d5vXNLuKBhcCOTiNg+GgTUoxhJhRz90BpbPpJD10vvMmvspPXs/Acl38h09KpRMyaC88YsTBUUajr6h9UPceyTQGKGhOiZRiTtFHFJMSNZxYoFiRAeoQHpKRsgnwg7nRyUwQNF+tALuXqBhBP6eyJFvhCJ76rOfFMxW8vhf7VeLL0zO6VBFEsS4OlHXsygDGGeDuxTTrBkiTIIc6p2hXiIOMJSZVhRIZizJ8+bdr1mHtfq1yfVxkURRxnsgX1wBExwChrgCjRBC2BwDx7BM3jRHrQn7VV7m7aWtGJmF/yR9v4FApadzw==</latexit>

different identity.2

kx

>

yk2 = (x

y) (x

y)

3.2. Triplet Selection

>
>end
In order to ensure fast convergence it is crucial to s
in the end-to-end learning>of the whole system.
To this
triplets that violate the triplet constraint in Eq. (1).
we employ the triplet loss that directly reflects what we want
p
a
means
that,
given
x
,
we
want
to
select
an
x
to achieve in face verification, recognition
and
clustering.
i
i (hard
>
2
Namely, we strive for an embedding f (x), from an image
itive) such that argmaxxpi kf (xai ) f (xpi )k2 and sim
x into a feature space Rd , such that the squared distance
x>that
y argminxni kf (xai ) f (xni
xni (hard negative) such
between all faces, independent of imaging conditions,where
of
cos(x,
y) = to compute the
2 [ argmin
1, 1] and arg
It is infeasible
kxk · kyk
the same identity is small, whereas the squared distance beacross the whole training set. Additionally, it might
tween a pair of face images from different identities is large.
to poor training,SSas2019
mislabelled and poorly imaged
Sebastian
Raschka
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Although we did not a do direct comparison to other
would dominate the hard positives and negatives. Ther

=x x

2x y + y y

=2

2x y

=2

2 cos(x, y)

<latexit sha1_base64="YysXGFIdYoo+fPWRW/Qv1jx2ocY="></latexit>
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Optional: Recent Triplet Loss Variants
(not required), only for those who are interested
• Cosine Similarity-based triplet loss:
Li, Chao, Xiaokong Ma, Bing Jiang, Xiangang Li, Xuewei Zhang, Xiao Liu, Ying
Cao, Ajay Kannan, and Zhenyao Zhu. "Deep speaker: an end-to-end neural
speaker embedding system." arXiv preprint arXiv:1705.02304 (2017).

• Angular Loss:
Wang, Jian, Feng Zhou, Shilei Wen, Xiao Liu, and Yuanqing Lin. "Deep metric
learning with angular loss." In Proceedings of the IEEE International Conference
on Computer Vision, pp. 2593-2601. 2017.

• Large margin cosine loss:
Wang, Hao, Yitong Wang, Zheng` Zhou, Xing Ji, Dihong Gong, Jingchao Zhou,
Zhifeng Li, and Wei Liu. "Cosface: Large margin cosine loss for deep face
recognition." In Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition, pp. 5265-5274. 2018.
Sebastian Raschka
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Additional Concepts to Wrap Up the
Intro to Convolutional Neural Networks

Sebastian Raschka
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ConvNets and 3D Inputs
3DConv
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3D
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33
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Conv
Conv
Conv
3D Temporal Transition Layer

Figure 1: Temporal 3D ConvNet (T3D). Our Temporal Transition Layer (TTL) is applied to our DenseNet3D. T3D uses
video clips as input. The 3D feature-maps from the clips are densely propagated throughout the network. The TTL operates
Diba, Ali,onMohsen
Fayyaz,
Vivek
Sharma,
Amir Hossein
Karami,
Mohammad
Mahdi
Arzani,
Rahman
Yousefzadeh,
and Luc
the different
temporal
depths,
thus allowing
the model
to capture
the appearance
and
temporal
information
from the short,
Van Gool.
"Temporal
3d convnets:
New
architecture
andistransfer
learning
for video classification." arXiv preprint arXiv:
mid,
and long-range
terms. The
output
of the network
a video-level
prediction.
1711.08200 (2017).
agation, and state-of-the-art performance on image classiral depths. The advantage of TTL is that it captures the short,
fication tasks. In specific, (i) we modify 2D DenseNet
mid, and long term dynamics, that embody important inby replacing the 2D kernels by 3D kernels in the standard
formation not captured when working with some fixed temDenseNet architecture and we present it as DenseNet3D;
poral depth homogeneously throughout the network. The
and (ii) introducing our new Temporal 3D ConvNets (T3D)
feature-map of lth layer is fed as input to the TTL layer,
0
by deploying 3D temporal transition layer (TTL) instead of
T T L : x ! x , resulting in a dense-aggregated feature rep0
0
0
transition layer in DenseNet. In both setups, the building
resentation x , where x 2 Rh⇥w⇥c and x 2 Rh⇥w⇥c .
blocks of the network and the architecture choices proposed
In specific, the feature-map from lth , xl is convolved with
in [17] are kept same.
K variable 3D convolution kernel temporal depths, resultNotation. The output feature-maps of the 3D Convoluing to intermediate feature-maps {S1 , S2 , . . . , SK }, S1 2
th
Sebastian
h⇥w⇥c1 Learningh⇥w⇥c2
h⇥w⇥cK
tions and pooling
kernels atRaschka
the l layer extractedSTAT
for an 479:RDeep
, S2 2 R
, SK SS
2 R2019
, where c1 ,

Also very popular for Medical Imaging (MRI, CT scans ...)

h⇥w⇥c
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ConvNets and 3D Inputs

Same concept as before except
that we now have 3D
images and kernels

X2R
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n1 ⇥n2 ⇥cin

W2R
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m1 ⇥m2 ⇥cin ⇥cout
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ConvNets and 3D Inputs
Usage is similar to Conv2d, except that we now have 3 dimensional
kernels

https://pytorch.org/docs/stable/nn.html?highlight=conv3d#torch.nn.functional.conv3d

Sebastian Raschka
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ConvNets for Text with 1D Convolutions
We can think of text as image with width 1

This

Is

Sebastian Raschka
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ConvNets for Text with 1D Convolutions
We can think of text as image with width 1

This

Is

my

great

sentence

(concatenated
word embeddings)

https://pytorch.org/docs/stable/nn.html#conv1d

Sebastian Raschka
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Dilated Convolutions
o=

i + 2p

k

(k
s

1)(d
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1)

⌫

+1

A 2-dilated 2D convolution

Dumoulin, Vincent, and Francesco Visin. "A guide to
convolution arithmetic for deep learning." arXiv preprint
arXiv:1603.07285 (2016).
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CNNs for Text (with 2D Convolutions)
Good results have also been achieved by representing a sentence
as a matrix of word vectors and applying 2D convolutions
(where each filter uses a diﬀerent kernel size)
wait
for
the
video
and
do
n't
rent
it
n x k representation of
sentence with static and
non-static channels

Convolutional layer with
multiple filter widths and
feature maps

Max-over-time
pooling

Fully connected layer
with dropout and
softmax output

Figure 1: Model architecture with two channels for an example sentence.

Kim,
Y. (2014).
Convolutional
preprinttraining
arXiv:1408.5882.
necessary)
is represented
as neural networks for sentence
thatclassification.
is kept static arXiv
throughout
and one that

x1:n =Sebastian
x1 x2 Raschka
. . . xn ,

is fine-tuned via backpropagation (section 3.2).2
STAT
Learning
SS 2019 illustrated in fig(1)479:InDeep
the multichannel
architecture,
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Transfer Learning
• A technique that may be useful for your class projects
• Key idea:
✦ Feature extraction layers may be generally useful
✦ Use a pre-trained model (e.g., pretrained on ImageNet)
✦ Freeze the weights: Only train last layer (or last few layers)
• Related approach: Finetuning, train a pre-trained network on your
smaller dataset

Sebastian Raschka
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Transfer Learning
PyTorch implementation: https://github.com/rasbt/stat479-deep-learningss19/blob/master/L13_intro-cnn/code/vgg16.ipynb
Visualization from
https://www.cs.toronto.edu/~frossard/post/vgg16/

VGG-16
Simonyan, Karen, and Andrew Zisserman. "Very deep convolutional networks for large-scale
image recognition." arXiv preprint arXiv:1409.1556 (2014).
Sebastian Raschka
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Transfer Learning
PyTorch implementation: https://github.com/rasbt/stat479-deep-learningss19/blob/master/L13_intro-cnn/code/vgg16.ipynb
Visualization from
https://www.cs.toronto.edu/~frossard/post/vgg16/

Freeze

VGG-16

Replace

Simonyan, Karen, and Andrew Zisserman. "Very deep convolutional networks for large-scale
image recognition." arXiv preprint arXiv:1409.1556 (2014).
Sebastian Raschka
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Transfer Learning
https://pytorch.org/docs/stable/torchvision/models.html

Sebastian Raschka

STAT 479: Deep Learning

SS 2019

42

Transfer Learning
https://pytorch.org/docs/stable/torchvision/models.html
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Transfer Learning Example
PyTorch example: https://github.com/rasbt/stat479-deep-learning-ss19/
blob/master/L13_intro-cnn/code/vgg16-transferlearning.ipynb
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Pre-Trained Models for Text

https://modelzoo.co/model/pytorch-nlp

Sebastian Raschka
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(Optional) News

Sebastian Raschka
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top-1 valiodel archir choice of
ughout this

Figure 2: Top1 vs. operations, size / parameters.
Top-1 one-crop accuracy versus amount of operations
required for a single forward pass. The size of the
Sebastian
479: Deep
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SS 2019
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https://arxiv.org/abs/1904.01569

Based on neural architecture search (NAS) and stochastic network generators
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https://arxiv.org/abs/1904.01569

Based on neural architecture search (NAS) and stochastic network generators
Sebastian Raschka
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https://arxiv.org/abs/1904.01569

Also utilizes an
LSTM controller with
probabilistic behavior
(will discuss LSTMs in a diﬀerent
context next lecture)

Based on neural architecture search (NAS) and stochastic network generators
Sebastian Raschka
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Remaining Course Topics

http://pages.stat.wisc.edu/~sraschka/teaching/stat479-ss2019/#calendar
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