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Nuclear shape deformation
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Deformed Woods-Saxon
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• Deformed Woods-Saxon can  
parameterize shape deformation 
using 2 parameters 

•  

•       changes shapes vertically, from 
oblate (pumpkin-like) to prolate  
(egg-like)

•       changes shapes horizontally, from 
dips to bumps 
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The motivation

• Nuclear structure plays an important role in explaining 
the experimental data of heavy ion collisions

• Ultra-central puzzle for anisotropic flow 

• Chiral magnetic effect by isobaric collisions  

• Mechanism of initial state entropy deposition

Nuclear structure from heavy ion collisions?

96
40Ziconium vs

96
44Ruthenium



Anisotropic flow of heavy ion collisions
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Fig from: Phenomenological Review on Quark–Gluon Plasma: Concepts vs. Observations, By Roman Pasechnik and 
Michal Sumbera
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Fluctuations from nucleon distributions

 6

Au U



Fluctuations from Euler Rotations
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Figure 2: (color-online) Several typical collision patterns of deformed nucleus (�
2

= 0.5,�
4

= 0)

with zero impact parameter.

z-axis, the first rotation Rz(↵) can be ignored. Notice that in order to make sure that the sampled

rotations are isotropic, the tilt angle ✓ along y-axis should be sampled according to a uniform

distribution cos(✓) 2 U [�1, 1), while the spin angle � along z-axis should be sampled according

to a uniform distribution � 2 U [0, 2⇡). In this case, in order to make a fair comparison between

the probability of tip-tip and body-body collisions, one has to choose the equal cos ✓ window other

than ✓ window (otherwise there are much fewer tip-tip collisions than body-body aligned events).

Here we have prepared 51x51=2601 groups of deformed U nucleus with 51 �
2

2 [�0.5, 0.5] and 51

�
4

2 [�0.2, 0.2], for each group we simulate 100000 collisions with all possible collision distances and

orientations, from which we further select half of the events with highest total entropy (corresponds

to centrality 0� 50% collisions). The total entropy s
0

and geometric eccentricity ✏
2

are calculated

for each single event.

In experiment, the directly accessible information is the number of final state charged hadrons

at mid-rapidity dN
ch

/dY |Y=0

and the momentum anisotropy v
2

of final state hadrons. It is shown

in many studies that dN
ch

/dY |Y=0

is proportional to the total entropy s
0

at initial state and the

v
2

can be approximated by the initial state geometric eccentricity "
2

= hy2�x2i/hy2+x2i, where x

and y are the transverse coordinates in the overlapped regions of collision, h· · · i represents weighted

average where weights are given by the local entropy density s(x, y). The geometric eccentricity

at initial state transform to momentum anisotropy at final state through relativistic hydrodynamic

expansion of the strongly coupled quark gluon plasma. To make the current method directly

high multiplicity, small v2
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Figure 2: (color-online) Several typical collision patterns of deformed nucleus (�
2

= 0.5,�
4

= 0)

with zero impact parameter.

z-axis, the first rotation Rz(↵) can be ignored. Notice that in order to make sure that the sampled

rotations are isotropic, the tilt angle ✓ along y-axis should be sampled according to a uniform

distribution cos(✓) 2 U [�1, 1), while the spin angle � along z-axis should be sampled according

to a uniform distribution � 2 U [0, 2⇡). In this case, in order to make a fair comparison between

the probability of tip-tip and body-body collisions, one has to choose the equal cos ✓ window other

than ✓ window (otherwise there are much fewer tip-tip collisions than body-body aligned events).

Here we have prepared 51x51=2601 groups of deformed U nucleus with 51 �
2

2 [�0.5, 0.5] and 51

�
4

2 [�0.2, 0.2], for each group we simulate 100000 collisions with all possible collision distances and

orientations, from which we further select half of the events with highest total entropy (corresponds

to centrality 0� 50% collisions). The total entropy s
0

and geometric eccentricity ✏
2

are calculated

for each single event.

In experiment, the directly accessible information is the number of final state charged hadrons

at mid-rapidity dN
ch

/dY |Y=0

and the momentum anisotropy v
2

of final state hadrons. It is shown

in many studies that dN
ch

/dY |Y=0

is proportional to the total entropy s
0

at initial state and the

v
2

can be approximated by the initial state geometric eccentricity "
2

= hy2�x2i/hy2+x2i, where x

and y are the transverse coordinates in the overlapped regions of collision, h· · · i represents weighted

average where weights are given by the local entropy density s(x, y). The geometric eccentricity

at initial state transform to momentum anisotropy at final state through relativistic hydrodynamic

expansion of the strongly coupled quark gluon plasma. To make the current method directly

Training data from Trento + mapping
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fully overlapped collisions 
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Figure 2: (color-online) Several typical collision patterns of deformed nucleus (�
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4

= 0)

with zero impact parameter.

z-axis, the first rotation Rz(↵) can be ignored. Notice that in order to make sure that the sampled

rotations are isotropic, the tilt angle ✓ along y-axis should be sampled according to a uniform

distribution cos(✓) 2 U [�1, 1), while the spin angle � along z-axis should be sampled according

to a uniform distribution � 2 U [0, 2⇡). In this case, in order to make a fair comparison between

the probability of tip-tip and body-body collisions, one has to choose the equal cos ✓ window other

than ✓ window (otherwise there are much fewer tip-tip collisions than body-body aligned events).
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2
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4

2 [�0.2, 0.2], for each group we simulate 100000 collisions with all possible collision distances and

orientations, from which we further select half of the events with highest total entropy (corresponds

to centrality 0� 50% collisions). The total entropy s
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and geometric eccentricity ✏
2

are calculated

for each single event.

In experiment, the directly accessible information is the number of final state charged hadrons

at mid-rapidity dN
ch

/dY |Y=0

and the momentum anisotropy v
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of final state hadrons. It is shown

in many studies that dN
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average where weights are given by the local entropy density s(x, y). The geometric eccentricity
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expansion of the strongly coupled quark gluon plasma. To make the current method directly
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applicable to experiment, we match the "
2

to v
2

through heuristic equation [42, 43],

v
2

= k
2

"
2

+ k0
2

"3
2

+ �
2

(3)

where the coefficients k
2

= 0.2, k0
2

= 0.1 and �
2

is the residual that additionally introduces 10%

fluctuations. The total entropy is self-normalized with the mean entropy of the 0�1% most central

collisions for each nuclear shape deformation. The self-normalization makes the method applicable

to experimental data because

dN
ch

/dY |
normed

=

dN
ch

/dY

hdN
ch

/dY i
most central

⇡ s
0

hs
0

i
most central

(4)

We thus have 2601 groups of event-by-event distributions of (dN
ch

/dY |
normed

, v
2

). The data is

divided into 3 groups, 80% for training, 10% for validating and 10% for testing. Data augmentation

is usually used to enlarge the size of the dataset for deep convolution neural network, here for each

event-by-event distribution with 50000 data points, we randomly sample 90% from them to create

a new image. Using this way, the augmented data have 160000 events for training, 16000 for

validating and 16000 for testing.

C. Deep regression network and Activation Mask

Shown in Fig. 3 is the 34-layer deep neural network for the regression task. The residual blocks

make it possible to design very deep neural network for image classifications. And the squeeze

excitation operation additionally push the image classification to the state-of-the-art. We verify that

the very deep residual neural network designed for image classification also works well on regression

task. Our inputs are images of 2 dimensional event-by-event distributions of (dN
ch

/dY |
normed

, v
2

)

in 56⇥ 56 bins. The input image is first processed with 2 dimensional convolution, then it is feed

to blue residual blocks where the output feature maps have the same transverse size as the input

image, afterwards, the feature maps are feed to several green residual blocks with each reduce the

width and height by a factor of 2, if it is the first residual block in the green box. All the residual

blocks have one “add” operation and the last “add” layer has name “add_16”. We have used global

average pooling layer [15] to get the mean of each feature map with size 7⇥ 7 for the 512 channels.

This 512 neurons are connected to 2 neurons in the final output layer to make predictions for the

nuclear deformation parameter |�
2

| and |�
4

|. One reason to use this very deep residual neural

network is to verify whether a deep network can learn the sign of the �
2

where a shallow network

has already failed. And the residual neural network also has better interpretability than VGG-like

network as shown in the paper [25].

where provides 10% residual fluctuations

dN
ch

/d Y |
normed

=
dN

ch

/dY

hdN
ch

/dY i
most central

⇡ s
0

hs
0

i
most central
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Figure 2: (color-online) Several typical collision patterns of deformed nucleus (�
2

= 0.5,�
4

= 0)

with zero impact parameter.

z-axis, the first rotation Rz(↵) can be ignored. Notice that in order to make sure that the sampled

rotations are isotropic, the tilt angle ✓ along y-axis should be sampled according to a uniform

distribution cos(✓) 2 U [�1, 1), while the spin angle � along z-axis should be sampled according

to a uniform distribution � 2 U [0, 2⇡). In this case, in order to make a fair comparison between

the probability of tip-tip and body-body collisions, one has to choose the equal cos ✓ window other

than ✓ window (otherwise there are much fewer tip-tip collisions than body-body aligned events).

Here we have prepared 51x51=2601 groups of deformed U nucleus with 51 �
2

2 [�0.5, 0.5] and 51

�
4

2 [�0.2, 0.2], for each group we simulate 100000 collisions with all possible collision distances and

orientations, from which we further select half of the events with highest total entropy (corresponds

to centrality 0� 50% collisions). The total entropy s
0

and geometric eccentricity ✏
2

are calculated

for each single event.

In experiment, the directly accessible information is the number of final state charged hadrons

at mid-rapidity dN
ch

/dY |Y=0

and the momentum anisotropy v
2

of final state hadrons. It is shown

in many studies that dN
ch

/dY |Y=0

is proportional to the total entropy s
0

at initial state and the

v
2

can be approximated by the initial state geometric eccentricity "
2

= hy2�x2i/hy2+x2i, where x

and y are the transverse coordinates in the overlapped regions of collision, h· · · i represents weighted

average where weights are given by the local entropy density s(x, y). The geometric eccentricity

at initial state transform to momentum anisotropy at final state through relativistic hydrodynamic

expansion of the strongly coupled quark gluon plasma. To make the current method directly

inputs outputs

Deep neural network

(�2,�4) = (0.5, 0.2)

(�2,�4) = (0, 0)



Deep neural network
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with the numbers of neurons as hyper-parameters. The connections between two layers form

a trainable weight matrix W . Each layer (except the input layer) learns representations of its

previous layer through firstly a linear operation z = xW +b and then use it as the argument

of an activation function �(z). The linear operation can perform various operations, such

as scaling, rotating, boosting, increasing or decreasing dimensions, on the vector x, with

the bias b a trainable parameter. �(z) activates the neurons of the present layer with their

values and computes the correlations between the neurons of the previous layer. By stacking

with multiple hidden layers, the deep neural network may learn high-level representations

that can be classified or interpreted easily. The activation functions used in our study are

shown in Fig. 4.

0

1

0 0

(a) Sigmoid (b) ReLU (c) PReLU

�(z) =
1

1 + exp(�z)
�(z) =

�
z, z > 0
az, z � 0

�(z) =

�
z, z > 0
0, z � 0

FIG. 4. (a) Sigmoid, the logistic function which has an ‘S’ shaped curve (b) ReLU, rectified linear

unit that activates the neuron when z > 0 and (c) PReLU parametric rectified linear unit that

additionally activates leaky neurons at z < 0 with learnable parameter a.

Loss function l(✓) is the di↵erence between the true value y (from the input of supervised

learning) and the predicted value ŷ = f(x, ✓) by the neural network in a forward pass. l(✓) is

minimized during the training by adjusting network parameter ✓. The simplest loss function

is the mean square error l(✓) =
P

i

(ŷ
i

� y

i

)2. In this paper we use the cross entropy loss

function from information theory,

l(✓) = � 1

N

NX

i=1

[y
i

log ŷ
i

+ (1 � y

i

) log(1 � ŷ

i

)] (2)

With L1 or L2 regularizations, the loss function receives another term used to constrain the

zj =
NX

i=1

xiwij + bj

Fig from CS231N, Stanford

xi

wij hj

bj

ŷ

Forward pass

Linear operation Non-linear activation function hj = �(zj)

f(x, ✓)
<latexit sha1_base64="dtvFeGGI91JjbpxaVittXVUDi8c=">AAAB8nicdVDLSgNBEJz1GeMr6tHLYBAiSNgJYpJb0IvHCK4JZJcwO5lNhsw+mOkVw5Lf8OJBxatf482/cTaJoKIFDUVVN91dfiKFBtv+sJaWV1bX1gsbxc2t7Z3d0t7+rY5TxbjDYhmrrk81lyLiDgiQvJsoTkNf8o4/vsz9zh1XWsTRDUwS7oV0GIlAMApGcoPK/Sl2YcSBnvRLZbtq2zYhBOeE1M9tQ5rNRo00MMktgzJaoN0vvbuDmKUhj4BJqnWP2Al4GVUgmOTToptqnlA2pkPeMzSiIddeNrt5io+NMsBBrExFgGfq94mMhlpPQt90hhRG+reXi395vRSChpeJKEmBR2y+KEglhhjnAeCBUJyBnBhCmRLmVsxGVFEGJqaiCeHrU/w/cWrVZpVcn5VbF4s0CugQHaEKIqiOWugKtZGDGErQA3pCz1ZqPVov1uu8dclazBygH7DePgGGxJDp</latexit><latexit sha1_base64="dtvFeGGI91JjbpxaVittXVUDi8c=">AAAB8nicdVDLSgNBEJz1GeMr6tHLYBAiSNgJYpJb0IvHCK4JZJcwO5lNhsw+mOkVw5Lf8OJBxatf482/cTaJoKIFDUVVN91dfiKFBtv+sJaWV1bX1gsbxc2t7Z3d0t7+rY5TxbjDYhmrrk81lyLiDgiQvJsoTkNf8o4/vsz9zh1XWsTRDUwS7oV0GIlAMApGcoPK/Sl2YcSBnvRLZbtq2zYhBOeE1M9tQ5rNRo00MMktgzJaoN0vvbuDmKUhj4BJqnWP2Al4GVUgmOTToptqnlA2pkPeMzSiIddeNrt5io+NMsBBrExFgGfq94mMhlpPQt90hhRG+reXi395vRSChpeJKEmBR2y+KEglhhjnAeCBUJyBnBhCmRLmVsxGVFEGJqaiCeHrU/w/cWrVZpVcn5VbF4s0CugQHaEKIqiOWugKtZGDGErQA3pCz1ZqPVov1uu8dclazBygH7DePgGGxJDp</latexit><latexit sha1_base64="dtvFeGGI91JjbpxaVittXVUDi8c=">AAAB8nicdVDLSgNBEJz1GeMr6tHLYBAiSNgJYpJb0IvHCK4JZJcwO5lNhsw+mOkVw5Lf8OJBxatf482/cTaJoKIFDUVVN91dfiKFBtv+sJaWV1bX1gsbxc2t7Z3d0t7+rY5TxbjDYhmrrk81lyLiDgiQvJsoTkNf8o4/vsz9zh1XWsTRDUwS7oV0GIlAMApGcoPK/Sl2YcSBnvRLZbtq2zYhBOeE1M9tQ5rNRo00MMktgzJaoN0vvbuDmKUhj4BJqnWP2Al4GVUgmOTToptqnlA2pkPeMzSiIddeNrt5io+NMsBBrExFgGfq94mMhlpPQt90hhRG+reXi395vRSChpeJKEmBR2y+KEglhhjnAeCBUJyBnBhCmRLmVsxGVFEGJqaiCeHrU/w/cWrVZpVcn5VbF4s0CugQHaEKIqiOWugKtZGDGErQA3pCz1ZqPVov1uu8dclazBygH7DePgGGxJDp</latexit><latexit sha1_base64="dtvFeGGI91JjbpxaVittXVUDi8c=">AAAB8nicdVDLSgNBEJz1GeMr6tHLYBAiSNgJYpJb0IvHCK4JZJcwO5lNhsw+mOkVw5Lf8OJBxatf482/cTaJoKIFDUVVN91dfiKFBtv+sJaWV1bX1gsbxc2t7Z3d0t7+rY5TxbjDYhmrrk81lyLiDgiQvJsoTkNf8o4/vsz9zh1XWsTRDUwS7oV0GIlAMApGcoPK/Sl2YcSBnvRLZbtq2zYhBOeE1M9tQ5rNRo00MMktgzJaoN0vvbuDmKUhj4BJqnWP2Al4GVUgmOTToptqnlA2pkPeMzSiIddeNrt5io+NMsBBrExFgGfq94mMhlpPQt90hhRG+reXi395vRSChpeJKEmBR2y+KEglhhjnAeCBUJyBnBhCmRLmVsxGVFEGJqaiCeHrU/w/cWrVZpVcn5VbF4s0CugQHaEKIqiOWugKtZGDGErQA3pCz1ZqPVov1uu8dclazBygH7DePgGGxJDp</latexit>

cat? 
dog?

where ✓ = {wij , bj}
<latexit sha1_base64="09I3YD0mhsA+e1BpqYv41v32AJY=">AAACEHicbVDJSgNBEO1xjXGLevTSGEQPEmZU0IsQ9OIxglkgE4aeTsV00rPQXWMIw3yCF3/FiwdFvHr05t/YWQ5qfFDweK+Kqnp+LIVG2/6y5uYXFpeWcyv51bX1jc3C1nZNR4niUOWRjFTDZxqkCKGKAiU0YgUs8CXU/f7VyK/fg9IiCm9xGEMrYHeh6AjO0Ehe4SB1VUAHXVDg0oy62AVk9IK66cBLRS87or7Xo27mFYp2yR6DzhJnSopkiopX+HTbEU8CCJFLpnXTsWNspUyh4BKyvJtoiBnvsztoGhqyAHQrHT+U0X2jtGknUqZCpGP150TKAq2HgW86A4Zd/dcbif95zQQ7561UhHGCEPLJok4iKUZ0lA5tCwUc5dAQxpUwt1LeZYpxNBnmTQjO35dnSe245JyUnJvTYvlyGkeO7JI9ckgcckbK5JpUSJVw8kCeyAt5tR6tZ+vNep+0zlnTmR3yC9bHN0L5nBU=</latexit>
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Input: x
f(x, ✓)

✓ = ✓ � ✏
@L
@✓

gradient decent
back propagation

ŷ network prediction
true answery

L =
X

i

(ŷi � yi)
2

loss function (error)

network

@L

@✓
> 0

<latexit sha1_base64="NjfApuoIftQvO+IoXTh/i/gMyzY="></latexit><latexit sha1_base64="NjfApuoIftQvO+IoXTh/i/gMyzY="></latexit><latexit sha1_base64="NjfApuoIftQvO+IoXTh/i/gMyzY="></latexit><latexit sha1_base64="NjfApuoIftQvO+IoXTh/i/gMyzY="></latexit>@L

@✓
< 0

<latexit sha1_base64="DwCXEOzvQ3rsDjqH3hXeDqqMtgA="></latexit><latexit sha1_base64="DwCXEOzvQ3rsDjqH3hXeDqqMtgA="></latexit><latexit sha1_base64="DwCXEOzvQ3rsDjqH3hXeDqqMtgA="></latexit><latexit sha1_base64="DwCXEOzvQ3rsDjqH3hXeDqqMtgA="></latexit>

@L

@✓
= 0

<latexit sha1_base64="tHlq86A4BJTz+a3QvVGTJrpcVrg="></latexit><latexit sha1_base64="tHlq86A4BJTz+a3QvVGTJrpcVrg="></latexit><latexit sha1_base64="tHlq86A4BJTz+a3QvVGTJrpcVrg="></latexit><latexit sha1_base64="tHlq86A4BJTz+a3QvVGTJrpcVrg="></latexit>

L
<latexit sha1_base64="+ulDbMSIQdrJXEu9JsDrwYDMNJM=">AAAB53icdVDLSsNAFL2pr1pfVZduBovgKiQ19LErunHhogVjhTaUyXTSjp08mJkIJfQL3LhQcesvufNvnLQVVPTAhcM593LvPX7CmVSW9WEUVlbX1jeKm6Wt7Z3dvfL+wY2MU0GoS2Iei1sfS8pZRF3FFKe3iaA49Dnt+pOL3O/eUyFZHF2raUK9EI8iFjCClZY6V4NyxTKbjVrVqSHLtKy6XbVzUq07Zw6ytZKjAku0B+X3/jAmaUgjRTiWsmdbifIyLBQjnM5K/VTSBJMJHtGephEOqfSy+aEzdKKVIQpioStSaK5+n8hwKOU09HVniNVY/vZy8S+vl6qg4WUsSlJFI7JYFKQcqRjlX6MhE5QoPtUEE8H0rYiMscBE6WxKOoSvT9H/xK2aTdPuOJXW+TKNIhzBMZyCDXVowSW0wQUCFB7gCZ6NO+PReDFeF60FYzlzCD9gvH0CceiM5g==</latexit><latexit sha1_base64="+ulDbMSIQdrJXEu9JsDrwYDMNJM=">AAAB53icdVDLSsNAFL2pr1pfVZduBovgKiQ19LErunHhogVjhTaUyXTSjp08mJkIJfQL3LhQcesvufNvnLQVVPTAhcM593LvPX7CmVSW9WEUVlbX1jeKm6Wt7Z3dvfL+wY2MU0GoS2Iei1sfS8pZRF3FFKe3iaA49Dnt+pOL3O/eUyFZHF2raUK9EI8iFjCClZY6V4NyxTKbjVrVqSHLtKy6XbVzUq07Zw6ytZKjAku0B+X3/jAmaUgjRTiWsmdbifIyLBQjnM5K/VTSBJMJHtGephEOqfSy+aEzdKKVIQpioStSaK5+n8hwKOU09HVniNVY/vZy8S+vl6qg4WUsSlJFI7JYFKQcqRjlX6MhE5QoPtUEE8H0rYiMscBE6WxKOoSvT9H/xK2aTdPuOJXW+TKNIhzBMZyCDXVowSW0wQUCFB7gCZ6NO+PReDFeF60FYzlzCD9gvH0CceiM5g==</latexit><latexit sha1_base64="+ulDbMSIQdrJXEu9JsDrwYDMNJM=">AAAB53icdVDLSsNAFL2pr1pfVZduBovgKiQ19LErunHhogVjhTaUyXTSjp08mJkIJfQL3LhQcesvufNvnLQVVPTAhcM593LvPX7CmVSW9WEUVlbX1jeKm6Wt7Z3dvfL+wY2MU0GoS2Iei1sfS8pZRF3FFKe3iaA49Dnt+pOL3O/eUyFZHF2raUK9EI8iFjCClZY6V4NyxTKbjVrVqSHLtKy6XbVzUq07Zw6ytZKjAku0B+X3/jAmaUgjRTiWsmdbifIyLBQjnM5K/VTSBJMJHtGephEOqfSy+aEzdKKVIQpioStSaK5+n8hwKOU09HVniNVY/vZy8S+vl6qg4WUsSlJFI7JYFKQcqRjlX6MhE5QoPtUEE8H0rYiMscBE6WxKOoSvT9H/xK2aTdPuOJXW+TKNIhzBMZyCDXVowSW0wQUCFB7gCZ6NO+PReDFeF60FYzlzCD9gvH0CceiM5g==</latexit><latexit sha1_base64="+ulDbMSIQdrJXEu9JsDrwYDMNJM=">AAAB53icdVDLSsNAFL2pr1pfVZduBovgKiQ19LErunHhogVjhTaUyXTSjp08mJkIJfQL3LhQcesvufNvnLQVVPTAhcM593LvPX7CmVSW9WEUVlbX1jeKm6Wt7Z3dvfL+wY2MU0GoS2Iei1sfS8pZRF3FFKe3iaA49Dnt+pOL3O/eUyFZHF2raUK9EI8iFjCClZY6V4NyxTKbjVrVqSHLtKy6XbVzUq07Zw6ytZKjAku0B+X3/jAmaUgjRTiWsmdbifIyLBQjnM5K/VTSBJMJHtGephEOqfSy+aEzdKKVIQpioStSaK5+n8hwKOU09HVniNVY/vZy8S+vl6qg4WUsSlJFI7JYFKQcqRjlX6MhE5QoPtUEE8H0rYiMscBE6WxKOoSvT9H/xK2aTdPuOJXW+TKNIhzBMZyCDXVowSW0wQUCFB7gCZ6NO+PReDFeF60FYzlzCD9gvH0CceiM5g==</latexit>

✓
<latexit sha1_base64="DIAB+gnSvYzXiIgUFMV9AOthokA=">AAAB7HicdVDLSsNAFJ3UV62vqks3g0VwFZIa+tgV3bisYNpCG8pkOmnHTh7M3Agl9B/cuFBx6we582+ctBVU9MCFwzn3cu89fiK4Asv6MApr6xubW8Xt0s7u3v5B+fCoo+JUUubSWMSy5xPFBI+YCxwE6yWSkdAXrOtPr3K/e8+k4nF0C7OEeSEZRzzglICWOgOYMCDDcsUym41a1alhy7Ssul21c1KtOxcOtrWSo4JWaA/L74NRTNOQRUAFUapvWwl4GZHAqWDz0iBVLCF0Ssasr2lEQqa8bHHtHJ9pZYSDWOqKAC/U7xMZCZWahb7uDAlM1G8vF//y+ikEDS/jUZICi+hyUZAKDDHOX8cjLhkFMdOEUMn1rZhOiCQUdEAlHcLXp/h/4lbNpmnfOJXW5SqNIjpBp+gc2aiOWugatZGLKLpDD+gJPRux8Wi8GK/L1oKxmjlGP2C8fQJwK48+</latexit><latexit sha1_base64="DIAB+gnSvYzXiIgUFMV9AOthokA=">AAAB7HicdVDLSsNAFJ3UV62vqks3g0VwFZIa+tgV3bisYNpCG8pkOmnHTh7M3Agl9B/cuFBx6we582+ctBVU9MCFwzn3cu89fiK4Asv6MApr6xubW8Xt0s7u3v5B+fCoo+JUUubSWMSy5xPFBI+YCxwE6yWSkdAXrOtPr3K/e8+k4nF0C7OEeSEZRzzglICWOgOYMCDDcsUym41a1alhy7Ssul21c1KtOxcOtrWSo4JWaA/L74NRTNOQRUAFUapvWwl4GZHAqWDz0iBVLCF0Ssasr2lEQqa8bHHtHJ9pZYSDWOqKAC/U7xMZCZWahb7uDAlM1G8vF//y+ikEDS/jUZICi+hyUZAKDDHOX8cjLhkFMdOEUMn1rZhOiCQUdEAlHcLXp/h/4lbNpmnfOJXW5SqNIjpBp+gc2aiOWugatZGLKLpDD+gJPRux8Wi8GK/L1oKxmjlGP2C8fQJwK48+</latexit><latexit sha1_base64="DIAB+gnSvYzXiIgUFMV9AOthokA=">AAAB7HicdVDLSsNAFJ3UV62vqks3g0VwFZIa+tgV3bisYNpCG8pkOmnHTh7M3Agl9B/cuFBx6we582+ctBVU9MCFwzn3cu89fiK4Asv6MApr6xubW8Xt0s7u3v5B+fCoo+JUUubSWMSy5xPFBI+YCxwE6yWSkdAXrOtPr3K/e8+k4nF0C7OEeSEZRzzglICWOgOYMCDDcsUym41a1alhy7Ssul21c1KtOxcOtrWSo4JWaA/L74NRTNOQRUAFUapvWwl4GZHAqWDz0iBVLCF0Ssasr2lEQqa8bHHtHJ9pZYSDWOqKAC/U7xMZCZWahb7uDAlM1G8vF//y+ikEDS/jUZICi+hyUZAKDDHOX8cjLhkFMdOEUMn1rZhOiCQUdEAlHcLXp/h/4lbNpmnfOJXW5SqNIjpBp+gc2aiOWugatZGLKLpDD+gJPRux8Wi8GK/L1oKxmjlGP2C8fQJwK48+</latexit><latexit sha1_base64="DIAB+gnSvYzXiIgUFMV9AOthokA=">AAAB7HicdVDLSsNAFJ3UV62vqks3g0VwFZIa+tgV3bisYNpCG8pkOmnHTh7M3Agl9B/cuFBx6we582+ctBVU9MCFwzn3cu89fiK4Asv6MApr6xubW8Xt0s7u3v5B+fCoo+JUUubSWMSy5xPFBI+YCxwE6yWSkdAXrOtPr3K/e8+k4nF0C7OEeSEZRzzglICWOgOYMCDDcsUym41a1alhy7Ssul21c1KtOxcOtrWSo4JWaA/L74NRTNOQRUAFUapvWwl4GZHAqWDz0iBVLCF0Ssasr2lEQqa8bHHtHJ9pZYSDWOqKAC/U7xMZCZWahb7uDAlM1G8vF//y+ikEDS/jUZICi+hyUZAKDDHOX8cjLhkFMdOEUMn1rZhOiCQUdEAlHcLXp/h/4lbNpmnfOJXW5SqNIjpBp+gc2aiOWugatZGLKLpDD+gJPRux8Wi8GK/L1oKxmjlGP2C8fQJwK48+</latexit>

local
minimum
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Deep convolution neural network + Residual Block + Squeeze Excitation block

Lecture 7 - 27 Jan 2016Fei-Fei Li & Andrej Karpathy & Justin JohnsonFei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 201614

32

32

3

Convolution Layer
32x32x3 image
5x5x3 filter

convolve (slide) over all 
spatial locations

activation map

1

28

28

feature map /

a11 a12 a13 a14
a21 a22 a23 a24
a31 a32 a33 a34
a41 a42 a43 a44

<latexit sha1_base64="kqgNbCtTEixgCdHMvIHq8nzzj4s="></latexit><latexit sha1_base64="kqgNbCtTEixgCdHMvIHq8nzzj4s="></latexit><latexit sha1_base64="kqgNbCtTEixgCdHMvIHq8nzzj4s="></latexit><latexit sha1_base64="kqgNbCtTEixgCdHMvIHq8nzzj4s="></latexit>

k11 k12 k13
k21 k22 k23
k31 k32 k33

<latexit sha1_base64="JATnCpa+OOrNgDvyUVtdw1fkQl8="></latexit><latexit sha1_base64="JATnCpa+OOrNgDvyUVtdw1fkQl8="></latexit><latexit sha1_base64="JATnCpa+OOrNgDvyUVtdw1fkQl8="></latexit><latexit sha1_base64="JATnCpa+OOrNgDvyUVtdw1fkQl8="></latexit>

f11 f12
f21 f22

<latexit sha1_base64="5LsYzg4+Cgf+gQV1D2z1XkLLaS0="></latexit><latexit sha1_base64="5LsYzg4+Cgf+gQV1D2z1XkLLaS0="></latexit><latexit sha1_base64="5LsYzg4+Cgf+gQV1D2z1XkLLaS0="></latexit><latexit sha1_base64="5LsYzg4+Cgf+gQV1D2z1XkLLaS0="></latexit>

a11k11 + a12k12 + a13k13

a21k21 + a22k22 + a23k23

a31k31 + a32k32 + a33k33
<latexit sha1_base64="yQ61X3xOL2KqeJtjsDKO/kZ/BbQ="></latexit><latexit sha1_base64="yQ61X3xOL2KqeJtjsDKO/kZ/BbQ="></latexit><latexit sha1_base64="yQ61X3xOL2KqeJtjsDKO/kZ/BbQ="></latexit><latexit sha1_base64="yQ61X3xOL2KqeJtjsDKO/kZ/BbQ="></latexit>

f11 =
<latexit sha1_base64="tDsi8NC3n5BS284qopPBEjMUjUQ=">AAAB8HicbVBNS8NAEJ3Urxq/qh69LBbBU8mKoB6EohePFYwttqFstpt26WYTdjdCCf0XXjyoePXnePPfuGlz0OqDgcd7M8zMC1PBtfG8L6eytLyyulZddzc2t7Z3art79zrJFGU+TUSiOiHRTHDJfMONYJ1UMRKHgrXD8XXhtx+Z0jyRd2aSsiAmQ8kjTomx0oMb9XOMp+jS7dfqXsObAf0luCR1KNHq1z57g4RmMZOGCqJ1F3upCXKiDKeCTd1epllK6JgMWddSSWKmg3x28RQdWWWAokTZkgbN1J8TOYm1nsSh7YyJGelFrxD/87qZic6DnMs0M0zS+aIoE8gkqHgfDbhi1IiJJYQqbm9FdEQUocaGVISAF1/+S/yTxkUD357Wm1dlGlU4gEM4Bgxn0IQbaIEPFCQ8wQu8Otp5dt6c93lrxSln9uEXnI9v2BiPQg==</latexit><latexit sha1_base64="tDsi8NC3n5BS284qopPBEjMUjUQ=">AAAB8HicbVBNS8NAEJ3Urxq/qh69LBbBU8mKoB6EohePFYwttqFstpt26WYTdjdCCf0XXjyoePXnePPfuGlz0OqDgcd7M8zMC1PBtfG8L6eytLyyulZddzc2t7Z3art79zrJFGU+TUSiOiHRTHDJfMONYJ1UMRKHgrXD8XXhtx+Z0jyRd2aSsiAmQ8kjTomx0oMb9XOMp+jS7dfqXsObAf0luCR1KNHq1z57g4RmMZOGCqJ1F3upCXKiDKeCTd1epllK6JgMWddSSWKmg3x28RQdWWWAokTZkgbN1J8TOYm1nsSh7YyJGelFrxD/87qZic6DnMs0M0zS+aIoE8gkqHgfDbhi1IiJJYQqbm9FdEQUocaGVISAF1/+S/yTxkUD357Wm1dlGlU4gEM4Bgxn0IQbaIEPFCQ8wQu8Otp5dt6c93lrxSln9uEXnI9v2BiPQg==</latexit><latexit sha1_base64="tDsi8NC3n5BS284qopPBEjMUjUQ=">AAAB8HicbVBNS8NAEJ3Urxq/qh69LBbBU8mKoB6EohePFYwttqFstpt26WYTdjdCCf0XXjyoePXnePPfuGlz0OqDgcd7M8zMC1PBtfG8L6eytLyyulZddzc2t7Z3art79zrJFGU+TUSiOiHRTHDJfMONYJ1UMRKHgrXD8XXhtx+Z0jyRd2aSsiAmQ8kjTomx0oMb9XOMp+jS7dfqXsObAf0luCR1KNHq1z57g4RmMZOGCqJ1F3upCXKiDKeCTd1epllK6JgMWddSSWKmg3x28RQdWWWAokTZkgbN1J8TOYm1nsSh7YyJGelFrxD/87qZic6DnMs0M0zS+aIoE8gkqHgfDbhi1IiJJYQqbm9FdEQUocaGVISAF1/+S/yTxkUD357Wm1dlGlU4gEM4Bgxn0IQbaIEPFCQ8wQu8Otp5dt6c93lrxSln9uEXnI9v2BiPQg==</latexit><latexit sha1_base64="tDsi8NC3n5BS284qopPBEjMUjUQ=">AAAB8HicbVBNS8NAEJ3Urxq/qh69LBbBU8mKoB6EohePFYwttqFstpt26WYTdjdCCf0XXjyoePXnePPfuGlz0OqDgcd7M8zMC1PBtfG8L6eytLyyulZddzc2t7Z3art79zrJFGU+TUSiOiHRTHDJfMONYJ1UMRKHgrXD8XXhtx+Z0jyRd2aSsiAmQ8kjTomx0oMb9XOMp+jS7dfqXsObAf0luCR1KNHq1z57g4RmMZOGCqJ1F3upCXKiDKeCTd1epllK6JgMWddSSWKmg3x28RQdWWWAokTZkgbN1J8TOYm1nsSh7YyJGelFrxD/87qZic6DnMs0M0zS+aIoE8gkqHgfDbhi1IiJJYQqbm9FdEQUocaGVISAF1/+S/yTxkUD357Wm1dlGlU4gEM4Bgxn0IQbaIEPFCQ8wQu8Otp5dt6c93lrxSln9uEXnI9v2BiPQg==</latexit>
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Deep convolution neural network + Residual Block + Squeeze Excitation block

Lecture 7 - 27 Jan 2016Fei-Fei Li & Andrej Karpathy & Justin JohnsonFei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 201678

(slide from Kaiming He’s recent presentation)

Lecture 7 - 27 Jan 2016Fei-Fei Li & Andrej Karpathy & Justin JohnsonFei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 201686

Case Study: ResNet [He et al., 2015]
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Deep convolution neural network + Residual Block + Squeeze Excitation block

Figure 1: A Squeeze-and-Excitation block.

features in a class agnostic manner, bolstering the quality of
the shared lower level representations. In later layers, the
SE block becomes increasingly specialised, and responds
to different inputs in a highly class-specific manner. Con-
sequently, the benefits of feature recalibration conducted by
SE blocks can be accumulated through the entire network.

The development of new CNN architectures is a chal-
lenging engineering task, typically involving the selection
of many new hyperparameters and layer configurations. By
contrast, the design of the SE block outlined above is sim-
ple, and can be used directly with existing state-of-the-art
architectures whose modules can be strengthened by direct
replacement with their SE counterparts.

Moreover, as shown in Sec. 4, SE blocks are computa-
tionally lightweight and impose only a slight increase in
model complexity and computational burden. To support
these claims, we develop several SENets and provide an
extensive evaluation on the ImageNet 2012 dataset [34].
To demonstrate their general applicability, we also present
results beyond ImageNet, indicating that the proposed ap-
proach is not restricted to a specific dataset or a task.

Using SENets, we won the first place in the ILSVRC
2017 classification competition. Our top performing model
ensemble achieves a 2.251% top-5 error on the test set1.
This represents a ∼25% relative improvement in compari-
son to the winner entry of the previous year (with a top-5
error of 2.991%).

2. Related Work

Deep architectures. VGGNets [39] and Inception mod-
els [43] demonstrated the benefits of increasing depth.
Batch normalization (BN) [16] improved gradient propa-
gation by inserting units to regulate layer inputs, stabilis-
ing the learning process. ResNets [10, 11] showed the ef-
fectiveness of learning deeper networks through the use of
identity-based skip connections. Highway networks [40]
employed a gating mechanism to regulate shortcut connec-
tions. Reformulations of the connections between network
layers [5, 14] have been shown to further improve the learn-
ing and representational properties of deep networks.

An alternative line of research has explored ways to tune
the functional form of the modular components of a net-
work. Grouped convolutions can be used to increase car-

1http://image-net.org/challenges/LSVRC/2017/results

dinality (the size of the set of transformations) [15, 47].
Multi-branch convolutions can be interpreted as a generali-
sation of this concept, enabling more flexible compositions
of operators [16, 42, 43, 44]. Recently, compositions which
have been learned in an automated manner [26, 54, 55]
have shown competitive performance. Cross-channel cor-
relations are typically mapped as new combinations of fea-
tures, either independently of spatial structure [6, 20] or
jointly by using standard convolutional filters [24] with 1×1
convolutions. Much of this work has concentrated on the
objective of reducing model and computational complexity,
reflecting an assumption that channel relationships can be
formulated as a composition of instance-agnostic functions
with local receptive fields. In contrast, we claim that provid-
ing the unit with a mechanism to explicitly model dynamic,
non-linear dependencies between channels using global in-
formation can ease the learning process, and significantly
enhance the representational power of the network.

Attention and gating mechanisms. Attention can be
viewed, broadly, as a tool to bias the allocation of available
processing resources towards the most informative compo-
nents of an input signal [17, 18, 22, 29, 32]. The benefits
of such a mechanism have been shown across a range of
tasks, from localisation and understanding in images [3, 19]
to sequence-based models [2, 28]. It is typically imple-
mented in combination with a gating function (e.g. a soft-
max or sigmoid) and sequential techniques [12, 41]. Re-
cent work has shown its applicability to tasks such as im-
age captioning [4, 48] and lip reading [7]. In these appli-
cations, it is often used on top of one or more layers rep-
resenting higher-level abstractions for adaptation between
modalities. Wang et al. [46] introduce a powerful trunk-
and-mask attention mechanism using an hourglass module
[31]. This high capacity unit is inserted into deep resid-
ual networks between intermediate stages. In contrast, our
proposed SE block is a lightweight gating mechanism, spe-
cialised to model channel-wise relationships in a computa-
tionally efficient manner and designed to enhance the repre-
sentational power of basic modules throughout the network.

3. Squeeze-and-Excitation Blocks

The Squeeze-and-Excitation block is a computational
unit which can be constructed for any given transformation
Ftr : X → U, X ∈ RH′×W ′×C′

,U ∈ RH×W×C . For
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• Global average pooling and dot product to provide extra correlation 
between different channels.

• Improve relatively 2-8% over residual network.
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Figure 2: The schema of the original Inception module (left) and
the SE-Inception module (right).
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Figure 3: The schema of the original Residual module (left) and
the SE-ResNet module (right).

4. Model and Computational Complexity

For the proposed SE block to be viable in practice, it
must provide an effective trade-off between model com-
plexity and performance which is important for scalability.
We set the reduction ratio r to be 16 in all experiments, ex-
cept where stated otherwise (more discussion can be found
in Sec. 6.4). To illustrate the cost of the module, we take
the comparison between ResNet-50 and SE-ResNet-50 as
an example, where the accuracy of SE-ResNet-50 is supe-
rior to ResNet-50 and approaches that of a deeper ResNet-
101 network (shown in Table 2). ResNet-50 requires ∼3.86
GFLOPs in a single forward pass for a 224 × 224 pixel in-
put image. Each SE block makes use of a global average
pooling operation in the squeeze phase and two small fully
connected layers in the excitation phase, followed by an
inexpensive channel-wise scaling operation. In aggregate,
SE-ResNet-50 requires ∼3.87 GFLOPs, corresponding to a
0.26% relative increase over the original ResNet-50.

In practice, with a training mini-batch of 256 images,

a single pass forwards and backwards through ResNet-50
takes 190 ms, compared to 209 ms for SE-ResNet-50 (both
timings are performed on a server with 8 NVIDIA Titan X
GPUs). We argue that this represents a reasonable overhead
particularly since global pooling and small inner-product
operations are less optimised in existing GPU libraries.
Moreover, due to its importance for embedded device ap-
plications, we also benchmark CPU inference time for each
model: for a 224× 224 pixel input image, ResNet-50 takes
164 ms, compared to 167 ms for SE-ResNet-50. The small
additional computational overhead required by the SE block
is justified by its contribution to model performance.

Next, we consider the additional parameters introduced
by the proposed block. All of them are contained in the two
FC layers of the gating mechanism, which constitute a small
fraction of the total network capacity. More precisely, the
number of additional parameters introduced is given by:

2

r

S∑

s=1

Ns · Cs
2 (5)

where r denotes the reduction ratio, S refers to the num-
ber of stages (where each stage refers to the collection of
blocks operating on feature maps of a common spatial di-
mension), Cs denotes the dimension of the output channels
and Ns denotes the repeated block number for stage s. SE-
ResNet-50 introduces ∼2.5 million additional parameters
beyond the ∼25 million parameters required by ResNet-50,
corresponding to a ∼10% increase. The majority of these
parameters come from the last stage of the network, where
excitation is performed across the greatest channel dimen-
sions. However, we found that the comparatively expensive
final stage of SE blocks could be removed at a marginal cost
in performance (<0.1% top-1 error on ImageNet) to reduce
the relative parameter increase to ∼4%, which may prove
useful in cases where parameter usage is a key considera-
tion (see further discussion in Sec. 6.4).

5. Implementation

Each plain network and its corresponding SE counter-
part are trained with identical optimisation schemes. Dur-
ing training on ImageNet, we follow standard practice and
perform data augmentation with random-size cropping [43]
to 224 × 224 pixels (299 × 299 for Inception-ResNet-v2
[42] and SE-Inception-ResNet-v2) and random horizontal
flipping. Input images are normalised through mean chan-
nel subtraction. In addition, we adopt the data balancing
strategy described in [36] for mini-batch sampling. The
networks are trained on our distributed learning system
“ROCS” which is designed to handle efficient parallel train-
ing of large networks. Optimisation is performed using syn-
chronous SGD with momentum 0.9 and a mini-batch size
of 1024. The initial learning rate is set to 0.6 and decreased
by a factor of 10 every 30 epochs. All models are trained
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Network structure for nuclear deformation
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Figure 3: (color-online) The architecture of the 34-layer regression neural network using residual

and squeeze excitation blocks.

For classification task, the importance of each pixel to classification can be computed using the

gradient weighted class activation map (Grad-CAM),

gradcam =

1

c⇥ k ⇥ k

cX

n=1

An
kX

i,j=1

@f

@An
ij

(5)

where c is the number of channels, k is the transverse size of the activation map, f is the class score,

An
ij is the pixel value of the nth activation map at site (i, j). The class activation map is rescaled

to the same size as the input image by upsampling. Notice that in the original grad-cam paper,

the weighted class activation map is forwarded to a ReLU activation function to pick features that

have positive influence on the specified class, otherwise the positive influence on one class might

be equally negative on the other to cancel the important regions, when the prediction probability

are close for the top-2 classes. However, for regression task, this is exactly the required property

we are looking for. Different from the original grad-cam algorithm, ReLU activation is removed

to pick discriminative features to reproduce the regression value precisely, instead of features that

only have positive influences on the regression value.

The importance of the regression activation maps learned by different layers can be quantified

by setting the mask m = gradcam > T where T is the threshold. The importance of the masked



Results

• Predict well for 

• Not possible to constrain the sign of    

• Results from deep learning implies degeneracy for 
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Reason for degeneracy visualized by 2d projection 
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• Degenerate due to strong Lorentz 
contraction at high energy 
collisions.



What has been learned by the network?
6

Figure 2: (color-online) Several typical collision patterns of deformed nucleus (�
2

= 0.5,�
4

= 0)

with zero impact parameter.

z-axis, the first rotation Rz(↵) can be ignored. Notice that in order to make sure that the sampled

rotations are isotropic, the tilt angle ✓ along y-axis should be sampled according to a uniform

distribution cos(✓) 2 U [�1, 1), while the spin angle � along z-axis should be sampled according

to a uniform distribution � 2 U [0, 2⇡). In this case, in order to make a fair comparison between

the probability of tip-tip and body-body collisions, one has to choose the equal cos ✓ window other

than ✓ window (otherwise there are much fewer tip-tip collisions than body-body aligned events).

Here we have prepared 51x51=2601 groups of deformed U nucleus with 51 �
2

2 [�0.5, 0.5] and 51

�
4

2 [�0.2, 0.2], for each group we simulate 100000 collisions with all possible collision distances and

orientations, from which we further select half of the events with highest total entropy (corresponds

to centrality 0� 50% collisions). The total entropy s
0

and geometric eccentricity ✏
2

are calculated

for each single event.

In experiment, the directly accessible information is the number of final state charged hadrons

at mid-rapidity dN
ch

/dY |Y=0

and the momentum anisotropy v
2

of final state hadrons. It is shown

in many studies that dN
ch

/dY |Y=0

is proportional to the total entropy s
0

at initial state and the

v
2

can be approximated by the initial state geometric eccentricity "
2

= hy2�x2i/hy2+x2i, where x

and y are the transverse coordinates in the overlapped regions of collision, h· · · i represents weighted

average where weights are given by the local entropy density s(x, y). The geometric eccentricity

at initial state transform to momentum anisotropy at final state through relativistic hydrodynamic

expansion of the strongly coupled quark gluon plasma. To make the current method directly

• Use regions visually attractive to humans?

• Or did it find new features?
 18

here?

or here?

here?

mean or 
variance?



Global explanation: what has been learned by each neuron?

• Shallow layers learn edges, textures

• Intermediate layers learn patterns

• Deep layers learn parts and objects

 19

Olah, et al., "Feature Visualization", Distill, 2017.



Local explanations

• LIME: perturbs input image by masking super pixels (with similar 
color), to check the prediction difference

• Class activation map: maps the discriminative regions learned by deep 
layers to the input image
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Figure 3: Toy example to present intuition for LIME.
The black-box model’s complex decision function f

(unknown to LIME) is represented by the blue/pink
background, which cannot be approximated well by
a linear model. The bold red cross is the instance
being explained. LIME samples instances, gets pre-
dictions using f , and weighs them by the proximity
to the instance being explained (represented here
by size). The dashed line is the learned explanation
that is locally (but not globally) faithful.

distance function D (e.g. cosine distance for text, L2 distance
for images) with width �.

L(f, g,⇡
x

) =
X

z,z

02Z

⇡

x

(z)
�
f(z)� g(z0)

�2
(2)

For text classification, we ensure that the explanation is
interpretable by letting the interpretable representation be
a bag of words, and by setting a limit K on the number of
words, i.e. ⌦(g) = 11[kw

g

k0 > K]. Potentially, K can be
adapted to be as big as the user can handle, or we could
have di↵erent values of K for di↵erent instances. In this
paper we use a constant value for K, leaving the exploration
of di↵erent values to future work. We use the same ⌦ for
image classification, using “super-pixels” (computed using
any standard algorithm) instead of words, such that the
interpretable representation of an image is a binary vector
where 1 indicates the original super-pixel and 0 indicates a
grayed out super-pixel. This particular choice of ⌦ makes
directly solving Eq. (1) intractable, but we approximate it by
first selecting K features with Lasso (using the regularization
path [9]) and then learning the weights via least squares (a
procedure we call K-LASSO in Algorithm 1). Since Algo-
rithm 1 produces an explanation for an individual prediction,
its complexity does not depend on the size of the dataset,
but instead on time to compute f(x) and on the number
of samples N . In practice, explaining random forests with
1000 trees using scikit-learn (http://scikit-learn.org) on a
laptop with N = 5000 takes under 3 seconds without any
optimizations such as using gpus or parallelization. Explain-
ing each prediction of the Inception network [25] for image
classification takes around 10 minutes.
Any choice of interpretable representations and G will

have some inherent drawbacks. First, while the underlying
model can be treated as a black-box, certain interpretable
representations will not be powerful enough to explain certain
behaviors. For example, a model that predicts sepia-toned
images to be retro cannot be explained by presence of absence
of super pixels. Second, our choice of G (sparse linear models)
means that if the underlying model is highly non-linear even
in the locality of the prediction, there may not be a faithful
explanation. However, we can estimate the faithfulness of

Algorithm 1 Sparse Linear Explanations using LIME

Require: Classifier f , Number of samples N
Require: Instance x, and its interpretable version x

0

Require: Similarity kernel ⇡
x

, Length of explanation K

Z  {}

for i 2 {1, 2, 3, ..., N} do
z

0
i

 sample around(x0)
Z  Z [ hz

0
i

, f(z
i

),⇡
x

(z
i

)i
end for
w  K-Lasso(Z,K) . with z

0
i

as features, f(z) as target
return w

the explanation on Z, and present this information to the
user. This estimate of faithfulness can also be used for
selecting an appropriate family of explanations from a set of
multiple interpretable model classes, thus adapting to the
given dataset and the classifier. We leave such exploration
for future work, as linear explanations work quite well for
multiple black-box models in our experiments.

3.5 Example 1: Text classification with SVMs
In Figure 2 (right side), we explain the predictions of a
support vector machine with RBF kernel trained on uni-
grams to di↵erentiate “Christianity” from “Atheism” (on a
subset of the 20 newsgroup dataset). Although this classifier
achieves 94% held-out accuracy, and one would be tempted
to trust it based on this, the explanation for an instance
shows that predictions are made for quite arbitrary reasons
(words “Posting”, “Host”, and “Re” have no connection to
either Christianity or Atheism). The word “Posting” appears
in 22% of examples in the training set, 99% of them in the
class “Atheism”. Even if headers are removed, proper names
of prolific posters in the original newsgroups are selected by
the classifier, which would also not generalize.
After getting such insights from explanations, it is clear

that this dataset has serious issues (which are not evident
just by studying the raw data or predictions), and that this
classifier, or held-out evaluation, cannot be trusted. It is also
clear what the problems are, and the steps that can be taken
to fix these issues and train a more trustworthy classifier.

3.6 Example 2: Deep networks for images
When using sparse linear explanations for image classifiers,
one may wish to just highlight the super-pixels with posi-
tive weight towards a specific class, as they give intuition
as to why the model would think that class may be present.
We explain the prediction of Google’s pre-trained Inception
neural network [25] in this fashion on an arbitrary image
(Figure 4a). Figures 4b, 4c, 4d show the superpixels expla-
nations for the top 3 predicted classes (with the rest of the
image grayed out), having set K = 10. What the neural
network picks up on for each of the classes is quite natural
to humans - Figure 4b in particular provides insight as to
why acoustic guitar was predicted to be electric: due to the
fretboard. This kind of explanation enhances trust in the
classifier (even if the top predicted class is wrong), as it shows
that it is not acting in an unreasonable manner.



Explanations from LIME

• LIME: occlude super-pixels (pixels with similar color)
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Explanations from class activation map (CAM)

• CAM captures roughly the discriminative region for 
classification.
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• c: number of channels

• k: transverse size of the feature map

•       : the value at site (i, j) for the nth feature map before the 
final output layer. 
An

ij
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2D feature maps weights
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m =
X

i

!imi, where mi = Gradcam(xi)

6

of the image occluded [41, 42] or similar pixels/super-
pixels (LIME) masked [43]. Different from our method,
those occlusion methods depend on manually constructed
masks of input images.

Saliency map is another way to explain the pre-trained
convolution neural network around one given image [30].
It assumes that the predicted class score can be approx-
imated by a linear function f(x) ⇡ w � x + b around one
given image x in the input space, where f is the function
learned by the network. The gradient w = @f/@x repre-
sents the importance of each pixel. However, the original
saliency map is noisy [30] due to negative gradients and
non-linear dependences on x. The improved saliency map
uses guided back-propagation [44] to maximize the class
score of one given class by dropping negative influences.
These gradient based methods as well as many alterna-
tives [45–47] are sensitive to constant shift [48] except the
pattern net [49, 50]. The interpretability of all different
saliency maps can be quantified using our “Regression
Attention Mask ” method.

What is closely related to our method is the class acti-
vation map where locations in the feature maps of the last
convolution layer are matched to the input image [51, 52].
We have discarded the RELU activation function in the
gradient weighted class activation map to get our specific
activation map for regression tasks. RELU pick positive
influence to enlarge the class score while regression needs
both positive and negative components in the activation
map to reproduce the regression value. The regression
activation map is used to create “Regression Attention
Mask”.

Based on the class activation map, the class activation
mask is invented to quantify the interpretability of dif-
ferent neural networks. The class activation mask is a
two-dimensional image that has the same size as the in-
put image. It has only one channel and its pixel values
are initialized with 0. Pixels are set to 1 if correspond-
ing regions in class activation map have values larger
than some threshold. The interpretability of one classi-
fier is quantified by the intersection over union score be-
tween the class activation mask and human understand-
able concept-segmentation, e.g., human labeled masks
for an object, part, scene, material, texture and color
[31]. The interpretability has the order ResNet > VGG
> GoogLeNet > AlexNet regarding different network ar-
chitectures. Different from that method, we propose to
use prediction difference of the masked image to quantify
the interpretability in the regression network.

To disentangle hidden representations of the learned
feature maps, studies in Refs. [53] and [54] use graphs,
decision trees and local part template. Recently a deep
neural network has been trained to jointly classify im-
ages into categories and provide its reasoning [55]. Our
framework provides an explanation about its decisions in
the regression task and helps us to understand the fea-
tures of the correlation in determination of the nuclear
deformation.

For classification task, the importance of each pixel
to classification can be computed using the gradient
weighted class activation map (Grad-CAM),

gradcam(x) =

1

c ⇥ k ⇥ k

cX

n=1

A

n
kX

i,j=1

@f

@A

n
ij

(5)

where x is the input image, c is the number of channels, k

is the size of the activation map, f is the class score, A

n
ij

is the pixel value of the nth activation map A

n in layer
“add_16” at site (i, j). The class activation map is scaled
up to the same size as the input image by upsampling.
In the original grad-cam paper, the weighted class acti-
vation map is forwarded to a ReLU activation function
to remove negative contributions. Otherwise the positive
influence on one class might be equally negative on the
other to cancel the important regions, when the predic-
tion probabilities are close for the top-2 classes. However,
both positive and negative contributions are required to
reproduce the regression value. Different from the origi-
nal grad-cam algorithm, the ReLU activation function in
our algorithm is removed to adapt to the regression task.

The attention mask for input image xi is defined as
mi = gradcam(xi) > T where T is the threshold. In
the present study, the threshold T is set to the mean
value of the given mask. Since the input images have
similar structure for the same �

2

and �

4

, we compute the
averaged attention mask m =

P
i wimi, for all events in

the range 2 [|�
2

|, |�
2

|+ 0.02], weighted by wi,

wi =
exp [��i]P
j exp [��j ]

, �i = ||f(mi � xi)� f(xi)||, (6)

where xi is the ith input image, mi is the attention mask
of the trained regression network. The mi � xi is the
pixel-wise multiplication between the attention mask and
the input image, which helps to occlude unimportant re-
gions. Feeding the original image xi and the occluded
image mi � xi to the regression network f helps to get
the prediction difference �i. Smaller prediction differ-
ence indicates better attention mask that leads to higher
weight wi.
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• m: regression attention mask (for aligned inputs)

•    : importance weight for the ith mask 

•     : the prediction difference between original image and the 
masked image (discard unimportant regions using              ).
�i

!i

> T

mi � xi
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• Neural network pays attention to fully overlapped collisions and 
semi-peripheral collisions.



Conclusion

• Deep neural network is efficient in verifying whether nuclear 
shape deformation is encoded in the complex output of heavy ion 
collisions, and it is also successful in decoding it.

• First interpretation model for regression task. 

• Helps to locate the most relevant features — open the black-box 
for knowledge discovery.

• One can apply the same idea to electric/weak charge distribution, 
neutron skin and short range correlations.
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