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Introduction

Vanguard Group is one if the world’s largest investment management companies

Digital financial advice and planning is one big initiative at Vanguard Group

Goal of financial advice at Vanguard Group - provide accessible, high quality financial
advice for millions of investors

Vanguard established Enterprise Advice as a pillar toward this goal — more than
400 crew members are working in Enterprise Advice

Enterprise Advice is the leading division in Vanguard in terms of AWS resource usage
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What is a Glide Path?
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Challenges

To build each surface with high granularity, we need to generate more
than 10K-15K CFE points for each surface with the Al/ML Vanguard

Life-Cycle Investing Model (VLCM)

- . . . . e
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Vanguard Life-Cycle Investing Model (VLCM)

Appendix 5. Investor character

Vanguard's Life-Cycle
Investing Model (VLCM):

A general portfolio framewor
for goals-based investing

Vanguard Rasearch

Roger Aliaga-Disz, PhD; Harshdeep Ahluwslia, M. Sc; Victor Zhu, CFA, CAIA;
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Figure 1. The VLCM process
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https://institutional.vanguard.com/VGApp/iip/site/institutional/researchcommentary/article/InvResVanguardLifeCycleInvestingModel

Al/ML VLCM

A Python version of VLCM has been developed for this research

Outputs (Glide Paths CE)

27 « VLCM-driven Certainty Equivalence (CE) A list of 1,198 Glide Paths with their
« 8 combinatorial calculator developed associated CEs

« Risk aversion « Utility function is a function of
o Loss aversion consumer and stability

« Saving rate  Vanguard Capital Markets Model

« Spending ratio (SR) (VCMM) scenarios

« Portfolio value * JJ(;K o
- Current salary » US equity/bon

+ Retirermentiage « International equity/bond
. Age  Cash

o Inflation
« Wage curve considered
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Personalized Glide Path

Personalized Glide Path (PGP) leverages the VLCM to create
personalized Glide Paths for individual investors based on each
client’s unique characteristics

= Risk aversion

= | Oss aversion

= Saving rate

= Spending ratio
= Age

= Retirement age
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Business goal

Comparison 353 C nt Age Retirement Age
gp 353 urre
Glide Path | © & &

Spending Ratio and RI:.kAVEI:.IDn

Spending Ratio

Each point in the table is a certainty fee equivalence (CFE) value
CFE = max Glide Path CE - baseline Glide Path CE
Each profile has a baseline Glide Path

Differentiation in CFE happens before reaching to corner points

We need to build these surfaces for more than 9,000 personas
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Accuracy requirement

Sample Al/ML VLCM output

gp gp ap gp ap ap gp ap gp ap

PID gp sAge retAge varEndAge cSal rinc rincStart ~ 1189 1180 1191 1192 1193 1194 1195 1196 1197 1198

100 240025.116935 10438377.386567 (
100

100

100 47

4 i OCT0AA COIEOT 44937072 FCTQLO n
]|._||._| ':,':;. | '_':'_'.-‘.-'_'::llj;;' 43,00 150 \

1 basis point is 0.0001 difference in Glide Path CE

Model accuracy of 3 basis points is the equivalent of around 98.5% accuracy

Model accuracy of 1.5 basis points is the equivalent of around
99.25% accuracy
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Data generation architecture

Data generation for training ML model

1
1 1
1 1
1 1
1
: Up to 10M Update index file X
: random > I
1 . AN 1
I profiles 4 !
1
i iy —— |
: Amazon S3 Amazon SageMaker —| Chunkof 10K :
! AI/MLVLCM  120-140 m5.24xlarge instances = > :
: Python tool !
: 5> SageMaker Studio
L e Notebook - ;
""""""""""""""""""""""""""""" : .
' I
1
' I
: @ — |
s I ) .
E Generation of base profile Glide Path CEs ! ESageMaker model inference :
. . [ 1
E More than Update index file E ! 5 m5.24xlarge E
' 110M base N > = :
! profiles E s .
1
i ) — n [ A— .
: Amazon S3 Amazon SageMaker §=/| Chunk of T00K \ | Data aggregatiorf and surface analysis |
| Al/MLVLCM  120-140 m5.24xlarge instances £~ > Ly |
1 | 1
E Python tool >SageMaker Studio N — :
3 Notebook Vo - — !
-------------------------------------------------------------------------------------- i 1
1
ESageMaker Studio !
! Notebook L
I I
L 1
aws

1



Data generation with Amazon
SageMaker Processing




Profile generation

TAKE RANDOM SAMPLE FROM EACH PROFILE (AROUND 4%-6%) AND AGGREGATE THEM

o
Z 0154
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@
]
& 0104

HM = []
Inputlist [1
for i in range(len(allprofiles)):
Pr;?ﬁzi with ::e"(a%lprufiles[i], )} as f:
tmp = pickle.load(f)
hmany = int(8.0885 * len(tmp))

HM. append (hmany)

randomlist = random.sample(tmp, hmany)
Inputlist.extend(randomlist)

Spending Ratio

Profile j Random selection

Input list contains at most 10M records with a size around 1 GB
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Amazon SageMaker Processing

- Goal - generate 10 million data points with large instances of
Amazon SageMaker

« We used ml.m5.24xlarge instance

« Reason behind selecting ml.m5.24xlarge instance is that we need an instance
type with the highest number of CPU and big-memory size and reasonable price

- We used 120 instances of ml.m5.24xlarge for main profile data generation

« Total compute power for this part — 11,520 CPUs and 46,320 GB of memory!
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Amazon SageMaker Processing

HOW TO SYNCHRONIZE DATA GENERATION ACROSS INSTANCES

Divide list of available indexes into chunks of 25K personas and save them in
Amazon S3 (25K is a Vanguard decision)

available indexes = list(np.arange(®@,len{inputlist),1))

Upto 10M | —
random.shuffle(available_indexes) Random —
Profiles B

chunks available indexes[x:x+25800] for x in range(@, len(available indexes), 25000)

Amazon Simple Storage

) . Service (Amazon 53)
key index = os.path.join(folder, ) |

pickle byte obj taken = pickle.dumps(chunks)
53 resource = boto3.resource( )
s3 resource.Object(bucket,key index).put(Body=pickle byte obj taken

Create a chunk tracker and save it in Amazon S3

number of chunks = list(np.arange(8,len(chunks),1))

key index = os.path.join(folder, )
pickle byte obj taken = pickle.dumps(number of chunks)

s3_resource = boto3.resource( - ')

s3 resource.Object(bucket,key index).put(Body=pickle byte obj taken)
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Amazon SageMaker Processing

Whenever each instance starts processing, it first looks at the available
chunks and selects a chunk that is available for processing, then
removes that from Available_chunks_Uniform.sav

if nam

Data Generation for Training ML Model
Random

Update Index File
T
tmp = pd.read pickle{os.path.join( ,bucket, folder, )) —

Profiles
bach n = tmp.pop(random.randrange(len(tmp))) Amazon Simple Storage Amazon SageMaker

Upto 10 M
sleep(randint(1,72008))

Service (Amazon S3) AIML VLCM  120-140 m5 24xlarge instances
| Python Tool
key index = os.path.join(folder, )
pickle byte obj taken = pickle.dumps(tmp)
53 resource boto3.resource { )

53 resource.0Object(bucket,key index).put(Body=pickle byte obj taken)

chunks = pd.read pickle{os.path.join( ,bucket,folder, ))
current_indexes chunks[bach_n]
orint( )

run(curren t_indexes)
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Amazon SageMaker Processing

PARALLEL PROCESSING IN EACH INSTANCE AND SAVING .SAV FILE FOR EACH INDEX FILE INTO AMAZON S3

Divide 25K input size for each instance into 96 parts and send each part to a CPU

Data Generation for Training ML Model

def run{indexes orig, N 95):
randomState np.random.RandomState() Upio 10 M Update Index File
Random
r?ndom%tate.seed{vcmm_seed) prarl
time dict it .
for n in range{N): ) -
. : . Amazon Simple Storage Amazon SageMaker
indexes indexes_orig[n::N] Service (Amazon S3) AIML VLCM  120-140 m5 24xlarge instances
rangelist [2] Fython Tool
# print{"test indexes:", indexes)
p Process(target=work, args=(dfSett, indexes, rangelist, n,))
p.start()
p-Jjoin()

Run the job for each index and save output as gp_ce_key_index.sav in S3

def work(dfSett, indexes, rangelist, proc):

key = os.path.join(folder,filename)

procTimeDict {}

indset = set()
for i, j in product(indexes, rangelist): pick]_E_byte_Dbj piCkle.dUmpS(CEHEt) :[

subfolder (str(RES_FOLD_NUM*(i//RES_FOLD_NUM)).zfi11(7), str(RES_FOLD_NUM*(1 +(i//RES_FOLD_NUM))).zfill(6))

et
e us-edst-

[ ~eai-sandb :
L3 e LCedl-sandpox

# Lder a Ayoub,

'F-i;l.el-'lam;” ;io;n(sub'-Fo.l.d;r‘.,l”“”_d--“ - (str{i).zfill(6))) 53_PE5CI|.|PCE thDa.r'ESOUI"CE{ )
s3_resource.0Object(bucket,key).put(Body=pickle byte obj)

tmpl = dt.datetime.now()
dfSett = dfSettMaker(inputlist[i],dfSett)
RunInput(deett,dfFixHor‘t,d'FRi\'D_,d'FHgCur‘ve,deSEqPr‘,L'FUSEch,d'FUSBnPr‘,deSBnIc,denEqPr‘,d'FInEch_,

aws dfInBnPr, dfInBnIc, dfInflation,dfCash,dictGPNames,dictGPs,dictGPNamesInv, filename = filename, endRange 1eee1,

~ 2 index = i)



Amazon SageMaker Processing

CREATE DOCKER IMAGE AND PUSH THAT TO AMAZON ECR
(WE SELECT INSTANCE TYPE, NUMBER OF INSTANCES, AND DURATION TO RUN SAGEMAKER PROCESSING IN THIS STEP)

region = boto3_session.Session().region_name

test instance type
test instance count = 126
test job name

test image

processor = Processor(
image uri-=test image,
role »
instance type= test instance type,
instance count= test instance count,
max_runtime in seconds = 4320088,
base job name = test job name,

output_kms key 5
entrypoint= [ s ]
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Data aggregation with
Amazon SageMaker Studio




Data aggregation

AGGREGATE DATA FOR TRAINING

aws Services ¥ | Q, Search for services, features, marketplace products, and docs [ALt+S] FaN v Global ¥  Support

® Successfully calculated total size
View details below.

Specified objects

z [

)
3 ¥
m

Type Total number of objects
Folder
Folder
Folder
Folder
Folder
Folder
Folder
Folder
Fol
Folder
Folder
Folder
Folder
Folder
Folder

Folder

[ia]
[
[
[
[
]
[ia]
]
[
[
[
[
]
[ia]
]
[
[

Folder

54.4 KB Standard
Standard

Standard
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Data aggregation - Processing 525 GB of data

Read/write to Amazon S3 in parallel with Amazon SageMaker Studio (instance ml.m5.24xlarge)
Read .sav files and aggregate them
Read in files with pool function and utilize 96 CPUs of 24xlarge

def (tmp):
CEs= pickle.load(s3 file.open(tmp))
index = int(re.match( , tmp).group(1)) >

return index,CEs

[ 1: [t (cbatch): £=] Chunk of 100k @J

start_time = time.time() = Studio Notebook

filenames = cbatch R
pool = Pool()

result={}

for CEs in enumerate(pool.imap(FileReader, filenames)):

result[CEs[1][@]] CEs[l][l%
pool.close()
pool.join()

finish _time = time.time()
print(finish_time - start time)
return(result)
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Data aggregation - Processing 525 GB of data

Merge aggregated .sav files with profile features

def dfMaker(inputlistname,newdatafile): E
- |
inputcolumns = [ ) , s s , ; s 3 s 0 C g o4
- E - - - . - - g - B l |
; Uit ] £==1 Chunk of 100k 1
df2 = pd.DataFrame(inputlistname, columns=inputcolumns) e B — -
df2 = df2.reset_index() b E
df2 = df2.rename(columns={ H > Studio Natebook :

with open( ) ) as f:
dfWgCurve = pickle.load(f)

dfWgCurveDict = dfligCurve[ ]-to_dict()
df2[ 1= (df2] ]*dfgCurveDict[25])/(0.4*dfWgCurveDict[70] SEIE‘J@ (1.011##45))

rest = ReadMerge(newdatafile)

df1 = pd.DataFrame(rest)

dfl = dfl.T

df1 = dfl.reset _index()

df1 = dfil.rename(columns={ c H
df = pd.merge(df2,df1,how ,on )

return(df)
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Data aggregation - Processing 525 GB of data

Write data into Amazon S3; write data in CSV format for size 10K; total of 1,015 CSVs

def FilelWiriter(imp):
today = date.today()
now = datetime.datetime.now()

- |
tt = tmp[1] !
filename str{now.year) str{now.month) str(now.day) str{now.hour) str{now.minute) str{now.second) str(t l |
pfile filename H
tt.to_csv(pfile) iI= Chunk of 10k i
return(tmp[e]) e I — -

chunks = [N_P_Int[x:x+1000008] for x in range(®, len(N_P_Int), 160600)]

for i in range(len(chunks)):
df dfMaker (ingutlist IntRA,chunks[i])
] 10000
list_df = [df[i:i+n] for i in range(®,df.shape[8],n)]

list df = [(i,list _df[i]) for i in range(len(list_df))]

start time = time.time()
filenames = list df
pool = Pool()

result=[]

for file in enumerate(pool.imap(FileWriter, filenames)):
result.append(file)

pool.close()

pool_join()

finish _time = time.time()
print{i)

print(finish_time - start time)

aws

S



Model training
with Amazon SageMaker
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Model training

MODEL EXPERIMENTATIONS

. Single output regression — put Glide Path as feature and

Train ML Model

regress CE 2 @

= Apply GP dimensionality reduction and more complicated SeoeMakor Trining
feature engineering [ ms 2asarge %

and p3.16xlarge

= Experimented different methods including boosting, random forest, . S |

simple regression model and neural network on this data set
|« Multiple output regression models
= Numerous deep neural network architectures and k-nearest neighbors (k-NN)

= Chained multiple output regression

« Ranking models
= Several ranking models

aws
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Model training

Deep neural

network CE of 1,198 Glide Paths

RNN CE

XGBoost CE

Weighted

K-NN CE of 1,198 Glide Path

k-NN CE of 1,198 Glide Path

* For DNN, RNN, and XGBoost, we used a training job (DNN and RNN ml.p3.16xlarge instance)
* For weighted k-NN, we set up a processing job with 5 instances of ml.m5.24xlarge

aws
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Regular multi-output neural net
model with millions of parameters

RNN model with GP sequence
as feature

Regression model with
PCA1, PCA2, and PCA3
of Glide Path as feature

Weighted k-NN with 1,198 Glide
Path CE as output

Regular k-NN with 1,198 CE as
output; this is our baseline model

95.3%

90.36%

93.46%

98.5%

97.5%




Data size impact on model accuracy

We captured the accuracy of a model that generated 1,198 Glide Path CE with various dataset sizes

Data size (profiles)  Modelaccuracy - Data generation time
R apok).. -
S S |
A o N
S e — -
6M S - -
B g

The models need huge amount of data to improve accuracy after reaching 3 basis points in accuracy
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Narrow down the
available options




Modeling framework

OPTION 1
Regressor proxy on all 1,198 CEs and use the fitted model to
predict both additional 1,198 CEs and baseline CE

REQUIRED ACCURACY
Total error should be 1.5 basis points or less

OPTION 2
Regressor to predict 1,198 CEs and a separate regressor on
base CE prediction.

REQUIRED ACCURACY
Total error should be 3 basis points or less

Regressor on all 1,198 CEs and generate ground truth baseline
CFE = MaxCE - Baseline CE CE with the Al/ML VLCM

i

| Model error should be 3 basis points or less

OPTION 4
Multi-class/ranking model to predict top CE Glide Paths and
generate ground truth baseline CE with the Al/ML VLCM

REQUIRED ACCURACY
Model error should be 3 basis points or less
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Cost/time comparisons of different options

Since we can tackle the problem in 4 different ways to get the desired accuracy, the distinguishing
factors among them is cost and time of data generation and model training

Max CE Base CE Data gen time

Option AP required data required data Data gen cost Training cost (GEVD)

Option 1 One model
Option 2 Two models

Max CE model,

Option3 | 1se CE Al/ML VLCM

Option 4 Ranking model

= Ranking model didn't reach a model that is comparable in terms of accuracy with other regression models

= QOption 2 is also an interesting choice; however, it needs the training and maintenance of two models

aws
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Trade-off between data generation
and model exploration

« We can either generate less data and experiment as much we can or generate more data and
reach the desired accuracy with less model experimentation

« Cost/time analysis of different data sizes for the model accuracy of 1.5 basis points

2M (2 years of 5 scientists + DG: 20K

Small data < 100K PM + DE) TC: ~100K

Not guaranteed Risky decision

Moderate TM (1 year of 5 scientists + DG: 100K Worth it to

data SRl PM + DE) TC: ~50K

400-500K (9 months of 2 DG: 300-400K Guaranteed Technology cost
scientists + PM) TC: ~20K looks scary

FIE]E investigate

Large data 10M

DG: data generation
TC: training cost
DE: data engineer

adws PM: project manager
~—



Model inference with Amazon
SageMaker Processing




Inference and data generation

« Weighted k-NN was the final model
« We partitioned data based on the age feature with 5 years of overlap

60-70

Age range for training Age range for inference
25-35 25-30
25-40 31-35
30-45 36-40
35-50 41-45
40-55 46-50
45-60 51-55
50-65 56-60

66-70



Inference and data generation with model

« Amazon SageMaker Processing with 9 instances for inference, but smaller instances

« Each instance read the specific profile and model (results stored in Amazon S3)

def InputProfiles{):

fs = s3fs.S53FileSystem()
53FileSystem()

s3_file
path

allprofiles= fs.ls(path)

allprofiles

profile 25to3@
or {

profile 31to35
or {

profile 36to40
or {

profile_41to45
or {

profile 46to50
or {

profile 51to55
or {

profile 56to68
or {

profile 61to65
or {

profile 66to70
or {

return

allprofiles[1:]

[
in x)
[
in x)
[
in x)
[
in x)
[
in x)
[
in x)
[
in x)
[
in x)
[

in x)

or

or

for

for

for

for

in

in

in

in

in

in

in

in

in

allprofiles i

in x) or
allprofiles
in x)]

allprofiles i

in x)]

allprofiles i

in x)]

allprofiles i

in x)]

allprofiles i

in x)]

allprofiles i

in x)]

allprofiles i

in x)]

allprofiles i

in x)]

in
in x)]
in
in
in
in
in
in
in

in

x)
x)
x)
x)
x)
x)
x)
x)
x)

or

or

or

or

or

or

or

or

in

in

in

in

in

in

in

in

in

x)
x)
x)
x)
x)
x)
x)
x)
x)

or

or

or

or

or

or

or

or

or

in

in

in

in

in

in

in

in

in

x)
x)
x)
x)
x)
x)
x)
x)
x)

profile 25to3@,profile 31to35,profile 36to40,profile 41to45,profile 46to50,profile 51to55,profile 56to6@,profile 61to65,profile

_66to78

aws

if model number 1:
model pd._read_pickle(
profiles profile 25to38

elif model number 2:

model pd.read_pickle(

profiles profile_ 31to35
elif model number 3 =
model pd.Peadipickie(

profile_ 36to40
elif model number 4

profiles
model pd.read pickle(

profile_ 41to45
elif model number 5:

profiles

model pd.read_pickle(

profiles profile_ 46to5©
elif model_ number 6=

model pd.read_pickle(
profiles profile 51toS55
elif model number 7 o=

mode 1 pd.read_pickle(

profiles profile 56to68
elif model number 8:

mode 1 pd.read_pickle(

profiles
else :

profile_ &ltobS
mode 1 pd._read_pickle(

profiles profile 66to7@

Inferenc

@B

SageMaker Model Inference
5 m5.24xlarge

ith ML Model



Inference and data generation with model

print( )
S for 1 in profiles:
sleep(randint(1,200)) tilename 1'Spllt( )[8]
X_train,current df = fileMaker(1i)
:i::: predicted = model.predict(X train)
maxs = predicted.max(axis=1)
, _ B Jeurrent_df[ ] = list(maxs)
available model = pd.read pickle(os.path.join( ,bucket, folder, ))

model number = available model.pop(@)
tuples = [tuple(x) for x in current_df.to numpy()]
key index = os.path.join(folder, )
pickle byte obj taken = pickle.dumps(available model)
s3_resource = bote3.resource('=3')

s3_resource.Object (bucket, key_index).put(Body=pickle_byte _obj_taken) kE}I" o5 path ]Dl . ('Folder 'F:.I.].EFIBI'HE}
. - 3

profile 25t038,profile 31to35,profile 36to48,profile 41tod5,profile 46to50,profile 51toSs,profile 56to60,profile 61to65,profile 66to7e pickle byte obj = pickle.dumps(tuples)
InputProfiles() 53 resource = boto3.resource( )
oL 53 resource.Object(bucket,key).put(Body=pickle byte obj)
model = pd.read pickle( )
profiles = profile 25to30 . . |
4% nodel rumber 2 * Total inference time less than 4 hours!
model = pd.read pickle( )

« Inference cost less than $200!

profiles = profile 31to35

elif model number == 3 :
model = pd.read pickle( )
profiles = profile 36tod0

elif model number == 4 :

aws
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Base profile data generation with
Amazon SageMaker Processing




Base profile data generation

---------------------------------------------------------------------------------------------------------------

! Generat on of Base Profile Glide Path CEs
- Similar to all Glide Path data generation with @ @ @
Amazon SageMaker Processing except we | Az Sivpic Swage Az St E ST
generate CE for one Glide Path A i '?"5'353’*557 T A

« Another SageMaker Processing with 120 instances of ml.m5.24xlarge generated all data in less
than 24 hours

« Sample of generated data after data aggregation

df _.head(5)

PID sAge retAge cSal fltSavingsBase intRA fltMLA spendingRatioc BaseGP BaseCE

0.103

0.151

adws
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Profiles CFE builder and surface analysis
with Amazon SageMaker Studio
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Build profiles CFE

Simple merge of two datasets

Leveraged Amazon SageMaker Studio

def CFEMaker{i,allprofiles,df):
inputcolumns = [ , 5 ,

»

dfm = pd.read pickle(allprofiles[i])

dfm = pd.DataFrame(dfm,columns=inputcolumns}

profile = allprofiles[i].split(  ")[8]
profile = profile.split( el
profile = profile.split(" )

profile = [float(i) for 1 in profile]

shAge int(profile[@])
retAge = int(profile[1])
intRA int(profile[2])
f1tMLA = profile[3]

dfm - dfm[[ ,
dfb - df[(df[ ]-=shge) &(df[

dfb - dfb[[ ,

dfb = dfb.reset_index{drop=True)

dff = pd.merge(dfm,dfb, how )
dFF[ 1 = dFf[ 1 dFf[ ]
dFF[dFF < 0] = ©

return dff

adWs

S

)

]

>

retige)

11

11

(df[

]

intRA) = (df[

1==F1tMLA) ]

———— e

Data Aggregatiop’and Surface Analysis

—
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Surface visualization and
breaking point detection

Apply surface analytics techniques
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Conclusion

« Vanguard’'s goal is to provide a personalized Glide Path for individual advice clients

« A personalized Glide Path relies on heavy computations that consider various market conditions,
investor risk/loss aversion, and the financial and demographic situation of an investor

« AWS computing resources (large computing power) enabled Vanguard to move toward a
personalized Glide Path and made the unsolvable solvable

« Vanguard reached their goal at a fraction of the original estimated cost (4%-6% of estimated
cost) and time (less than 1 month vs. 1 year for total data generation) with the availability of
ML algorithms and model training on AWS

. Vanguard reduced the computation cost from $5M to less than $200K
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Questions?




Thank you!
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Please complete
the session survey
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