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- Spatial correlation is local
- Better to put resources elsewhere!
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« Devices
- —HRelL AkizE8HEHEE Chutit=SEaEE |, EkaiGPUFICPU
« eval
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Node
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Operation

—  f£ TensorFlow RUizfTESh , BE2—F add 8 matmul B concati¥izE, BJLAAhow to add an opHhAy/TiEsk
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— Session

-  EEBEMNE—E 26— Session IT5, Session iprrmEchiniTisiem—iess,

—  1E Python APIs , {§EF8tf.Session,

— 1£ C++ BIAPIHR , tensorflow::SessionZ2 Ak AIE— M EFHISiTIERIERIZE,

« Shape

- Tensor RNEEFIE(IRIKN,

- EEEEREYF , ERRHET A (node ) ZIERY Tensor @M. —LUEXT shape BECREEAIESK , a0
%A Shape BHNISIREHEIR.

— 7 Python APIFr , FHEIZEEIRY API ik Tensor B Shape @M. Tensor fYShape BHBEAREGHCH , BEAL
ZBARHF. 1FEWtf. TensroShape

—  TEC++5, Shape ZEFRET Tensor U4, tensorflow::TensorShape,
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« Tensor

— Tensor2—fSENZHEEE. thil , —NFERBERIPI4ERAR—/MLE
[batch,height , width , channel]BBIE F.

- E—1NE1THEl(graph)F , ER—MRaIET = (node ) Z[AIRYEHE. £
Python 71, Tensor ZEFRRHAINZIEBRERIEFRRIMAFIHL , Htf Tensor , X+
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Simple Numpy Recap

In [23]:
In [24]:
In [25]:
Qut[25]:
In [26]:
Out[26]:
In [27]:
Out[27]:

import numpy as np

a = np.zeros((2,2)); b = np.ones((2,2))

np.sum(b, axis=1)
array([ 2., 2.])
a.shape

(2, 2)

np.reshape(a, (1,4))

array([[ ©., ©., @., ©.]])

Repeat in TensorFlow

In [31]:
In [32]:
In [33]:
In [34]:
Out[24]:
In [35]:
Out[35]:
In [38]:
Out[36]:

More on Session
soon

More on .eval ()

import tensorflow as tf in a few slides

tf.Interactivesession()

a=tf.zeros((2,2)); b = tf.ones((2,2))
tf.reduce_sum(b, reduction_indices=1).eval()
array([ 2., 2.], dtype=float3l) Tensorshape behaves
like a python tuple.
a.get_shape() _

TensarShape([Dimension(2), Dimension(2)])

4)).eval()
@.]], dtype=float32)

tf.reshape(a, (1,
array([[ ., 9., 8.,
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TensorBoard EVENTS IMAGES GRAPH HISTOGRAMS

linear-regression

Fit to screen /loss
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m | .
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. - ais ﬂ gradients “’ Gradient..welghi = LR [ bais [ rain <> linear-regression/prediction/Add
Session | weight L — i
mns;(0) : & input/Placeholder_1 1

o/
Upload Choase File . = : Outputs (1)
_———— [Eneapregressinn = ) train 12 1ensors
Color @ structure )
‘53- Remove from main graph
O Device ol th
color: same substructure o
aray: unique substructure
Graph  (* = expandable) =
b,
Namespace* j T
OpNo d: wet')%?é {{ prediction |
Unconnected series* = &
Connected series* =
O Constant e o
m Summary °-!‘<,;
[ input )

Dataflow edge
Contral dependency edge
Reference edge
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