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Motivation

(Knight Exemplar
e y : |

* Magic: The Gathering is widely known!
« Lots of data

* Accessible data

« Both meta and in-game data

« Lot of color scheme and interesting artwork

(Creature — Human Knight

 Human interpretable data
First strike

 Different kinds of models can be utilized Other Knight creatures you control
get +1/+1 and have indestructible.

“If you think you are brave enough to
walk the path of honor, follow me into
the dragon’s den.”

R 0192
MOC *EN %> JASON CHAN
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Data Presentation
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/S A Card Image

-5 Different colors

Rarity -Each with pervasive

Type Line ‘J ‘
N €3 Oracle Text -A card can be

between 0 and 5
colors

Pl Toughness
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Data Presentation

(L o Rest 38)Myinsosene_29)

( Creature — Human Knight

Enchantment

Enchantment

First strike
Other Knight creatures you control
get +1/+1 and have indestructible.

“If you think you are brave enough to
walk the path of honor, follow me into
the dragon’s den.”

15 TASON CHAN

[ «:Add ©.

e:Add # or ¢.Talisman of
Curiosity deals 1 damage to you.

“The pain of exploring is less than the

pain of not knowing.”
—Tamiyo

4y
N % Lixosty Look

Shanna, Sisay’s Legacy can’t be the target

M of abilities your opponents control.

Shanna gets +1/+1 for each creature you

§ control.

“I am heir to many treasures. None is as

W precious as knowing how my ancestor lived

her life.”

MAGALI ViLLENEUYE

Abrupt Decay can’t be countered
by spells or abilities.

Destroy target nonland permanent
with converted mana cost 3 or less.

The Izzet quickly suspended their

M policy of lifetime guaranzees.

H] Whenever a Human you control dies,

draw a card.

1§ Whenever a creature you control with a
[4 +1/+1 counter on it dies, you gain 2 life.

“We are not here to mourn their loss. We are 8

here to celebrate their lives.”
—Vesna, Dawnhart witch

7 U
N Cou Bovia

B Whenever you discard one or more
cards, create a tapped 2/2 black Zombie
creature token. This ability triggers only
once each turn.

“I used to have hired hands, but I discovered
they make better wantstaff with the rest of the
Wl body attaci g
Olivia Voldaren

R
> STovon Besctom

Kairi, the Swirling Sky

Trample

“No mazter how big your champion,

theirs is bigger. No matter how great your.
numbers, theirs are greater. No matter how
voracious your appetite, they are hungrier.
That is why the Eldrazi will win.”
—XKalitas, thrall of Ulamog

EN 1 losten Mrnax

Flying, ward 3

When Kairi, the Swirling Sky dies, choose

one —

+ Return any number of target nonland
permanents with total mana value 6 or less
to their owners' hands.

+ Mill six cards, then return up to two instant
and/or sorcery cards from your graveyard to
your hand.

"
> TYien Wcomson

-Total of 14178 cards
-78 different sets

-Cards from between
2004 and 2024
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Data Acquisition

Data acquired using Scryfall API —
a python plugin

' 2 @ @
( Creature — Human Knight %y
First strike

Other Knight creatures you control
get +1/+1 and have indestructible.

114 columns

“If you think you are brave enough to
walk the path of honor, follow me into
the dragon’s den.”

object id oracle.id mtgo_foil_id tcgplayer_.id name lang --- waterm loyalty

l 11 columns

e e o e[ Jrow oo G iy [ 2

Knight {I{WHW} Creature — Human  Other Knlght [First strike] Rare .05 [18,17,--
Exemplar Knight creatures:- [95,25,-- ]
[255,243, -]

MTG:TheData  &OOOC
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5 _
Features and Labels 27 =32

A
One-Hot

! \
— [W,U/BR,/'G] —— [1,0,0,0,0]

1B\ ‘- [C, W, U, B, R, G, WU, WB ... WUBRG] ,e
4, . W\ A ! ! 1~ / / ! e

Creature — Human Knight } l ’

First strike '

Other Knight creatures you control

get +1/+1 and have indestructible.

“If you think y ugh to 32
walk zh p th fh fll ow me into

the dragon’s den

Features

> (256,256,3) — Input

lassifyin ing CNN Gé(é
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One-Hot CNN - Color Build ‘ﬁ'
¢

* Input: Image (256,256,3) shape 2}%
* Structure:

CONV - POOL > NORM - (CONV->POOL)x2 > DENSE - SIGMOID

* Optimizer: ADAM

 Kernel Size: (3, 3), Pool Size: (2, 2)

* Loss: Weighted Binary Cross Entropy

* Problem: Lots of O's

Classifying using CNN @@ OOC
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One-Hot CNN - Results

o’ UNIVERSITY OF COPENHAGEN
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“Classic” CNN — Data Augmentation

Data Augmentation:




® UNIVERSITY OF COPENHAGEN 11/06/2024 11

Data Augmentation - Distribution

Distribution of Calsses in Data

mmm original data

Emm Augmented data
0.14 4

0.12 A

0.10 -

Problem Area

Normalized Frequency

BR -
RG “
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o>\ O 0 £ V0oV OO0
= o < =) S & & @ ;
& :ﬁ?%sﬁzggg §

Colors String
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“Classic” CNN — Color Build ‘ﬁ‘
* Input: Image (256,256,3) shape = Cm
« Structure: (CONV - POOL - NORM)x3 - DENSE > SOFTMAX
* Optimizer: ADAM
 Loss: Categorical Cross Entropy Test Accuracy: 0.45

, , Train Accuracy: 0.93
 Kernel Size: (3, 3), Pool Size: (2, 2)

« Bayesian Optimization:

hyperparameter_space = { best_hyperparameter = {
"dropout_rate': (0.1, 0.5), "dropout_rate': 0.266,
'12_reg’ : (le-6, 1le-4) '12_reg’ : 5.73e-5,
‘convl’ : (16, 64), ‘convl’ : 28,
‘conv2’ : (32, 128), ‘conv2’ : 106,
‘conv3’ : (32, 128), ‘conv3’ : 75,
'dense _size’ : (32, 128), 'dense _size’ : 82,

‘1r’ : (0.001,0.01)  '1r’ : 0.00117}Classifying using CNN @@ OOC



Percentage of correct guesses
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CNN vs. Human benchmark - Color

Number of correct and wrong guesses for each person

1.0

Mean: 0.3523
Standard deviation: 0.1696
0.8 - Wariance: 0.0288

=== Mean correct guesses
----- Standard deviation
BN correct_guesses

o 1 2 3 4 5 6 7 8 9 1011 12 153 14 15 16 17 18 19 20
Person number

Questionnaire
Train set (48 pics)
Test set (108 pics)
Only Images

Same set

11/06/2024

13
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CNN vs. Human benchmark

Hardest Pacifism (O%) Easiest: Brindle Boar (81%)

Frequency of each guess made by the people

0.16 =
N uesses
012
_ o0
gﬂ.ﬂﬁ
0.04
True True G o $ 009 LR AN
Human B Human G Color i
One-Hot CNN C One-Hot CNN C
“Classic” CNN W “Classic” CNN G
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Feature engineering — From Text to Numerical

e el

Knight {IH{WHW} Creature — Human Other Knlght [First strike] Rare
Exemplar Knight creatures:-
One-hot encoding of: Normalization:
 Mana Cost * Mana Cost
* Type Line * Power & Toughness
 Cardtypes (35) * Price (USD)

* Subtypes (298)
Power & Toughness (Imputed: -1)  Vectorization of Oracle Text:
Keywords (213) * Pretrained Fast Text
Rarity (4) « Embedding of words/sentences
« Own name replaced by "CARDNAME"
* Vector size: 300

Subtype: Human Knight

Encoding: Human Knight
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XGBoost — Color Classifcation

XGBoost Parameters = {

‘n_estimators’ 800,
‘max_depth’ 3,

‘1lr’ : 0.3,
‘subsample’ : 0.8,
‘colsample bytree’: 0.8,
‘reg _alpha’ : 0.5,
‘reg_lambda’ : 1.0}

Loss function: Multiclass LoglLoss

Model Evaluation
 Testaccuracy: 59.12%
* Train accuracy: 86.90 %

Frequency

Train Set Frequencies

BN True Frequency
I Correct Predictions
EEm Incorrect Predictions

PO TS SISO SRR

Test Set Frequencies

BN True Frequency
B Correct Predictions
EEN Incorrec t Predictions

11/06/2024 16
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XGBoost — Regression & Classifier on Attributes
Card Prizes:

* Test R2: 0.2 — Outliers Removed: 0.3

e Train R2: 0.82 — Outliers Removed: 0.89

Rarity Classification: P
e Test Accuracy: 0.699
- Train Accuracy: 0.934 .
Mana Cost Regression: ; |
« Test Accuracy: 0.539 |
- Train Accuracy: 0.979 o . Wy
- PR N Ll ¢
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Conclusion and Outlook

Human vs ML

The average accuracy on the
test set was 35% -
16% standard deviation

Humans had some
consistencies in which cards
were easy/difficult to predict

Our model was better than
the average human, but a
"Fantasy”-lover is better!

Encoding Method

One-hot encoding was not
viable due to “bit imbalance” -
to a point where over
sampling was not viable

32 outputs was majorly
imbalanced, to a point where
over sampling was not
enough

Accuracy of model

Color predictions:
CNN : 45%
XGBClassifier : 58%

CMC:
XGBRegressor : 43%

Rarity:
CNN: 37% -worse than mode
XGBClassifier : 70%

Price USD:
XGBRegressor: R2 = 0.3

11/06/2024 18

Improvements

Combine the CNN and Text
classifier —

Trying this improved from
50% to 55% accuracy

Auto-encoding for more
over sampling of
underrepresented classes

MTG specific oracle encoder

Potentially generating new
cards, based on cost and/or
other requirements

Conclusion & Outlook (¢ @ @@



Questions
&
comments?
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.

APPENDIX
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Unsupervised t-SNE of text data

T-SNE plot of MTG cards
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XGBoost — Rarity Build

XGBoost Parameters = {

‘n_estimators’ : 600, .« . .

‘max_depth’ .5 Loss: FI:II‘ICtIOI‘I. Multiclass LogLoss
‘1r’ : 0.1, Optimizer:. ADAM

‘subsample’ : 0.8, Accuracy:

‘colsample bytree’: 0.8, . .

‘reg alpha’ . 0.3, Tes.t. 0.539

‘reg_lambda’ : 0.4}  Train: 0.979
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Feature Importance

T T T T T T T T 1
o n o n o 1 o 1 o
[=] ~ [Ta] ™~ [=] ~ [Fal ™~ [=]
o~ — — ~ — o o o o
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23uepoduwy

Feature Importance — XGBoost Rarity

Feature
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Confusion Matricies — XGBoost Rarity

Confusion Matrix Train

Confusion Matrix Test

c c
[@) o
E 2 28 196 800 E 0 2 6 4000
S S
o) |9}
= = 0
S - 0 63 88 1 600 S- 0 610 0 0 X0
> >
E E
S w
= =
- 400 2000
P 15 23 4 0 0
e ©
c -200 - - 1000
g g
£- 244 3 £ 19 0
(o] (o]
(-} O
5 5
| | | e 0 | | | E 0
common mythic rare uncommon common mythic rare uncommon
Predicted Predicted
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Test Set Frequencies

s True Frequency
mmm Correct Predictions
)

XGBoost — Color Classifcation

XGBoost Parameters = {

‘n_estimators’ : 800,
‘max_depth’ > 3, T i e S RS S e e R
¢ lr" . @ . 3 ) o Feature Importance
‘subsample’ : 0.8, o
‘colsample_bytree’: 0.8, 4
‘reg _alpha’ : 0.5, e
‘reg_lambda’ : 1.0} g
Loss function: Multiclass LogLoss
Model Evaluation

 Testaccuracy: 59.12%
* Train accuracy: 86.90 %

I ect Predictions
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XGBoost - Converted Mana Cost

XGBoost_Parameters = {

¢ n_est imators’ : 600, True vs Predicted CMC Mean and Uncertainty (0, 3)
‘max dept h? + 10 ) 15 Number of samples (Test, Train) (0.0
¢ ) N . 14 kb Test (0, 0) ,// t
1r : 0. 1: b Train . .
‘subsample’ : 0.8, il T 5o |
12 q =
‘colsample bytree’: 0.5, = by L
‘gamma’ : 0.4, - .20 2" (
‘reg_alpha’ : 0.4, & <HJfL4/’ x
‘reg_lambda’ 0.6} & 8 S + i
. g 7 - (173, 737)/ ’
Loss Function: MSE E o o3, 1300) 1o ” } } ’
e e . 5 - (490, 1944) e /}
Optimizer: ADAM ’ o [
Accuracy: q o
. 2 (278.p161) _F 7
» Test: 0.539 e b
* Train: 0.979 of X’

R2-score: 5 i L 2 & & & = & & o = o b o o
e Test: 0.79
e Train: 0.99
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XGBoost — Card Prize

Bayesian Optimization:

0.8

XGBoost_bounds = {

‘n_estimators’ (100,500), 3

‘max_depth’ (3,10) , 3

“‘1r’ (001,0.3), % A

‘subsample’ (06.5,1.0),

‘colsample bytree’: (0.3,0.9),

‘gamma’ (0,5), e

‘reg_alpha’ (0.1,1),

‘reg_lambda’ (0.1,1)} -
XGBoost Parameters = {

‘n_estimators’ : 433,

‘max_depth’ : 8,

‘1lr’ : 0.13,

‘subsample’ : 0.8,

‘colsample bytree’: 0.54,

‘gamma’ : 0.017,

‘reg _alpha’ 1 0.2,

‘reg_lambda’ : 0.2}

0.6 A

Train
Test

0.2 0.4 0.6 0.8
True

Test R2 score 0.2
Removed Outliers R2 score: 0.3

Train R2 score:; 0.82
Removed Outliers: 0.89

11/06/2024
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CNN — Multi Build
!;Iéi'

é

Input: Image (256,256,3) shape = Cm
Structure: (CONV - CONV - POOL)x3 - DENSEx2 - SOFTMAX
Optimizer: ADAM

Color:

Kernel Size: (3, 3), Pool Size: (2, 2) + Train Accuracy: 0.424
Loss Rarity: Sparse Categorical Cross Entropy * Test Accuracy: 0.373

» Loss Color: Binary Cross Entropy (One-Hot) Rarity:
O Rapi d Col * Train Accuracy: 0.894
utput: Rarity and Color » Test Accuracy: 0.342
* Bayesian Optimization:
hyperparameter space = { best hyperparameter = {
‘conv_layerl’ : (32, 128), ‘conv_layerl’ : 64,
"dense size’ : (32, 256), 'dense size’ : 196,

‘1r’ : (0.0001, 0.01)} "1r’ : 0.0001}
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CNN — Multi Results

Distribution of True and Predicted Rarity S Color Accuracy |
wm True Rarity o T Val Color Accuracy /
Predicted Rarity
250 -
0.35
200 -
>
o @ 0.30 |
S 150 - 5 |
S 3 :
E &
100 - 0.25
50 0.20 1+ -
0- T L L T T
0.0 0.5 1.0 1.5 2.0 2.5 3.0 0 5 10 15 20 25 30

Rarity Epoch
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Combined image + Text (unoptimized)

create_cnn_model():

model = Sequential([
32, (3, 3), activation='relu®, input shape=(1ee, 16, 3)),

Image Classifier — S D) et

(3, 3), activation="relu"),

(2, 2)),

8, activation="relu'),
Dropout (@
Dense(1, vation="sigmoid"

Combined Classifier p o R
model. compile(optimizer="adam®, loss="binary crossentropy', metrics=['accuracy'])

model

Text Classifier

final model = xgb.XGBClassifier(
verbosity=0,
random state=4.
n_estimators
max_depth=5,
learning rate=0.1,

xgb.XGBClassifier(

%

1ing rate-0.1,

alpha=5.5,

reg_alpha=10.5,

L}
—

eg lambda=10.5,

nsample=0.8,

)

model.fit(X train res, y train res, eval set=[(X test, y test)],
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