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What is all the Excitement About?
Context and Framing

Lots of excitement around “analytics” and
machine learning

But what are “analytics”?



Conventional View of the Analytics Space
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Another Way To Think About This
The Automation Continuum

Management plane perspective

Machine Learning

s
2

CLI :
NESET A  Machine
Intelligence

EVOPS / NETOPS
HESTRATION

Original slide courtesy Mike Bushong and Joshua Soto



Ok, What is All the ML Excitement About?

 Deep learning is enjoying great success in an ever
expanding number of use cases = B
— Multi-hidden layer neural networks

— “Perceptual” tasks reaching super-human performance

— Networking/non-cognitive domains still lagging
» http://caia.swin.edu.au/urp/diffuse/papers.html (a bit older research)
* Networking is a relatively new (but recently active) domain for ML
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Why this is relevant: Network use cases will (eventually) use similar technologies




Auto-Captioning Cartoon
How it Works

Vision Language A grou.p of people
Deep CNN Generating ShOple‘lg at an
RNN outdoor market.

o Q There are many

vegetables at the
fruit stand.




Self-Driving Cars




How Does Your Car Actually See?

HovwHypouyoar (painesaes.) sees

Categorical judgments, : :
isi Simple visual forms, )
decision making edges, comers ctions
V4
4)
(0.94)
d (0.02)

To spinal cord
muscle 160220 ms
ms

http://www.cns.nyu.edu/heegerlab/content/publications/Tolhurst-VisNeurosci1997a.pdf Slide courtesy Simon Thorpe

See http://www.wired.com/2015/05/wolframs-image-rec-site-reflects-enormous-shift-ai/




But There’s More
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Think Speech/Object Recognition is Impressive?
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Solutions: Media Testing

Shifting Media Tests from Art to Science

Will consumers enjoy and recommend this movie? Is this program
actually funny or engaging, and to whom? Will this news program
segment create viewer loyalty?

Programming for digital, cinematic, broadcast or other media is renowned for being a w

mix of art and science, marked by the occasional hit making up for numerous flops.
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What if you could move the needle farther in the direction of science, reduce your
risk, and increase hit your rate?

Tl
That is the promise of measuring the direct emotional respon | ‘;
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Published by AAAS

So How Does This Work?
Facial Keypoints

3 ’ Nose wrinkler

OFF AU9: 152868

Cheek raiser
OFF AU6: -0.729613

Lip corner pull
ON AUI2: 0.325895

Gender: Female

Head rotations (in rads)

Jelena Stajic et al. Science 2015;349:248-249
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Everyone is getting into the ga
(M&A Gone Wild)

Fundings & Exits

Twitter Acquires Machine Learnin

Posted yesterday by Sarah Perez (@sarahintampa)

1,420 +
el | ¢ [Win|s [ |n sl

CrunchBase

Twitter -

FOUNDED
2006

OVERVIEW

Twitter is a global social networking platform that
allows its users to send and read 140-character
messages known as “tweets". It enables registered
users to read and post their tweets through the web,
short message service (SMS), and mobile applications.
As a global real-time communications platform,
Twitter has more than 400 million monthly visitors
and 255 million monthly active users around ...

LOCATION
San Francisco, California




Why is this all happening now?

« Before 2006 people thought deep neural networks couldn’t be trained
* So why now?

 Theoretical breakthroughs in 2006
* Learned how to train deep neural networks
« Technically: Solved the vanishing/exploding gradient problem(s) (“butterfly effects”)
» More recently: http://www.cs.toronto.edu/~fritz/absps/momentum.pdf
» Nice overview of LBH DL journey: http://chronicle.com/article/The-Believers/190147/

e Com pute 2006: The Deep Breakthrough

« CPUs were 2220s of times too slow « Hinton, Osindero & Teh

. . i
«  Parallel processing/algorithms Algorinm far Dogp

.« GPUs + OpenCL/CUDA ﬂ Camputaton, 2006

-« Bengio, Lamblin,
Popovici, Larochelle
« Greedy Layer-Wise

s
) ’ Training of Deep
« Datasets Bengio ~r Networks », NIPS’2006
Montréal 4. ° Ranzato, Poultney,

« Massive data sets: Google, FB, Baidu, ... Toront Chopra, LeCun
. . . «
« And the convergence of theory/practice in ML G A Sparse Representations

with an Energy-Based
Model », NIPS’2006

* Alternate view of history?
 LBH Nature DL review: http://www.nature.com/nature/journal/v521/n7553/full/nature14539.html
+ Jurgen Schmidhuber’s critique : http://people.idsia.ch/~juergen/deep-learning-conspiracy.html
* LBH rebuttal: http://recode.net/2015/07/15/ai-conspiracy-the-scientists-behind-deep-learning/

Image courtesy Yoshua Bengio



Aside: GPUs

@a NVIDIA CUDA ZONE Getting Started Downloads Training Ecosystem Forum Q & Register Now Login

Amazon Elastic Compute Cloud | engiish [ Did this page help you? Yes | No | Tell us about it...
User Guide for Linux (API Version 2015-04-15)

AWS Documentation » Amazon EC2 » User Guide for Linux Instances » Amazon EC2 Instances » Instance Types » Linux « Previous Next »
GPU Instances

Documentation - This Guide <] | View PDF | | Go to the forums | | Download to Kindle |

P What Is Amazon EC2? Linux GPU Instances
Setting Up If you require high parallel processing capability, you'll benefit from using GPU instances, which provide access to NVIDIA GPUs with up to 1,536 CUDA
D Getting Started cores and 4 GB of video memory. You can use GPU instances to accelerate many scientific, engineering, and rendering applications by leveraging the
etiing Starte Compute Unified Device Architecture (CUDA) or OpenCL parallel computing frameworks. You can also use them for graphics applications, including game
Best Practices streaming, 3-D application streaming, and other graphics workloads.

Tutorial: Installing a LAMP Web GPU instances run as HVM-based instances. Hardware virtual machine (HVM) virtualization uses hardware-assist technology provided by the AWS
Server on Amazon Linux platform. With HVM virtualization, the guest VM runs as if it were on a native hardware platform, except that it still uses paravirtual (PV) network and

Tutorial: Hosting a WordPress storage drivers for improved performance. This enables Amazon EC2 to provide dedicated access to one or more discrete GPUs in each GPU instance.

Blog You can cluster GPU instances into a placement group. Placement groups provide low latency and high-bandwidth connectivity between the instances
P Amazon Machine Images within a single Availability Zone. For more information, see Placement Groups.
¥ Instances Contents

v
Instance Types  Hardware Specifications

T2 Instances » GPU Instance Limitations
¢ AMIs for GPU Instances
C4 Instances e Installing the NVIDIA Driver on Linux
GPU Instances For information about Windows GPU Instances, see Windows GPU Instances in the Amazon EC2 User Guide for Microsoft Windows Instances.

12 Instances

IOt o TUTTY; o STy T IOy poTTOTTITOTT PoTTIEOTTOTTIS, SUPPOT T TOT O Te TS, T T TV T TOT IO S T Ot IOy uoy

jobs to the fastest available GPUs larger models with FP16 processing

* CUDA/OpenCL support built into most open source ML frameworks
* http://scikit-learn.org

e http://torch.ch/ .
e http://caffe.berkeleyvision.org/ BTW, the ML community has a strong

e hitp://apollo.deepmatter.io/ and long standing open{source,data,model}
.« .. tradition/culture #openscience




Ok, But What About Networking?
(from NANOG 64)

document - wednesday_general_szarecki_telemetry.pptx 6/3/15, 3:46 PM

Next Generation Telemetry

» Better suited for high fidelity event reporting.
* Traffic Micro-bursts
 Short-living states e.g. Signaling/routing messages peaks
* In run-time

* Feeds Machine Learning [ML] network analytics
* We do not know about network what we do not know.
* Enables Al/ML/BigData analytics to locate patterns and relationships the operators
haven’t yet discovered. This requires a lot of data at high fidelity.
* Enables optimization:
* usage-based provisioning and configuration.
* Trend-based behavior prediction and proactive actions.

High-Fidelity, Run-Time statistics and events collection

See https://www.nanog.org/sites/default/files//meetings/NANOG64/1023/20150603 Szarecki Architecture For Fine-Grain v2.pdf




More from NANOG 64

Example telemetry configuration flow

' Structured inventory and set of

N telemetry capabilities pushed to
B the NMS
' J
A

—o R =
Generate Rules for typical
monitoring monitoring
configuration
Publish to x‘
network Tactical overrides from
element operators

' gRPC endpoint

13

See https://www.nanog.org/sites/default/files//meetings/NANOG64/1011/20150604 George Sdn In The vi.pdf




IRTF Current Events

http://trac.tools.ietf.org/group/irtf/trac/wiki/nml

Networks Machine Learning (NML) RG (Proposed)

Charter

Machine learning technologies can learn from historical data, and make predictions or decisions, rather than following strictly static program instructions.
They can dynamically adapt to a changing situation and enhance their own intelligence with by learning from new data. This approach has been
successful in image analysis, pattern recognition, language recognition, conversation simulation, and many other applications. It can learn and complete
complicated tasks. It also has potential in the network technology area. It can be used to intelligently learn the various environments of networks and
react to dynamic situations better than a fixed algorithm. When it becomes mature, it would be greatly accelerate the development of autonomic
networking.

The Network Machine Learning Research Group (NMLRG) provides a forum for researchers to explore the potential of machine learning technologies
for networks. In particular, the NMLRG will work on potential approaches that apply machine learning technologies in network control, network
management, and supplying network data for upper-layer applications.

The initial focus of the NMLRG will be on higher-layer concepts where the machine learning mechanism could be applied in order to enhance the
network establishing, controlling, managing, network applications and customer services. This includes mechanisms to acquire knowledge from the
existing networks so that new networks can be established with minimum efforts; the potential to use machine learning mechanisms for routing control
and optimization; using machine learning mechanisms in network management to predict future network status; using machine learning mechanisms to
autonomic and dynamically manage the network; using machine learning mechanisms to analyze network faults and support recovery; learning network
attacks and their behavior, so that protection mechanisms could be self-developed; unifying the data structure and the communication interface between
network/network devices and customers, so that the upper-layer applications could easily obtain relevant network information, etc.

The NMLRG is expected to identify and document requirements, to survey possible approaches, to provide specifications for proposed solutions, and to
prove concepts with prototype implementations that can be tested in real-world environments.

The group will report its progress through a publicly accessible web site and presentations at IETF meetings. Specifications developed by the NMLRG
will be submitted for publication as Experimental or Informational RFCs.

This topic is rapidly moving from academic research into practical application. Therefore we hope to attract participants from both university
environments and industrial research and development organizations, in order to create synergy and convert theory into practice. People actively
implementing relevant software will be especially welcome.



OPNFV

See https://wiki.opnfv.org/requirements projects/data collection of failure prediction

Collector




Everything is a sensor (each counter, etc)
Each sensor is a dimension
This forms a high-dimensional real-valued

Mathematical Formulation

P(v) 1 Foind pdTrang o paTordnd
(V)= Sl =5 D e W'h' + h!" W2h? 4+ h?' W3k
Py(v) Z(0) Z0) hm:h\up [v h' +h h* + h' h

And consider the
implications for the

distribution is visualized at http://.... security space

1 http://www.iro.umontreal.ca/~lisa/pointeurs/TR1312.pdf




Aside: Dimensionality

Machine Learning is good at understanding the structure of high dimensional spaces

Humans aren’'t ®
What is a dimension?

— Informally... MNIST dataset
— Adirection in the input vector http://yann.lecun.com/exdb/mnist/
— “Feature” O OO
Wi 3 a /] |
2a227 2
333833 3
Y Fr4yQ¢y ¥ ¢
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§ i i ol )7
859858 87
Example: MNIST dataset g g 9 9
— Mixed N|ST dataset set of 60,000 exan?ples (6,000 pedrdigit)
est set of 10, examples (1,000 per digi
— Large database of handwritten digits, 0-9 Each chi?affi isazgng(pixemgx»g .
784 numbers per character within range [0:white, background, 255:black, foreground]

— 28x28 images

— 784 dimensional input data (in pixel space)

Consider 4K TV - 4096x2160 = 8,847,360 dimensional pixel space

But why care?

Because interesting and unseen relationships
frequently live in high-dimensional spaces




But There’s a Hitch

The Curse Of Dimensionality

To generalize locally, you need
representative examples from all
relevant variations
e But there are an exponential
number of variations o
* So local representations might H
not (don’t) scale

1 dimension:
10 positions

Classical Solution: Hope for a
smooth enough target function, or
make it smooth by handcrafting
good features or kernels. But this

is sub-optimal. Alternatives? L\ ) e el
/ positions!
* Mechanical Turk (get more examples)
* Deep learning
e Distributed Representations
* Unsupervised Learning

(i). Space grows exponentially
(ii). Space is stretched, points
become equidistant

See also “Error, Dimensionality, and Predictability”, Taleb, N. & Flaneur, https://dl.dropboxusercontent.com/u/50282823/Propagation.pdf for a different perspective




Seen Another Way

I
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Sparsity becomes exponentially worse as dimension increases
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All Cool, But What is Machine Learning?

The complexity in traditional computer programming is in the
code (programs that people write). In machine learning, learning
algorithms are in principle simple and the complexity (structure) is
in the data. Is there a way that we can automatically learn that
structure? That is what is at the heart of machine learning.

-- Andrew Ng mu

Said another way, we want to discover the Data Generating Distribution (DGD) that
underlies the data we observe. This is the function that we want to learn.

Moreover, we care about primarily about the generalization accuracy of our model (function)

* Accuracy on examples we have not yet seen
* asopposed the accuracy on the training set (note: overfitting)



The Same Thing Said in Cartoon Form

Traditional Programming

Data

Program

Program



A Little More Detail

Machine Learning is a procedure that consists of estimating model parameters so that the learned
model can perform a specific task (sometimes called Narrow or Weak Al; contrast AGl)

— Approach: Estimate model parameters (usually denoted 0) such that prediction error is minimized
Empirical Risk Minimization casts learning as an optimization problem

3 Main Classes of Machine Learning Algorithms

— Supervised . i 0). )
— Unsupervised algonnn T Z I(f(x**; 8), ") 4+ A2(6)
— Reinforcement learning t
N ’ l(f(x('): 0). 'l/(’)) is a loss function
’ Q(e) Is a regularizer ;pc*wga\ zes certain values of 9 )

Supervised learning

Here we show the learning algorithm a set of examples (x;) and their corresponding outputs (y;)

* You are given a training set {(x;,y;)} where y; = f(x;). We want to learn f
Essentially have a “teacher” that tells you what each training example is

— See how closely the actual outputs match the desired ones Frror Surface of & Linear Tefen i T et teignes
* Note generalization error (bias, variance) vs. accuracy on the training set oo
— Most of the big breakthroughs have come in supervised deep learning SN
Unsupervised Learning \\\\zg“%! /.
— Algorithm learns internal representations and important features Sl §§‘\\‘\‘t“:‘:‘:'iliiillf
— Unlabeled data sets 5 4 ALY Oy ...
Reinforcement Learn.in.g gl e
— Learning agent maximizes future reward —
— Dynamic system with feedback control » u
— Robots

Images courtesy Hugo Larochelle and Andrew Ng



Aside: Feed Forward Neural Networks

Artificial Neurons

* The information is propagated from the
inputs to the outputs
— Directed Acyclic Graph (DAG)

Output layer

* Computes one or more non-linear
functions

— Computation is carried out by composition

2nd hidden of some number of algebraic functions
implemented by the connections, weights
layer and biases of the hidden and output layers
* Hidden layers compute intermediate
1st hidden representations

layer — Dimension reduction

 Time has no role -- no cycles between

outputs and inputs

— However, in some models each hidden
layer models one time step

° Maps vectors to vectors

We say that the input data, or features, are n dimensional



Deep Feed Forward Neural Nets

(most of the math I’'m going to give you is on this slide ©)

Input Hidden Hidden Output ‘
Layer Layer #1 Layer #2 Layer flas
w gNeurons Neurons Activation function
ijk \ Wik (more on this later)
I s|r
Wij, A
J\S j : D\\Jk Neuron (E0)
Inputs —
b= . 3D, — | hyfx)
B/ ZB/ /' T
/ /) Hypothesis
P4 é ftxt)
1 1 4
Forward Propagation
>
1 « : N2 IR Y | N
'](9()7 01, <o -,971) - m Z(h()(;[;(’)) il I/(I)) - ﬁ \\‘\\“ " '
am — I
Learning is the adjusting of the weights w;;such that
the cost function J(8) is minimized

Simple learning procedure: Back Propagation (of the error signal)




e ML Tools for DevOPs

e What the Future Holds

* Q&A



Prototypical ML Stack

Machine Learning

Frequent pattern Supervised

g
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Analyti ps“P]‘iHDer

Workflow Schematic
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Data
Collection

Packet brokers, flow data, ...

3" Party Applications

Intelligence

Preprocessirig | Model Generation Oracle

Big Data, Hadoop, Dat 1
Science, ...

Remediation/Optimization/...

Intent 0
Recommender “

Sytems

Machine Learning Model(s)

Oracle
Logic

Topology, Anomaly Detection,
Root Cause Analysis,
Predictive Insight, ....




Simple Example: Application Profiling

* Goal: Build tools for the DevOps environment
— Provide deeper automation and new capabilities/insight
— Obvious ML application
— Primarily management plane

* One approach: Frequent Pattern Mining and K-Means
to learn/predict application behavior
— FP Mining really more of a simple statistical method

— K-Means is an unsupervised local estimator -2
« Partitions the input space into regions
« Each region requires different parameters/degrees of freedom
* Regions are needed to account for the shape of the target function

Image courtesy Yoshua Bengio



Applying Occam’s Razor

One of the first applications for DevOps we’ve done is
Application Profiling
— Continues to the right on the Automation Continuum

Use Frequent Pattern (FP) Mining and K-Means to gain a
deeper understanding of what’s happening in our CSNSE

— CSNSE = Compute, Storage, Network, Security, and Energy
— Why is this an application of Occam’s Razor?

What do we mean by “Application Profiling”?
— First, let’s briefly look at the FP Mining and K-Means algorithms



Frequent Pattern Mining
(FP Growth Algorithm)

* FP builds a inclusion graph
— reports frequent patterns (itemsets)
— works on “categorical” data

e data with no meaningful ordering

| 71D [ 1tems |
{a.b}
{b.c.d}
{a.c.d.e}
{a.d.e}
{a.b.c}
{a.b,c.d}
{=}

{a.b.c} e
{a.b.d} ) . a:87: )
10 {b.c,e} : )

(i) After reading TID =1 (ii) After reading TID =2

VW oONOOONANMWNR



K-Means
(K-Means Clustering)

PCA

number of clusters number of cases

centroid for clusterj

\ / casei

kK n / >
objective function <—] = E E "xl.(]) —_— Cj ||
Jj=11i=1

\—Y—)

Distance function



A Little More on K-Means

1. Initialize cluster centroids 1, us, . .

K-Means Algorithm

., ur € R™ randomly.

2. Repeat
4.5 1 1 1
Fo| 40| |
35 .
FOI 3.0} .
2.5} |
2.0} |
1.5} .
}
1.0} |
In wordd  ©°f 1 n
‘ Rar?d 0-9 1 2 3 5
« Until ¢ _ i ;
. Assign each ‘](Cv /,L) - L ||£L’\ ) — M) || roid
« Update each =1 igned to it




Putting It All Together

1
W 6us data




BTW, how hard is it to code up FP in
Spark/MLlib/Scala (or Python, Java, R)?

/I ... ETL the dataset(s)
val transactions = rawData.map {line =>
val buffer = ArrayBuffer[String]()

buffer.appendAll(line.split(",")) // kddcup99 csv and terminology
Array(buffer(Proto), // buffer(1) protocol_type: symbolic
buffer(Service), // buffer(2) service: symbolic
buffer(Flag), // buffer(3) flag: symbolic

buffer(buffer.length-1)) // buffer(length-1) label
}.cache()

val fpg = new FPGrowth()

.setMinSupport(MinSupport) /[ model hyper-parameters
.setNumPartitions(Partitions) /I hyper-parameters
val model = fpg.run(transactions)

model.freqltemsets.collect().foreach {itemset =>
printin(itemset.items.mkString("[", ",", "]") + ", " + itemset.freq)

:

Spark:
Code:

Dataset: http://kdd.ics.uci.edu/databases/kddcup99/kddcup99

https://spark.apache.org/downloads.html

https://qgithub.com/davidmeyer/ml




What About K-Means?

// ... ETL the dataset(s) = normalizedData 351
val kmeans = new KMeans() |
.setK(K) 201
.setRuns(Runs) ol
.setEpsilon(Epsilon) osf
val model = kmeans.run(normalizedData) *% 1 2 E i 5

val clusterAndLabel = rdataAndLabel.map {

case (normalizedData,label) => (model.predict(normalizedData), label)}
val clusterLabelCount = clusterAndLabel.countByValue
clusterLabelCount.tolist.sorted.foreach {

case ((cluster,label), count) => printIn(f"Scluster%1sSlabel%18sScount%8s")}

Code: https://github.com/davidmeyer/ml




Application Profiling, cont

» First, we need data (obvious, but ingestion, ... not trivial)
— Lots of engines (spark, storm, tigon/cask.io,...)
— Data we have collected (among other things)
» Network and endpoint information
« Environmental sensor data
« Chef/Puppet, Openstack Heat, server/cluster state,...

 The FP-KMeans pipeline can be used build application profiles

Which endpoints an application talks to (and associated templates)
Which ports and protocols it uses

and associated meta-data, geo-ip, ...
Flow characteristics including as TOD, volume and duration
Other CSNSE configuration associated with the application

- ACL/QoS, routing policies,...

- We are really limited only by our imagination and (of course) our datasets

- Primarily descriptive/diagnostic analyzes



So what is more interesting...

We can use the same FP-KMeans pipeline in a predictive way

— For example, we can analyze changes to predict possible behavior
« This ACL/Routing/QoS change will cause event <X> with probability P
» If you configure app <X> with params <Y> there is prob P of congestion

— We can correlate real-time application profiles with events/state
» Application <X> is green (intelligent dashboard)
* Queue <X> is dropping <Y>% of it's packets; app <Z> is talking to this endpoint

— We wan also use application profiles to train other ML instances
* Recognize application behavior in real time
* Detect anomalies
— Points that are far from any cluster (K-Means), and/or
— p(X; u, ) <€ (say in a multivariate Gaussian N'(J,X) anomaly detection setting)
— Security use cases

This can all be made “streaming’/real-time



BTW, What (technically) are Anomalies?

An anomaly is a pattern that does not conform to the expected behaviour

— How to define expected behaviour?
— How to find the “outliers”?

x5 (vibration)

/ I (hea;)

Linear Decision Boundary

 Anomalies translate to significant real life events

Cyber intrusions
. Information Can Leak To An Outsider Causing Impact

* Trads Secrets B 0 the nabucail i + Company Defamation

y e r C r I l I I e + Account Numbers s ives = R:“l.alnrs « Monetary Expense for each
+ Sacial Security Numbers Tzl K I recard lost
« Intellectual Property « Press orMedia * Legal Liabiliti
* Personal Health Records | * Loss ol Assets

+ Breach of Customer Trust

+ Close of the Business

— Manufacturing/product defects
The Insider Threat

Graphic courtesy Andrew Ng, others



Basic Idea Behind Anomaly Detection

An anomaly

\ Idea: Assume that a boundary exists and that
- Nominal data is inside the boundary
- Anomalous data is outside the boundary

Problem: How to estimate/approximate
the boundary?

Problem: What measurement(s) caused

Collected ‘Nominal’ Data the anomaly?

Problem: How far off-nominal is the
anomaly/feature?




e Ml ToolsforBevORs

e What the Future Holds

* Q&A
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What The Future Holds

* These technologies, which have been so successful in perceptual tasks, are coming
to networking...now
— Extremely powerful deep neural nets (DNNs)
* Remember, conventional statistical models learn simple patterns or clusters
* OTOH, large DNNs learn a computation (function)

— More emphasis on control _
* e.g.,, RNN/Memory Nets, Reinforcement learning weights Wi

* Can analyze sophisticated time-series/long range dependencies
ML will be doing unexpected network (CSNSE) tasks
— Who thought we’d be this close to self-driving cars?
— DNNs already write code

* The weight matrix W (this is what is learned)
— DNNs solve the selectivity-invariance dilemma

observation

—_—
hye(x)

——

+1 LayerL,

+1

Layer Ly

LayerL, LayerL,

* We will see progressively more ML in networking
— Predictive and reactive roles in management, control and data planes
— This will change the nature of how we design, build and operate networks

— Recently proposed: IRTF RG on ML for Networking
* http://trac.tools.ietf.org/group/irtf/trac/wiki/nml

 We are at the very beginning of a “network intelligence” revolution



Q&A

Thanks!

http://www.1-4-5.net/~dmm/talks/2015/hoti.pptx




