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One of the biggest problem statements in omnichannel retailing is providing a
seadamless and consistent customer experience across all channels. Customers
today expect to be able to interact with retailers through multiple channels such as
brick-and-mortar stores, websites, mobile apps, social media, and more. However,
ensuring a consistent experience across these channels can be challenging due to
factors such as inventory management, pricing consistency, and personalized

marketing.
» Overstocking and Understocking « High Shipping Costs
» Fulfilment Delays and Errors * Impact on Sustainability
» Inefficient Use of Inventory » Supplier and Stock Management Issues
» Increased Operational Costs « Lost Sales and Customer Dissatisfaction






Building a central
Inventory visibility
systqm.usmlg Al and
predictive algorithms



Transaction Date Sales Quantity Price Discounts Inventory 'Economic Holiday — Competitor Price Market Trend

11/7/19%6 19 466.39 ) 81 0.78 1 489.7 0.85

11/8/199 8o  344.83 15 252 119 0 363.3 1.1

11/9/1996 80  138.61 0 32 115 1 141.2 0.88
11/10/1996 81 326.07 20 213 0.7 1 340.5 0.82
11/11/1996 81 4.8 10 38 119 0 462.3 1.16
11/12/1996 19 20068 5 287 079 0 2054 0.93
11/13/1996 18 416.68 15 405 0.7 0 421.3 1
11/14/1996 83 85.66 15 37 105 0 89.7 0.84
11/15/1996 8  413.16 ) 159 0.86 1 415.9 0.99
11/16/1996 8 27474 15 41 107 0 213.6 0.89
11/17/1996 8  119.26 20 120 0.7 1 1323 1.14
11/18/1996 8  209.5 15 193 111 0 215.9 1.09
11/19/1996 19 49412 0 25 071 1 500.9 1.07
11/20/1996 15 393.94 10 406 0.67 0 395 1.1






FPertorming stepwise search to minimize

ARIMA(Z,8,23¢1,e,13[12]
ARIMA(2,9,81(8,2,81[12]
ARIMA(L,8,81¢1,e,83[12]
ARIMA(S,8,11¢(8,&,13[12]
ARIMA(2,9,81(8,2,81[12]
ARIMA(Z,8,21(8,8,11[12]

ARIMA(S,8,8)1(8,e,83[12]
ARIMA(S,8,21{8,8,81[12]

intercept
intercept
intercept
intercept

intercept

intercept
imtercept

aic

ATC=53115.811,
ATC=52788. 2886,
ATC=5328%2.721,
ATC=57815. 532,
ATC=115431.5584,
ATC=52973.517,

ATC=5Z25aa . 2e3 ,
ATC=5Z2262.81%,

Time=22.55 Ss&C
Tipe=2.12 sec
Time=14,88 sec
Time=3.89 sec

Time=2.1l3 secC
Time=22.84 seC

Time=2.28 sec
Time=22.45 SseC

'y H
ARIMA{Z,8,2){8,2,8Y[12] intercept : AIC=52932.323, Time=12.76 secC
ARIMA(Z2,8,23{1,2,83[12] intercept : AIC=53192,.572, Time=23.&62 sec
ARIMA{L,8,2){8,2,8Y[12] intercept : AIC=53@83.688, Time=5.58% s&C
ARIMA(2,8,1){@,2,8}[12] intercept 1 ATC=53873.279, Time=9.29 sec
ARIMA{3,8,2){@,2,83[12] intercept 1 AIC=52322.668, Time=12.58 sec
ARIMA{Z,2,23{1,28,8}[12] imtercept ! ATC=inf, Time=23.14 sec
ARIMA{3,8,2){8,2,13[12] intercept 1 ATIC=5388<,263, Time=25.79 sec
ARIMALZ,3,23{1,8,13[12] imtercept : ATC=inf, Time=322.8& sec
ARIMALZ,8,1){8,2,83[12] intercept : AIC=52335,.852, Time=12.592 sec
ARIMA{2,8,2){8,2,8)Y[12] intercept 1 ATC=52743,742, Time=15.27 sec
ARIMA{2,&,23{1,8,8}[12] imtercept 1 ATC=inf, Time=29.71 sec
ARIMA{2,8,2){@,2,13[12] intercept 1 AIC=52312.652, Time=27.&8 sac
ARIMA(2, &, 23{1,&,1}[1Z] intercept ! ATC=Iinf, Time=27.9% secC
ARIMA{2,8,1){@,2,83[12] intercept 1 AIC=52712.267, Time=13.15 sac
ARIMA{2,8,1){1,2,8}[12] intercept 1 AIC=53458.332, Time=28.37 sacC
ARIMA{2, 8,13 (8,2,13[12] intercept D ATC=52722.786, Tims=22.48 saC
ARIMA(2,8,13{1,&,1}3[1Z] intercept ! ATC=inf, Time=21.88 secC
ARIMA{2, @, 8)(a,2,8}[12] intercept @ ATC=527E5.229, Tims=1.24 sac
ARIMA{S,8,1)(a,2,8}[12] intercept D ATC=51247.519, Time=15.15 Ssa&C
ARIMA{S,8,11{1,&,8)[12] intercept : ATC=546%1.712, Time=33.83 sec
ARIMA{S,®,11{a,a&,1¥[12] intercept : ATIC=52Z@73.383, Time=25.98 secC
ARIMA(S,d®,13{1,&,13[12] intercept : ATC=inf, Time=2&8.1% secC

ARIMA(S,8,11(8,2,81[12]

ATC=53222 . 838,

Time=1.98 sec

EBest model: ARIMALS,, 8,1} {a,8,a)[12]
Total fit tims: 592.259 seconds

intercept

Dep. Variable: W MNo. Observations: u=i=lzts]
Model: SARIMAX(G, @, 1) Log Likelihood -2S9EG, TES
Date: Fri, 12 Apr 2824 ATC El247.51%
Time: 28:31:31 BIC EZ28at5, 282
Sample: =] HQIC C19ET .83
- 1agaa
Cowvariance Type: opE
coef std err z 2.975]
intercept I7.5EG3 &.89% 41 .814 39.347
ar.L1 2. 248L a.a221 11.42%9 2.282
ar.Lz 2.58al18 a.a1% 25.7328 2.539
ar.L= -2. 8843 a.211 -2, 393 2.817
ar.L4 2.8a91= a.211 85.832 2.114
ar.Ls -2.315= a.211 -29,289 -2, 29a
ma.LL 2.5917 a.a222 27 .848 2.835
sigmaz 12,9274 &.141 R ] 11,284
Ljung-Box (L1 {Q): 25.54 Jarque-Bera (JBY}: a9 . a8
Frob{Q): 2.8 Frob({JBe): .22
Heteroskedasticity (H): 2.91 Skew: -8, 8
2.81 Kurtosis: I.E83

Warnings:
[1] Cowvariance matrix calculated usimg the owter product of gradients {(coeplex-step).
Mean Absolute Error: 2.67389525813582375
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Code Snippet

.l/\\\
Data Preparation and cleaning 2%

N\ > /4

# Plotiing
# Load the datosets plt.figure{+
. , , . - . . ; .. plt.plotdtraim
train_df = pd.read_csv({'C:/Perscnal/Demand Prediction/forecasting/trainingbata.csv') plt.titled " Time
- - ¥ - . —J B o e ; Frt , l1tt.x=xlabel{ "Date "
test_df - pd.read_csv('C:/Perscnal/Demand Prediction/forecasting/testData.csv') g el U,
plt.legemdd )
# Convert date columns and set as index, then explicitly set FPEQ‘JE."‘E'.1 PLE. showmiy
train_df['Transacticn pate'] = pd.to_datetime(train_df['Transaction Date']) :ngﬁtj;“ﬁl;fj;iﬁgjf; fj"i"gg?lie':::":?
test_df['Transacticn Date'] = pd.to_datetime(test _df['Transaction Date']) plt.tight_layout()
. - . . 1t . shocwd
train_df.set_index{'Transaction Date’, inplace=True) SES s
test_df.set_index{'Transaction Date', inplace=True} e
! . . plt.FJEUFEgF1g5¥:E=( . ) -
ﬂﬁllﬂf.“ﬂELfFHl: ¥ sns.heatmap{train_df.corr{3, annot=Trus, Ccmap='cooclwarm", fmt=".2F")
plt.titlef "Correlatiom Matrix® )

test_df.index.freg = 'D° pIt . =howl )

S~ Defining Models and Fittin
o Pefining 9

# Define models # Print forecaosted wvolues
models = { for model_name, forecast im forecast_results.items():

' ARTMA 'HHHH{YtFEﬂl mﬁerﬂi EL}‘ pr?nt{f Forecast —“CF_{deEJTTaTE}:-}“ _ L

et g = ’ - SvhiEatids . ) . primtfforecast.to_string()., WATYy # Using to stris
'SARIMAX': SARIMAX(y train, expg-=X_train, order=(%,2,1), seasonal_order=(1,1,1,12)), # Adding seasonal components
5 i 5 : 9 &= utputting th forec ts nd erraor
'Expemocthing' s Exponentialsmoothing(y_train, trend='add', seascnal='"add', seasonal_periods=12) F OUTpULTINg TRE JOrecasts ong errors
= print{“"Mean Absalute Errors:")

} for model, mae in mae_scores.items():
primt{f“"{model}: {mae}™)
¢ Careractina aond ewdl et ng
# FOPECOSTLNG and evaluaiing print{“\nPearson Correlation Coefficients:")
‘FDFE{ESt_F'ES'.,Il'tS = {} for model, corr in pearscn_correlations.items():
Mae_scores = |} print{f"{model}: {corr}")
pearson_correlations = {} e
# Plotting MAE Scores

plt.figure{figsize=_{18, 5})
for model_name, model in models.items(): plt.bar{mae_scores.keys{}, mae_scores.wvalues(), color="skvblus"}

Fitted model = MﬂELfItU plt.titlef "Mean Absclute Error {(MAE) Comparison')

. - R plit.ylabel{ "MMAE ")

if model_name == 'SARIMAX': plt.xticks{rotaticn-4s)

forecast = fitted model.get forecast(steps=len(y_test), exog=X_test).predicted mean plt.tight_layout()
glsa: pli.show()

forecast = fitted model.forecast(steps=len{y_test)) = Plotting Pearson Correlation

plt.figure{figsize={1a, 5})

forecast results[rnndel I'IEF“'E] - forecast plt.bar{pearson_correlations.keys(), pearson_correlations.values(), coclor="lightgreen')

- - plt.titlef "Pearson Correlation Coefficient Comparison')

mae_scores[model name] = mean_absclute error(y_test, forecast) plt.ylabel{ Pearscn Correlation Coefficient®)

pearson_correlations[model_name] = pearsonr{y_test, forecast)[a] plt.xticks{rotation=45)
plt.tight_ layout()
pli.show()




Results

P/l \ N

‘.\
.~ Np Forecasting Results :=-i MAE and Pearson Graphs

>/ A\ Y /4
Forecast - SARIMAX Forecast - Exponential Smoothing
2024-03-25 1121864 2024-03-25  78.694814 2024-03-25  79.689730

2024-03-26 572541 2024-03-26 . 184029 2024-03-26 79.971674

2024-03-27 103513 2024-03-27 .176492 2024-03-27 80.621531

2024-03-28 065124 2024-03-28 .536920 2024-03-28 60.248024

2024-03-23 8863746 2024-03-29 .551936 2024-03-25 79.602761 Mean Absolute Errors:
2024-03-30 111195 2024-03-30 .066445 2024-03-30 80.338572 ARTMA: 1.8419574455117966
2024-03-31 .301879 2024-03-31 .059235 2024-03-31 80.425297 SARTMAY: 2.3546420453744377
2024-04-01 174891 2024-04-01 6.024025 2024-04-01 §0.329099 ExpSmoothing: 4.160054782239185
2024-04-02 6.769915 2024-04-02 5.918407 2024-04-02 61.2646018

2024-04-03 6.480582 2024-04-03 5.989085 2024-04-03 §1.264901

2024-04-04 6.411456 2024-04-04 002263 2024-04-04 60.661868 Pearson Correlation Coefficients:
2024-04-05 6.455309 2024-04-05 . 782415 2024-04-05 §1.278708 ARTMA: 0.33961288574213533

2024-04-06 6.771467 2024-04-06 .935686 2024-04-06 §1.160147 SARTMAY: 0.2530820893056085

2024-04-07 6.986242 2024-04-07 .812789 2024-04-07 81.442091 ExpSmoothing: -0.5720288204039103

2024-04-08 277617 2024-04-08 6.964718 2024-04-08 §2.091948
2024-04-03 .480551 2024-04-09 .300250 2024-04-08 81.718440
2024-04-10 670732 2024-04-10 458779 2024-04-10 §1.073178
2024-04-11 126689 2024-04-11 .617665 2024-04-11 81.808989
2024-04-12 176080 2024-04-12 .034087 2024-04-12 61.895714

2024-04-13 735111 2024-04-13 .108778 2024-04-13 81.799514




Using machine
learning to optimize
order sourcing and
routing






DayOfWeek TimeOfDay Season

sun
Thu
Fri
Sun
Wed
Fri
Fri
5un
Tue
Wed
Sun
Wed
Wed
Fri
Thu
Wed
Sat
Fri
Tue
Thu
Sat
Sat

Afternoon
Evening
Morning
Afternoon
Afternoon
Evening
Evening
Evening
Evening
Evening
Night
Evening
Morning
Afternoon
Morning
Morning
Night
Evening
Afternoon
Morning
Evening
Evening

Winter
Summer
Winter
Summer
Fall
Spring
Spring
Fall
summer
Winter
Summer
Spring
Fall

Fall
summer
Summer
Fall
Spring
Winter
Winter
summer
Fall

64656
32940
41033
03391

1068
12166
45074
88256
03384
22718
48333
27872
30082
37053
1631l
56567
03028
34432
03604
32680
38630
A1

61814
98380
51203
80137
30656
60620
10462
67122
76431
14012
35454
73915
45721
13823
415364
37030
24378
12546
67833
45776
36347
Uq7l

Customer StoreZipC OrderedQItemiD

39 Itemd
29 [tem2
15 [tem3
43 Item2

§ Itemd
21 [temd
39 [tem3
19 Itemd
23 Item3
11 [temd
11 [teml
24 Item3
36 [tem2
40 ltem3
24 Itemd

3 Itemd
22 [temd

2 Item2
24 Item2
44 Itemd
30 Iteml
38 [tem3

ShippingOption HasDiscount IsPeakSeason IsWeekend Distance

Overnight
Overnight
Standard
Standard
Expedited
Standard
Standard
Expedited
Standard
Standard
Overnight
Overnight
Expedited
Overnight
Standard
Overnight
Overnight
Expedited
Standard
Expedited
Standard
Standard

TRUE
FALSE
TRUE
FALSE
FALSE
TRUE
FALSE
FALSE
TRUE
FALSE
FALSE
FALSE
FALSE
TRUE
TRUE
FALSE
FALSE
TRUE
TRUE
FALSE
FALSE
TRUE

FALSE
FALSE
TRUE
TRUE
TRUE
FALSE
TRUE
TRUE
FALSE
FALSE
FALSE
TRUE
TRUE
TRUE
TRUE
FALSE
FALSE
TRUE
TRUE
FALSE
TRUE
TRUE

TRUE
TRUE
TRUE
FALSE
FALSE
FALSE
FALSE
FALSE
TRUE
FALSE
TRUE
FALSE
TRUE
FALSE
FALSE
TRUE
FALSE
FALSE
TRUE
TRUE
TRUE
FALSE

326.2809461
2612493703
1322568434
635.8263620
8615275401
677.3450361
743.4038730
564.4064236
5309476708
337.8130216

142341545
1689.268813
7138.6494335
8437084062
936.8152041
859.4387025
5015343452
1004562257
380.5002614
663.5565462
1185265987
917.1656037

34
11
36
37
30
30
"
3
45
1
36
4
21
24
23
3
23
40
%
45
1’
B

Inventory FulfillmentSuccess
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Code Snippet

v @ Data Preparation «—~ Vp Predicting Delivery Date and finding best route
\ \VI

# Input shipping option
# | ood |'|,:" '-II:' shipping_option = 'Standard’
oL Lid
dﬂtﬂ_F‘Eth = |::.-'F'IE'T"S':I"IE-..-'IED:1.-'.EDﬂ.-'.trairlirgnﬁta.{5'.' # Finding inventory for Item2 at the nearest suitable store
_ 1 customer zip code = 19863
data.' pd.PEad_Esﬂf{dEt.? path customer location = us_zips[us zips['zip'] == customer_zip code][['lat’', 'Ing']].iloc[@].apply(radians)
Us_Z1ps = F\"J.I"'Eﬂd_{sl"{ (:/Personal/EDD1/E00/usz lLf.::'-. ] us_zips rad = us_zips[['lat’, 'lng’]]-applymap{radians)

distances = haversine distances(customer location.to numpy().reshape{(l, -1), us_zips rad).flatten() * 6371880 / 1689.34 # Convel

| o o - Lom ke I'm . . . ' . . .
£ Fl E'IL':.'E e | SOtuUres and I.:.':-'EL& # Rank stores by distance and check inventory sequentially

features = data_encoded.drop(['CustomerZipCode’, 'StoreZipCode’, 'FulfillmentSuccess'], axis<l) S Ll el Chtaas DL e A D Bl )

e for idx in sorted_store_indices:
labels = data_encoded] 'FulfillmentSuccess ].astype[_ﬂt} e e e =T
inventory filter = (data[ 'ItemID'] == "Item2') & (data[ Inventory'] »= requested quantity) & (data[ 'StorefipCode'] == store {
N N - N nearest_inventory = data[inventory_filter]
£ SJL.I-- «.. E ':IELF .“-l--' -|ﬁ “'”'Q ﬂr‘ MES-.I-FIE 5615 if net nearest_inventory.empty:

X train, X test, v train, y test = train test split(features.values, labels.values, test size=8.2, random stafe=42) TEIvE EEy S WE gnre iz ops gl == sive mdp e [l 1]

trai i vii trai distance = distances[idx]

x_ raln = ﬂp.asmn lﬂﬂusarrafﬂ_ rfl]n] print{Fore.GREEN + "Inventory Information” + Style.RESET ALL)
X test = np.ascontiguousarray(X_test) print(tabulate([["CustomerZip”, "ReqQty"”, "AvailableQty", "StoreZip", "City", "Distance to Customer(miles)", "Shipping Of
B - [customer zip code, reguested quantity, nearest inventory[ ' Inventory'].iloc[@], store zip, store city, '

l’\\ # Prepare test data for prediction

' test features = pd.get dummies(nearest inventory.drop(['CustomerZipCode’, 'StoreZipCode’, 'FulfillmentSuccess'], axis=1)
‘-; test features = test features.reindex{columns=features.columns, fill value=8).astype(float) # Align columns with traini

. Tralnlng & Modelllng test features np.ascontiguousarray(test features.values) # Ensure C-contiguity
\‘/’

today = datetime.now()
predictions = np.mean([model.predict proba(test features)[:, 1] for model in models.values()], axis=8) # Average predic
average prediction = np.mean(predictions)

= T|'|'| |-'.IL'|E: I:'r'lj tlf- 1A |11:|:IE-|S print(Fore.BLUE + "Estimated Delivery Dates and MAE for Different Models™ + Style.RESET_ALL)
o - table data = []

NME].E — .{ for name, model in models.items():

v _pred = model.predict{test features)

IF:-;Ir":l:'H :E'E:t : {andDchrEE't{laSS]-.FlEﬂ:n EEtimﬂtDH:HE, rlandl:lm_statE=4z:]]- n nztI;hiif;;f;;pz;:?cr is not provided, use the most frequent shipping option from the training data
shipping option = data[ 'ShippingOption'].mode()[@]

|' |”|| H'JE]thDFEElHSElFIEF{ﬂ nElDIII.lhDr.E::'II' estimated_date = estimate_delivery_date(today, shipping_option, distance, average prediction) # Use input shipping {

# Ensure y_pred has the same length as y_test
v _pred = np.array([y_pred] * len(y test))

# Calculate MAE
c Tl |:"||" ri"|_'_|l"_L_ mae = mean_absolute error(y_test, y pred)

table data.append{[name, estimated date.strftime("%Y-%m-%d")])
' ' \
{l}r naﬂE]‘ m:dE]' ]'rl m:dE]'S ! ltEﬂSl: ! print(tabulate(table data, headers=["'Model', 'Predicted Delivery Date'], tablefmt='grid'))

model. f1f(X_train, y train) break

else:
print{"No available inventory for Item2 at any nearby store.")




Results

ix o~ Prediction when Shipping option x> Prediction when Shipping Option in

.} issStandard “ inputis Overnight

Inventory Information Inventory Information

| Model | Predicted Delivery Date
g=====s=========ysss=o=sosssssssssssssss=sasy
| Random Forest | 2024-85-21 |
fmmmmmmm e fmmmmmmmmmm e +
| KNI | 2024-05-21

fmmmmmmm e mmmmmmmmm e +

| Random Forest | 2024-85-26

rmmmmmmm e fmmmmmm s 4
| KN | 2624-85-26 |
T o 4

§< >« Prediction when Quantity is reduced to s
.} 10and no Shipping Option ;j,j When there is no inventory

Inventory Information
fmmmmmmmmmmmm e T ST $ommmme-
CustomerZip |  ReqQty | AvailableQty \ StoreZip | City

Mo avallable inventory for Item2 at any nearby store.

oo PR +
| Model | Predicted Delivery Date




Predictive analytics to
allocate omni-channel
Inventory dynamically



product_id

30
493
825
449
8607
209
901
491
914
612
284
1104
bb7
473
760
bb2
924
242
363
132
135
611
218
832
478
1032
914

cost per _unit time_delivery revenue generic_holiday day of week number of product units

275
882
1107
1672
1308
593
80
405
277
1419
1239
508
400
298
992
182
1646
1541
1985
1653
177
1718
1278
945
1446
1737
277

7
9
10
14
8
3
13
7
14
12
13
14
13
3
B
14
13
&8
12

12

14

14

3784
8987
3791
16802
3153
2757
4516
4439
10021
8260
4032
4388
11364
4359
8736
14005
3178
4074
3911
6330
4392
6155
6753
6066
10973
8512
14264

o [ e e DL B = g = [ e R e s e g e R = L D Dy Ry e gy e e [ e = R = (g e R e L R e [ e [ e

2

e L B R = R A = I B o N L R B = = R I B e = I =

24
12
4
12
5

Ln

28

h WO Do on Ln

28









Reinforcement
learning to optimize
allocation across
fulfillment centers



Agent - The decision-maker

Environment — The system in which
agent operates

Actions — The decisions which agent
can take

Rewards - Feedback provided to
agent based on it's actions

Learning — The agent learns from
Interactions over time.



Code Snippet

P/ \ N
"‘-? o (]
.} Parameters Learning Modelling

# Parameters L def route(starting _location, ending_location):
gamma = 8.85 # [Discount joctol start_state = location_to state[starting location]

— @ 0 . ] - . . .
iﬁgﬁai élgilnﬁ 'Ei'ﬁg Lthg ::EIE e end_state - location_to_state[ending location]
= 1.8 # Starting explorgtion focto
=P o R R_new = np.copy(R)

j = 8.999 # Decay rate for epsilot L L : : .
d'?':af“ . ? HEE " FPate jor epsizon -, R_new[end_state, end state] = 1088 #& High reward for reaching the goal
min_epsilon = 8.1 #& Minimum value for epsilon
, . = oz | 2 213
# stotes and octions Q _Tp 'E’"'?'S_ni[:?ti 1*],_1
locatlon_to_state = { s - ?Erﬁliugn_“;giﬁﬁﬁggi} I}E Increased iterotions for more thorough Learming
'MewyYork': @, 'Newlersey': 1, 'Pennsylvania’: 2, 'Delaware': 3, "Maryland': 4, ot 51; + oAt d" a t E 1; tAT e e e
'‘Baltimore’: S, 'Washington DC': &, 'virginia': 7, "Morth Carolina': 8, -_:ur*r'e e '_3 - np.r‘an\lnm.ran_ln (g, 12)
'sputh Carclina': 9, 'Georgia': 18, 'Florida': 11 if randem.uniform(e, 1) < epsilon:|
1 playable_actions = np.where{R_new[current_state] » @)[a]
- . . . . . - i il i
state_to_location = {state: location for location, state in location_to_state.items()} . next_state = np.random.chelce(playable_actions)
else:

next_state = np.argmax{Q[current_state])

# g-value update
| IS
\‘— ‘. Rewqrd TD = R_new[current_state, next_state] - gamma * np.max(Q[next_state]) - Q[current_state, next_state]
o\ 2 Q[current_state, next_state] += alpha * TD
epsilon = max{min_epsilon, epsilon * decay)

# Reward matrix # Generate the route

= np.array{[ route = [starting lecaticn]
= 1 next_location = starting location

while next location != ending_location:
starting_state = location_to state[starting locaticn]
next_state = np.argmax{Q[starting_state])
next_loccaticn = state_to_location[next state]
route.append{next_locaticn)
starting_location = next_location

a
=
a
la
=

tm
a L
' m
a
Ia
- m

a
a

a
s
a
a
e

la
=
la
la
=

a
a
LTI

a
=
a
la
=

return route

la
=
la
la
=

a
a
a

final_route = route('Morth Carolina', ‘Mewvork')
print(‘Route:')
print(final_route)

a
e
LR

a
a
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Results

Map

Route:

[ 'Morth Carclina®, "Virginia', 'wWashington DC', 'Baltimore', 'Maryland', ‘Delaware’, 'Pennsylwvania', 'Newlersey', 'Newyork®]
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