


Vanguard: Personalization at 
scale with Amazon SageMaker

Ayoub Hazrati (he/him)

F S I 3 0 7

Senior Data Scientist 

Vanguard Group

John Formento, Jr.

Senior Solutions Architect

AWS



Introduction

Dive into the personalized Glide Path

Building the solution

Data generation

Model training

CFE surface building and analysis

Conclusion

Q&A

Agenda



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



What is a Glide Path?



Challenges

To build each surface with high granularity, we need to generate more 
than 10K–15K CFE points for each surface with the AI/ML Vanguard 
Life-Cycle Investing Model (VLCM)

=𝑇𝑜𝑡𝑎𝑙 required data 
Annual 

savings 

amount

Retire 

age
× Risk 

aversion
…× Loss 

aversion
= >110M



Vanguard Life-Cycle Investing Model (VLCM)

https://institutional.vanguard.com/VGApp/iip/site/institutional/researchcommentary/article/InvResVanguardLifeCycleInvestingModel

https://institutional.vanguard.com/VGApp/iip/site/institutional/researchcommentary/article/InvResVanguardLifeCycleInvestingModel


AI/ML VLCM

A Python version of VLCM has been developed for this research

Inputs

• 27

• 8 combinatorial

• Risk aversion

• Loss aversion

• Saving rate

• Spending ratio (SR)

• Portfolio value

• Current salary

• Retirement age

• Age

AI/ML VLCM

• VLCM-driven Certainty Equivalence (CE) 
calculator developed

• Utility function is a function of 
consumer and stability

• Vanguard Capital Markets Model 
(VCMM) scenarios

• 10K

• US equity/bond

• International equity/bond

• Cash

• Inflation

• Wage curve considered

Outputs (Glide Paths CE)

A list of 1,198 Glide Paths with their 
associated CEs



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

▪ Loss aversion

▪ Saving rate

▪ Spending ratio

▪ Age

▪ Retirement age

▪ …



Business goal

• 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



Accuracy requirement

• Sample AI/ML VLCM output

• 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



Data generation architecture
Data generation for training ML model

Generation of base profile Glide Path CEs

Amazon S3

Amazon S3

Amazon SageMaker
120–140 m5.24xlarge instances

Amazon SageMaker
120–140 m5.24xlarge instances

AI/ML VLCM 

Python tool

AI/ML VLCM 

Python tool

SageMaker Studio 

Notebook

SageMaker Studio 

Notebook

Train ML model

Inference with ML model

Data aggregation and surface analysis 

SageMaker training

SageMaker model inference

SageMaker Studio 

Notebook

m5.24xlarge 

and p3.16xlarge

5 m5.24xlarge

Update index file

Update index file

Chunk of 10K

Chunk of 100K

Up to 10M 

random 

profiles 

More than 

110M base 

profiles 



Data generation with Amazon 
SageMaker Processing



Profile generation
T A K E  R A N D O M  S A M P L E  F R O M  E A C H  P R O F I L E  ( A R O U N D  4 % – 6 % )  A N D  A G G R E G A T E  T H E M

Random selection

Random selection

Profile i

Profile j

Random 

Sample 

5% 

Random 

Sample 

5% 

Aggregate 
randomly
selected 
inputs

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



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!



Amazon SageMaker Processing 
H O W  T O  S Y N C H R O N I Z E  D A T A  G E N E R A T I O N  A C R O S S  I N S T A N C E S

Divide list of available indexes into chunks of 25K personas and save them in 

Amazon S3 (25K is a Vanguard decision)

Create a chunk tracker and save it in Amazon S3



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



Amazon SageMaker Processing 
P A R A L L E L  P R O C E S S I N G  I N  E A C H  I N S T A N C E  A N D  S A V I N G  . S A V  F I L E  F O R  E A C H  I N D E X  F I L E  I N T O  A M A Z O N  S 3

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

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



Amazon SageMaker Processing 
C R E A T E  D O C K E R  I M A G E  A N D  P U S H  T H A T  T O  A M A Z O N  E C R  
( W E  S E L E C T  I N S T A N C E  T Y P E ,  N U M B E R  O F  I N S T A N C E S ,  A N D  D U R A T I O N  T O  R U N  S A G E M A K E R  P R O C E S S I N G  I N  T H I S  S T E P )



Data aggregation with 
Amazon SageMaker Studio



Data aggregation
A G G R E G A T E  D A T A  F O R  T R A I N I N G  

Size of data# of files



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



Data aggregation – Processing 525 GB of data

Merge aggregated .sav files with profile features



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

10k



Model training 
with Amazon SageMaker



Model training

• Single output regression – put Glide Path as feature and 
regress CE

▪ Apply GP dimensionality reduction and more complicated 
feature engineering

▪ Experimented different methods including boosting, random forest, 
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 

M O D E L  E X P E R I M E N T A T I O N S



Model training

Model Model output Model summary
Accuracy

(basis points)
Accuracy

Deep neural 
network

CE of 1,198 Glide Paths
Regular multi-output neural net 

model with millions of parameters
9 95.3%

RNN CE
RNN model with GP sequence 

as feature
18 90.36%

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

10 93.46%

Weighted 
k-NN

CE of 1,198 Glide Path
Weighted k-NN with 1,198 Glide 

Path CE as output
3.0–3.2 98.5%

k-NN CE of 1,198 Glide Path
Regular k-NN with 1,198 CE as 

output; this is our baseline model
4.82 97.5%

• 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



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)
Model accuracy 

(basis point)

Data generation time 

(days)

160K 8.5–9 <1

500K 5.8–6.1 1

1M 4.1–4.3 2–3

2M 3–3.15 4–5

6M 2.1–2.3 12–13

10.1M 1.5–1.65 21

The models need huge amount of data to improve accuracy after reaching 3 basis points in accuracy



Narrow down the 
available options



Modeling framework
O P T I O N  1  
Regressor proxy on all 1,198 CEs and use the fitted model to 
predict both additional 1,198 CEs and baseline CE

R E Q U I R E D  A C C U R A C Y

Total error should be 1.5 basis points or less

O P T I O N  2  
Regressor to predict 1,198 CEs and a separate regressor on 
base CE prediction.

R E Q U I R E D  A C C U R A C Y

Total error should be 3 basis points or less

O P T I O N  3
Regressor on all 1,198 CEs and generate ground truth baseline 
CE with the AI/ML VLCM

R E Q U I R E D  A C C U R A C Y

Model error should be 3 basis points or less

O P T I O N  4
Multi-class/ranking model to predict top CE Glide Paths and 
generate ground truth baseline CE with the AI/ML VLCM

R E Q U I R E D  A C C U R A C Y

Model error should be 3 basis points or less



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

Option Description
Max CE 

required data

Base CE 

required data
Data gen cost Training cost

Data gen time 

(days)

Option 1 One model 10M 10M ~350K 10K 20–21

Option 2 Two models 3M 35M ~150 ~15 13–14

Option 3
Max CE model, 

base CE AI/ML VLCM
2M 110M ~160K 5K 10–11

Option 4 Ranking model Stopped Stopped Stopped Stopped Stopped

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

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



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

Approach 

index

Approach 

name

Amount of data 

for training
Labor costs

Technology cost

(data generation 

and training)

Accuracy is (will be) 

satisfactory?
Decision

A1 Small data < 100K
2M (2 years of 5 scientists + 

PM + DE) 

DG: 20K

TC: ~100K
Not guaranteed Risky decision

A2
Moderate

data
500K–1M

1M (1 year of 5 scientists + 

PM + DE)

DG: 100K

TC: ~50K
Might 

Worth it to 

investigate

A3 Large data 10M
400–500K (9 months of 2 

scientists + PM)

DG: 300–400K

TC: ~20K
Guaranteed

Technology cost 

looks scary

DG: data generation

TC: training cost

DE: data engineer

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

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

60–70 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)



• Total inference time less than 4 hours!

• Inference cost less than $200!

Inference and data generation with model



Base profile data generation with 
Amazon SageMaker Processing



Base profile data generation

• Similar to all Glide Path data generation with
Amazon SageMaker Processing except we 
generate CE for one Glide Path

• 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



Profiles CFE builder and surface analysis 
with Amazon SageMaker Studio



Build profiles CFE
• Simple merge of two datasets

• Leveraged Amazon SageMaker Studio



Surface visualization and 
breaking point detection

Apply surface analytics techniques



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



Questions?



Thank you!



Please complete 
the session survey


