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Related Work

Predicting the Present with Google Trends [1]
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(a) Ford Monthly Sales (b) Ford Google Trends

*Great recent lecture here.


https://economics.yale.edu/news/230420/can-google-search-data-predict-economic-activity-google-chief-economist-delivers-okun-lecture

Google Trends Data
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Related Work

Predicting the Present with Google Trends
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Take Away

Search is a
proxy for the
marketplace

Useful in many cases where a leading indicator is needed. Search
contains the intent behind the queries that often predict the
measured variable.




Proprietary + Confidential

~

Google

Embeddings

Quantifying Search with Embeddings
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Embeddings

Search Data

Search Logs*

Term Volume
craigslist used cars for sale 10
for sale cars craigslist 1500
awd vs. 4wd 250

* Data is mocked for demonstration purposes. Google



Embeddings

Features that the model uses to predict the variable of interest.

o1

Individual Terms

Simplest way to group terms is to
treat each unique term as its own
category

02

Categories

Using classification systems, you
can group terms together which
allow you to expand the total
number of included terms.

03

Language Models

Our method uses language models,
which are continuous mappings of
text to a learned embedding space.
The models are pretrained on giant
text corpora and capture the
meaning of text without relying on
human classification boundaries.




Embeddings

Traditional Embeddings

Individual Queries [2]
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Term craigslist used cars for sale cars awd vs. 4wd
for sale craigslist
Volume 10 1500 250
S h
e g 10 1500 250
1 2 D

D is the number of unique terms to keep in your embedding

Google
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Embeddings

Traditional Embeddings

Classification [1]

Term craigslist used cars for sale cars craigslist awd vs. 4wd
for sale

Volume 10 1500 250

Search

Embedding 1510 250 - X
Craigslist Comparison Category D

D is the number of categories Google
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Embeddings as Tables: Individual Terms

Previous methods use discrete embeddings. Individual terms have one-hot rows.

Term Dim O Dim 1 Dim D
craigslist used 1 0 0
cars for sale
for sale cars 0 1 0
craigslist
awd vs. 4wd 0 0 1

Google
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Embeddings as Tables: Categorical

Previous methods use discrete embeddings. Queries are mapped to K-hot rows via classification systems.

Term Dim O Dim 1 Dim D
craigslist used 1 0 0
cars for sale
for sale cars 1 0 0
craigslist
awd vs. 4wd 0 1 0

Google



Embeddings as Tables: Language Models

Our method uses LMs to map terms to D-dimensional vectors

Proprietary + Confidential

Term Dim O Dim 1 Dim D
craigslist used 0.0411 0.0265 0.0131
cars for sale
for sale cars 0.0217 0.0333 0.0201
craigslist
awd vs. 4wd 0.0086 0.0553 0.035

Google



Embeddings Properties

Synonyms are close together in embeddings spaces
Not reliant on human classification systems
Continuous embeddings capture rich information
Can potentially leverage improvements made from
existing language models

Projected Embeddings on a Circle

craigslist used cars for sale

L) C o
for sale cars craigslist

2
new model lamborghini urus

awd vs. 4wd
®
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Approach

SLaM & CoSMo




Compression

SLaM Compression

Search Language Model Compression

“Term 1” I
“Term 2" S
“Term K" e
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Language
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SLaM Compression CoSMo

Term 2 \‘ LM / | \ o - /( w0 Actual  @m Predicted

Term K

Using a pretrained language model, SLaM compression The resulting data is called the A custom neural network, CoSMo, uses only the search
embeds each term into a fixed-length vector before “search embedding.” It's a highly embedding to learn the important aspects of search data.
aggregating all the terms using a reduce operation. compressed summary of search

that has been shown to be highly
predictive.

Reduce operation is the sum in in the standard setup. Google


https://research.google/pubs/compressing-search-with-language-models/
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Model

Automotive Results

Test period after the green line
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Model is not autoregressive. Google



Model

Flu Results

Test period after the green line

U.S. National ILI Rates with CoSMo Predictions (2018-2023)
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Model is not autoregressive.



Model

Model Interpretation

Automotive Model

Only a sample of the query clusters are displayed here..

t-SNE Dimension 2

Qil filter
queries

Honda
customer
serviceg )
Hyundai
Finance
L L]
Audi Craigslist for
EV tax eFinancial
W ! credit Services
credi
*
EV Charging o
Ram Cargurus  Stations
rebel
—’grunner
awd vs. 4wd ’ Kelly Blue
Book
o— )/\Ll?i(e ferrari .What does Car Sales
i ue gmc stand
porsche for
2022 nissan Lamborghini
rogue / ferrari
queries
2023
f250 2023 land
rover
defender

t-SNE Dimension 1

Highest
impact

Lowest
impact
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Model

Model Interpretation

Flu Model
g‘dextromethorphan
; Winter Search
safewa .
o xofiizar  Embedding
scheduler ®
[ Summer Search
~ , Embedding
= tamiflu
(@] ° NAX]
‘® e
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e flu Yo (] s
(=) shot ° ° running nose
> &7.°
% D ®e .
7] flu e 8
- ¢ cold ° \ - .
o° . symptoms. o ° ; ”throat pain
o, o 900
[ ) a
= ° ° best medicine
flu season flu g ® e fever ff;;sore throat
symptoms E)
#
how long does upper }h
resplratory ow to break
the flu last e o ’ a fever

t-SNE Dimension 1

Only a sample of the query clusters are displayed here..

Highest
impact

Lowest

impact

Term Score Percentile
efluenza 0.04
flu center 0.09
uniflu tablets 0.17
summer flu ohio 0.26
flu current status 0.86
flu vactination 0.95
flu cdc recommendations 1.30
flu & pneumonia 1.74
benzonate 38.51
do 5 year olds get immunizations 60.76
kansas vaccine locations 86.79
does putting vicks on your chest help 86.78
nasal spray toddlers 95.48
runny nose puffy eyes 99.90
post nasal drip spitting 99.90



Thank You!

Google
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Auto Results

Baselines

Frequency | Embedding | Model | Test R? T | Test MAPE (%) |

Weekly | Categorical | Lasso | 0.5869 10.90
Weekly | Categorical | CoSMo | 0.5381 10.85
Weekly SLaM CoSMo | 0.7486 7.12
Monthly SLaM CoSMo | 0.9065 3.03




Flu Results

Baselines

Test MAPE(%) | | Testr ]
Logistic Regression 249 +0.1 .98
MLP 73 £'1.5 99
Google Flu Trends [17] [9.5 - 33.1] [.66 - .97]
Elastic Net [17] [9.8 - 15.1] [.92 - .99]
Guassian Process [17] [9.4 - 14.6] [.94 - .99]
AR [17] [6.7 - 14.3] [.88 - .98]
AR+Google Flu Trends [17] [6.2 - 12.5] [.88 - .99]
AR+Elastic Net [17] [5.1 - 8.7] [.93 - ~ 1]
AR+Guassian Process [17] [5.0 - 8.6] [.93 -~ 1]
CoSMo (Ours) 5.5+ 0.4 .99
CoSMo (Ours, Test selection) 3.9+0.1 ~1



Flu Results

LMs

Test MAPE(%)|, Testr T
MLSE (baseline) 5.46 + 0.43 9933 £ .0005
sT5 Base 6.51 £0.13 9906 £ .0016
sT5 Large 6.51 £ 0.97 .9894 + .0049
MLSE (English only) 9.11 £ 0.99 9902 £ .0014
sT5 Base (English only) 769 £ 1.29 .9846 +.0013
sT5 Large (English only) | 7.22+0.69  .9878 +.0040



Flu Results

Other Aggregation Techniques

Aggregation Method | Test MAPE (%) Testr

Summation (1) 5.46 + 0.43 .9933 + .0005
Marginal Distribution | 6.86 + 0.35 9952 £+ .0004
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CoSMo

Constrained Search Model

Search Probability Model
Embedding
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