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and instructions

= user: explain how cost-based
pricing in B2B works

= LLM: explain how value-based
pricing in B2C works

supervised transfer learning to
finetune the model to follow
instructions + provide answers
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From GPT to ChatGPT

responding to commands
# good open-ended dialogues

hard to calibrate
human scores

reinforcement learning with
human-in-the-loop ranking of
good dialogue responses

= scoring a good dialog is nebulous
= inconsistency among people

reinforcement
learning

action = generate response
pJemal = yoeqpas} Jejeas

twitter: @mich8elwu
©2024 PROS, Inc. Al rights reserved. Confidential and Proprietary. linkedin.com/in/MichaelWuPhD

44

From GPT to ChatGPT

responding to commands

# good open-ended dialogues eecoee
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humans rank the preferences

o D
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require grounding

conventional chatGPT to
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aNnade O Oata
ide range of use case

A Language Guru with Broad General Knowledge

think of ChatGPT as a colleague
reads lightning fast
understands any language

forgetful: small working memory
(limited context length)
* GPT3.5: ~4K tokens
+ GPT4: ~128K tokens
= has broad (non-specific) knowledge

= very imaginative, but overconfident

how could you leverage and
work with someone with such
skill?
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bk an you have is a
hammer, everything

looks likeZioa 18

—Abraham Maslow

“Interesting” Use Cases of ChatGPT
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Good Use Cases

Github copilot/Codex

Il ask any natural language question
- SQL generation for a known DB
schema

prompt DB schema, data
dictionary, column
definitions, etc.

example

“‘what is the total

margin lift for my

French customers
last quarter?”

©2024 PROS, Inc. All rights reserved. Confidential and Proprietary.

read-only
respect access permission

explain aggregated results
human languages are
imprecise

step through calculations
without trust there is no value
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ChatGPT and Beyond

50t b-day poem from ChatGPT

Happy birthday, Dr. Michael Wu

Today we celebrate all that you do

Your wisdom and insight we hold so dear
Your guidance and leadership, always so clear

In the field of revenue management

You are a true expert and phenomenon

Your knowledge and skills have paved the way
For success and growth, day by day

Your dedication and hard work

Are an inspiration, no need to lurk

Your passion for learning and innovation
Have brought us all great motivation

So on this special day, we honor you

For all that you have accomplished, it’s true

We wish you joy, happiness, and health

May your dreams and goals be realized with wealth

Happy birthday, Dr. Michael Wu

We are grateful for all that you do

May your year ahead be filled with delight
And your future be forever bright

©2024 PROS, Inc. All rights reserved. Confidential and Proprietary.
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Navigating the Limits of GenAl

in Business Decisions—Beyond Productivity

Michael Wu, PhD (@mich8elwu)
chief Al strategist @ PROS
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Properties of Tabular Data
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What Does it Take to Drive Profitability?

profit = revenue -
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cost

must have ability to timi ti t t
manage both terms optimize revenue estimate cos

accurate
cost
estimate
actual
cost

twitter: @mich8elwu
linkedin.com/in/MichaelWuPhD
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What Does it Take to Drive Profitability?

profit = revenue -

« selling below the actual cost
— incur losses (negative margin)

©2024 PROS, Inc. All rights reserved. Confidential and Proprietary.

cost

must have ability to timi ti t t
manage both terms optimize revenue estimate cos

f[’.OSt ) actual
estimate cost
too low

twitter: @mich8elwu
linkedin.com/in/MichaelWuPhD
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What Does it Take to Drive Profitability?

profit = revenue — cost
must have ability to . . .

« selling above market price S[:ZOStt
— loss of competitiveness es lm_a e
« turn down deals that could too high
; o : market
contribute positive margin rice
— loss of biz opportunities P
actual
) - cost
« selling below the actual cost
— incur losses (negative margin) too low
twitter: @mich8elwu
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What Does it Take to Drive Profitability?

profit = revenue — cost
must have ability to . . .

* many products/services are not « selling above market price C'.OSt
directly linked to production — loss of competitiveness eStlm_ate
« industry with supply constrained « turn down deals that could too high
(e.g. travel, transport, logistics, contribute positive margin
utilities, perishables goods, etc.) — loss of biz opportunities

material cost ;é accurate cost
(cost of production) estimate NOW

actual
. cost
« selling below the actual cost t |
— incur losses (negative margin) 00 low
twitter: @mich8elwu
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What Does it Take to Drive Profitability?

profit = revenue — cost
must have ability to . . .

* many products/services are not
directly linked to production

* industry with supply constrained
(e.g. travel, transport, logistics,
utilities, perishables goods, etc.)

material cost # accurate cost
(cost of production) * estimate NOW

= opportunity cost

, _ actual
« cost incur by selling NOW, cost
because you can't sell it later
(b/c supply is constrained)
» cost based on current market
demand + biz environment
twitter: @mich8elwu
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What Does it Take to Drive Profitability?

profit = revenue — cost
must have ability to . . .
M_l * pricing = most direct
driver for revenue

marketing

* 1% price change
» 11% margin improvement
» more impact than 1%
change in anything else
about the business

many factors
contribute to

revenue indirectly pricing

* best way to maximize

maximize revenue revenue = optimize price

twitter: @mich8elwu
©2024 PROS, Inc. Al rights reserved. Confidential and Proprietary. linkedin.com/in/MichaelWuPhD
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—Som ’és have alw aYSe
"}@m rd?verwmn Tnargin

137
Conventional RM: Controls the Fares Seen by Shoppers
(days prior = 30, capacity = 25, bid price = 295)
revenue management I
demand optimization bid price l
influence P vector | class | fare |

73 Y 600

B 500

M 400

H 300

marginal opportunity ? ,2?8 lowest fare
cost of selling a seat - J = $3 00
RTDP ::Ieye::rr:iec pricing decision/
behavior
automation — automated generation of bid prices
learning — improved bid prices through the
update of info from the market
twitter: @mich8elwu
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Definition of Al

Al = machine mimicry of certain
aspects of human behaviors with
2 important characteristics:

automation learning
the ability to automate decisions
and/or subsequent actions

the ability to learn and improve
its performance with usage

twitter: @mich8elwu
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Conventional RM: Controls the Fares Seen by Shoppers

(days prior = 30, capacity = 25, bid price = 295)

revenue management I
demand L bid price
forecast . optimization
influence vector
Y Y 600
B 500
M 400
H 300 | tf
marginal opportunity ? ?gg owest tare
cost of selling a seat = = $300

realtime

RTDP dynamic pricing decision/
behavior
— automated generation of bid prices

_— improved bid prices through the °°

update of info from the market

twitter: @mich8elwu
linkedin.com/in/MichaelWuPhD
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Conventional RM: Controls the Fares Seen by Shoppers

! revenue management

foyecast CLIENLE optimization ALI[IEE
Neen influence vector Ei(a e

B 500

M 400 :

H 300 ) 4
marginal opportunity ? ?gg Qest 1are
cost of selling a seat A = $300

realtime :

RTDP dynamic pricing H decision/
L N P TR AR B e T P T CU T C L e T L eI TCUCLOT LI EPERR b h 5
model-free reinforcement learning (based only on data/stats.) .

model-based reinforcement learning (based on known mechanisms + data/stats.)

automation — automated generation of bid prices

_ — improved bid prices through the

update of info from the market

twitter: @mich8elwu
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Conventional RM: Controls the Fares Seen by Shoppers
(days prior = 30, capacity = 25, bid price = 295)
revenue management I
demand optimization bid price l
influence P vector [ class | fare |
73 Y 600
B 500
M 400
H 300 | ¢
marginal opportunity g ggg owest fare
cost of selling a seat - = $300
realtime
RTDP dynamic pricing decision/
behavior
model-free reinforcement learning : model-based reinforcement learning
(based only on data/stats.) ¢ (based on known mechanisms + data/stats.)
transparency (interpretability)
flexibility (generality) : manipulability + control
: data efficiency
twitter: @mich8elwu
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Conventional RM: Controls the Fares Seen by Shoppers

(days prior = 30, capacity = 25, bid price = 295)

revenue management I .
what if WTP
demand L bid price _
I influence el vector E@ - $2 5 0
73 600
B 500
M 400
H 300 | tf
marginal opportunity ? 288 NSt fare
cost of selling a seat N = $300
Iti
RTDP :iiia:::ﬁ: pricing decision/
behavior

you can’t have the right price w/o
considering customer’s WTP

twitter: @mich8elwu
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Conventional RM + WTP Info
(days prior = 30, capacity = 25, bid price = 295)
RM input revenue management l l
seasonality . .
5 demand Lo bid price
holiday + events f
avg"abimy m influence optimization vector | class | fare |
Y 600
bookings b(t, x) B 500
M 400
H 300
marginal opportunity 8 ?gg
cost of selling a seat - -
Itii
i RTDP L?i;ﬂ.’; .
i
1
i
not effective during )
a demand shock oi
. price
excess capacity—0
opportunity cost H H
fare price
1 1
low-end control high-end control
close classes with fare can price seats as high
price below bid price as consumers’ WTP
twitter: @mich8elwu
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RM input

seasonality
holiday + events

availability
bookings b(t, x)

prices p(t,x)

revenue management

forecast

demand
influence

exponential demand response

b(t,x) = e Pt0/a

Conventional RM + WTP Info

(days prior = 30, capacity = 25, bid price = 295)

bid price l
vector m

optimization

600
B 500
M 400
H 300
marginal opportunity 3 288
cost of selling a seat N
realtlme

price

margin:
a

a
%Mtat apeXp( )[P—C] =0

N

revenue: R,,. = b[p(t,x)|p(t,x) ;----cost = bid price

©2024 PROS, Inc. All rights reserved. Confidential and Proprietary.

p(t,x)

RTDP dynamic pricing
not effective during
a demand shock

bid
excess capacity—0 price
opportunity cost H H
fare price

1 )
low-end control high-end control
close classes with fare can price seats as high
price below bid price as consumers’ WTP

twitter: @mich8elwu
linkedin.com/in/MichaelWuPhD
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Conventional RM + WTP Info

(days prior = 30, capacity = 25, bid price = 295)

a a -p
Mior = %exp(7> [p—cl=0

©2024 PROS, Inc. All rights reserved. Confidential and Proprietary.

RM input revenue management l l
seasonality . .
: demand s bid price
holiday + events f
Iavg"abi;;ty m influence A vector [ class | fare |
: Y 600
bookings b(t, x) B 500
prices p(t,x) exponential demand response I\I_/|| ggg
b(t,x) — 10—
b(t,x) = Ae™Ptx)/a marginal opportunity “3 ?gg
g cost of selling a seat =1
£ Iti
g : RTDP Ley"n;n";i e
1
price p(t, x) E
. . ]
revenue: Ry, = blp(t,0lptx) cost = bid price notdeffectlze :urllr:g )
. o ’ ’ v a demand shoc
margin: - My, = b[p (¢, )1[p(t, %) — C(t.X)]

excess capacity—0

A opportunity cost H r H
op are rice
exp<_—p)-1+[p—c]exp(_—p>_—1=0 [ s A
a [a o]l !
-4
€ 1 =
a
a=[p—c]
pr=ct+a

twitter: @mich8elwu
linkedin.com/in/MichaelWuPhD
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©2024 PROS, Inc. All rights reserved. Confidential and Proprietary.

Request-Specific Pricing
1. deep neural network 2. robust price
b(t, X) o booking/price prediction sensitivity estimation a
o \° exponential demand response: b(t,x) = le PEX/@
[ ]
g}
C
®©
S
()
°
. r
& ®
price p(t,x)
double debiased neural network-based robust estimation
) (2-stage semi-parametric model) _
leisure business

twitter: @mich8elwu

linkedin.com/in/MichaelWuPhD
155
Request-Specific Pricing: Future with Continuous Pricing
1. deep neural network 2. robust price p*=295+a -+ better estimate
b(t, X) booking/price prediction sensitivity estimation a need not be a of a — captures
ublished fare
exponential demand response: P more revenue
b(t,x) = e PtX/a
N ! 4
° ) ® asqiand
j competitor flight
g fare search events loyalty weather economy
[0}
© ' and much more ...
 neural network can flexibly if bid price ¢ = 295
ingest additional predictors @ capacity = 25
« at time of request, more accurate days prior = 30
context data can be collected reliably
price p(t,x) ..
customers get a better, more personalized experience
\ airline’s way of achieving personalization )
leisure business
twitter: @mich8elwu
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forecast

inspired an RM solution
for B2B companies that
have no experience in RM

©2024 PROS, Inc. All rights reserved. Confidential and Proprietary.

airlines have a long history of estimating the opportunity cost
of seats via their practice of revenue management (RM)

DiANNe

(capacity aware optimization)

twitter: @mich8elwu
linkedin.com/in/MichaelWuPhD

160

conventional RM

seasonality

forecasting is challenging Direct
1) demand volatility
e.g. cargo’s late & lump :
gler%andgarrival) ’ Adaptive
2) data unavailability
(e.g. industries that don’t Neural
have a RM practice) Network

©2024 PROS, Inc. All rights reserved. Confidential and Proprietary.

DiANNe: Direct Adaptive Neural Network RM

(days prior = 30, capacity = 25, bid price = 295)

bid price l
vector | class | fare |
600

holiday + events orcCast
availability A
bookings B 500
C 400
D 300
E 200
3

marginal opportunity 50

cost of selling a seat

realtime

RTDP dynamic pricing

gets bid prices directly from
historical transactions (forecast free)

highly adaptive, robust to extreme
demand shocks

uses deep neural network as the
predictive model

twitter: @mich8elwu
linkedin.com/in/MichaelWuPhD
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DiANNe: Direct Adaptive Neural Network RM

(days prior = 30, capacity = 25, bid price = 295)
RM input

conventional RM I
historical _ bid price
transactions " vector | class |

600
500
400
300
200
©00

(bookings)

marginal opportunity

MmO O W >

cost of selling a seat

realtime

RTDP dynamic pricing

Direct gets bid prices directly from no forecasting: lighter data requirement
historical transactions (forecast free) ] , ) ,
no optimization: lighter implementation
Adaptive highly adaptive, robust to extreme + lower cost

demand shocks

Neural uses deep neural network as the flexible data sources, supports additional
Network predictive model covariates

twitter: @mich8elwu
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Asia air cargo carrier EU air cargo carrier
19% 3.2% 2.14% 3.07%
bid price prediction attainable bid price prediction attainable
MSE reduction revenue lift MSE reduction revenue lift
©2024 PROS, Inc. Al rights reserved. Confidential and Proprietary. Iinkedin.cox:gfh;ig:;mii’l\:;
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What Does it Take to Drive Profitability?

profit = revenue — cost
must have ability to . . .

more accurate cost
estimation through
opportunity cost can drive

3+%

revenue lift

twitter: @mich8elwu
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166
has a long heritage in airline
revenue management (RM)
forecast optimize
inspired an innovative,
novel, next-gen B2B WROXAN N e
pricing algorithm (Gen-lV pricing optimization)
©2024 PROS, Inc. All rights reserved. Confidential and Proprietary. Iinkedin.co:::\;::fh;lzig:;mii’h:;
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wROXANNe: win-Rate Optimized eXplainable Al with Neural Network

A_O_ |
[e%] .....

o o®
%
ie00g

price

i e een
H ....

0 quantity ©

* limits accuracy

* don’t support continuous
attributes

* limited cross-segment
knowledge sharing

» data sparsity

twitter: @mich8elwu
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wWROXANNe: win-Rate Optimized eXplainable Al with Neural Network

A
(o]

price

o

v

0 uantit S
S.Am a Y
$
EUZ/S
apac/s

s

MEAS &

* limits accuracy

« don’t support continuous
attributes

* limited cross-segment
knowledge sharing

» data sparsity

twitter: @mich8elwu
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wROXANNe: win-Rate Optimized eXplainable Al with Neural Network

8

pgce

* limits accuracy

* don’t support continuous
attributes

* limited cross-segment
knowledge sharing

» data sparsity

twitter: @mich8elwu
linkedin.com/in/MichaelWuPhD
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wWROXANNe: win-Rate Optimized eXplainable Al with Neural Network

A_O_ . : \ _©®

0 0g®q : 0 0g®e

‘ o"o: : .o“::
g ?‘oo N g :oo. %o,
s (¥ o ; s Mt ¥ Y

; %ge .
'—°"rc. . : 000

0 H .. E 0 ..

0 quantity © 0 quantity ©

* limits accuracy

* don’t support continuous
attributes

* limited cross-segment
knowledge sharing

+ data sparsity

* rules-driven price
recommendation

* no tradeoff info for price
deviation

twitter: @mich8elwu
linkedin.com/in/MichaelWuPhD
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wROXANNe: win-Rate Optimized eXplainable Al with Neural Network
segmentation forecast optimize
ot .:. ¢ : . : cost 1
o o 1
d:. o gmarket @
.8 0004 .g g price %,
S i eee® S £ 2
H .:z. B (EB
— %
0 H °, : 0 > : 0 : [,
0 quantity oo : 0 quantity 0 : 1x
L : : price (x of customer-specific price)
* limits accuracy : external data neural |
+ don't support continuous szgumc;r G - Poin @) = I Gy
a.ttr.IbUteS ' transaction price : m= (X — C)Pwin (X)
* limited cross-segment :
knowledge sharing * improve accuracy
* data sparsity » allow continuous attributes
* rules-driven price e use the entire data set
recommendation : * no data sparsity
* no tradeoff info for price » allow external predictors
deviation :
twitter: @mich8elwu
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wROXANNe: win-Rate Optimized eXplainable Al with Neural Network
segmentation forecast optimize
wtegeg wtegee cost  999% target 1
[e G4 : ® : !
i J : . —
8 00 0 o g "% JO SN &:3
S oo s £ S
:.:3. = | Q.
_....9‘._‘ ................
0 : °, : 0 °, : 0 — >
0 quantity oS : 0 quantity @ : 1x
. H price (x of customer-specific price)
external data |
pl’OduCt WTP g Pwin (X) = W
customer price H
transaction m = (x = €)Pyin(x)
* improve accuracy * price via profit optimization
: + allow continuous attributes « tradeoff info available for
* rules-driven price * use the entire data set deviation from target
recommendation P i : . ..
* no tradeoff info for price ZEoda:ea feﬁiraslltyred'ctors win-rate elasticity, NOT
Nyt P : wex predi price (demand) elasticity
deviation :
twitter: @mich8elwu
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wROXANNe: win-Rate Optimized eXplainable Al with Neural Network

forecast
.. °

8

price

0 quantity ©
external data
product
customer
transaction

WTP
price

improve accuracy

allow continuous attributes
use the entire data set

no data sparsity

allow external predictors

model explanation

eXplainable Al

feature importance
: via Shapley value

©2024 PROS, Inc. All rights reserved. Confidential and Proprietary.

win-rate

(=}

optimize
t y

cost 999 targe
: — gmarket =
..... SRR N price —
: NG E g
o
Q.
exp [,

price (x of customer-specific price)
1

Pyyin (x) =11 o-Gd

m = (x = )Py (x)

price via profit optimization
tradeoff info available for
deviation from target

win-rate elasticity, NOT
price (demand) elasticity

twitter: @mich8elwu
linkedin.com/in/MichaelWuPhD
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wWROXANNe: win-Rate Optimized eXplainable Al with Neural Network

forecast
[ee) .. °
()
8
o
Q.
0 s
0 quantity ©

external data

product
WTP
customer .
price
transaction

improve accuracy

allow continuous attributes
use the entire data set

no data sparsity

allow external predictors

model explanation

eXplainable Al

feature importance
: via Shapley value

given all feature set X = {xy, x5, -, xy}

¢;(x) = average marginal contribution of feature
x; over all permutation feature subsets

:% Z (N|;|l)7l[f(XSUui})*f(xS)]

SEXlxg)
price prediction waterfall

predicted
........ WIP
price

price

0
SY Xy X3 Xe X1 X5 Xy

avg

price feature importance

©2024 PROS, Inc. All rights reserved. Confidential and Proprietary.

win-rate

(=}

cost  999% target 1
R SO &
&
e
RN R AW %
i [,
1x
price (x of customer-specific price)
B 1
Pyin(x) = W

m = (x = c)Pyn(x)

price via profit optimization
tradeoff info available for
deviation from target

win-rate elasticity, NOT
price (demand) elasticity

twitter: @mich8elwu
linkedin.com/in/MichaelWuPhD
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wROXANNe: win-Rate Optimized eXplainable Al with Neural Network
forecast model explanation optimize
whe®e, : eXplainable Al cost 999 target 1
o : feature importance : = - market
o i via Shapley value = I, N price |2
O : . . = : B i =
s price prediction waterfall < i =
________ = S
0 s, 8 I | N - 0 iexD L,
0 quantity © SH
price (x of customer-specific price)
external data 1
product : 0 Pyin(X) = ——77s
customer \é\:l—:g Sa'.f: Xy fX3t Xsl X1n X5 X : 1+ e~ Bx+a)
. E price eature Imporiance s m= (x — C)Pwin (X)
S el i comps (comparable transactions) ;
* improve accuracy i via k-nearest neighbors  price via profit optimization
+ allow continuous attributes  : % ¢, e e ® o | [ e e e o|i  tradeoffinfo available for
« use the entire data set N o" o %° ‘.°. o.°.° ‘..‘.‘ deviation from target
o I E 8 ® e o ®e [ ] :
gltljo?/\?fxfepr?lr;ngredictors ® .." . . o’ win-rate elasticity, NOT
L4 [ J . ..
°...°...° %’ price (demand) elasticity
X2 twitter: @mich8elwu
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EU-based global

US food manufacturer materials distributor

22% 4.5% ~50% 11%

price prediction attainable price prediction attainable
RMSE reduction revenue lift RMSE reduction margin lift
twitter: @mich8elwu
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What Does it Take to Drive Profitability?

must have ability to
manage both terms

optimize revenue

more accurate willingness-
to-pay prediction using
neural networks can drive

4+%

revenue lift

©2024 PROS, Inc. All rights reserved. Confidential and Proprietary.

profit = revenue -

cost

more accurate cost
estimation through
opportunity cost can drive

3+%

revenue lift

twitter: @mich8elwu
linkedin.com/in/MichaelWuPhD
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What Does it Take to Drive Profitability?

must have ability to
manage both terms

optimize revenue

more accurate willingness-
to-pay prediction using
neural networks can drive

7+% — 4+%

revenue lift

©2024 PROS, Inc. All rights reserved. Confidential and Proprietary.

profit = revenue -

+ 3+%

cost

more accurate cost
estimation through
opportunity cost can drive

revenue lift

twitter: @mich8elwu
linkedin.com/in/MichaelWuPhD
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twitter: @mich8elwu
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198

Can we Use GenAl in Profit Optimization?

ChatGPT

digitized  scientific
books journals

pre-training data

web crawl wikipedia

twitter: @mich8elwu
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Can we Use GenAl in Profit Optimization?

ChatGPT

o pre-training time
digitized scientific

web crawl wikipedia

books journals s N
(] (1 >
' ' time
pre-training data now now
twitter: @mich8elwu
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ChatGPT and PROS Al are Very Complementary

ChatGPT

willingness-to-pay estimation,
forecast, optimization, etc.

very §y0ad knawicdge all about the now and the future, but the

knowledge is domain specific, so narrower

all in the past

o A N
(] (] >
' ' time
pre-training data now
twitter: @mich8elwu
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ChatGPT

ChatGPT and PROS Al are Very Complementary

all about the now and the future, but the
knowledge is domain specific, so narrower

©2024 PROS, Inc. All rights reserved. Confidential and Proprietary.

prediction + chatGPT to
very broad knowledge, forecast of summarize
but all in the past future result
predeison
() augmented
oO generation
>
I’'m not sure
} } >
pre-training data now time

twitter: @mich8elwu
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twitter: @mich8elwu
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