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Abstract

The game of Bridge has entertained card players for many years. The players start by
evaluating their hands individually and then using this informatiohitifor a contract. Bidding
systems provide a way for partners¢communicate the values of their hande they can find
an appropriate contract, but they are often imprecise and Etteams ino contracts that
they cannotkeep Unfortunately, creating new bidding systens a challengingask. There
are approximatelyl 028 ways to deal 13 cards each to 4 people from a 52 card deck, but there
are 107 possible bidding sequencéButler, 2008) Thereforejnstead of ceating anew
bidding system, | propose to determine what informatisrmost important to convein order
to achieve successAs opposed to hand evaluation, this system will tedationships between
0¢2 LI hibdy SoNthiproject| train neuralnetworksusing samplsimplified hands of
Bridge(known as Double Dummy Bridge resuttsjind which particular patterns and
relationships of cardeepresent the necessary information neededcampletethe best
possiblecontract Although | am unableotextract meaningful rules from the neural networks
to find these combinations, | show the proper steps and the places for improvement.

Introduction

The game of Bridge is not a perfect information game, and as such, has no chance of being
perfectly solved.Furthermore, there is no proof that current strategies are optimalit soay
be possible to developew strategies and systems superior to those currently in use. In this
paper,| will explore possible enhancements to hand evaluation and biddimgll assume a
passing knowledge of Bridge play and terms for this report; if the reader is interested in more
information, please see the supplementary Appendix of Bridge Terminology or the plethora of
online and in print Bridge guides.



Bridge Information

Almost all current Bridge bidding systems rely on a player evaluating his hand, determining
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partner. The evaluation must be complex enough to be meaningfukimyle enough to both
easily calculate and communicate during bidding. This must be done under the restrictions of
the game of Bridge; the bids are allowed to have special meanings, but there is only a small,
finite set of bids that each player may make.

The most popular hand evaluation system is known as the High Card Point (HCP) system. In
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king is worth three points, each queen, two points, each jack, omet,pand all other cards are
worthless. If a team has a combined score of over 26 points, then they should attempt to bid to
agamecontract(Rubens, 1969)

An experienced Bridge player will recognize that this is an overisicaplon of the HCP
system To finetune your hand score, it is necessary to account for the distribution of suits in
82dzNJ KIFI'yRY ¢gKSUKSNI @2dzNJ AGNRy3ISad adaad Aa GKS
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players want to assure that they have at least eight of the thirteen trump between them.

Are we missing something? Maybe extra points should be awarded if | have a long suit
where my partner has nonef that suit. Perhaps points should be subtracted if | have a king
and my partner has neither the ace nor the queen (this is a scenario that could lead to a finesse,
a play where the king is denied taking any tricks by the opposing team). Unfortunatedy, s
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for any of these things.

| will define an information system to be a set of rules based on relationships in cards
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and | each have few cards in a suit, HCP tells us to add extra points. However, more points
should be awarded if those suits are different than if they are the same. HCP does not account
for which suit isvhich as it does natompare between hands; a good information system, on
the other hand, would account for such scenarios.

Experimental Technique

The goal of this project is eterminean information system that can be used by a new
bidding system to llow better bidding accuracyA decision tree seems like the obvious choice
at first, butthis proves problematicln order to discover a set @bnstraints like thisone
would need to branch on every detail about thends. For example, one way to bch would
betoaskateachodes a52Sa4 G(GKS KFyR O2ydl Ay lilkrargh OF NRK €
on the cards of just one hand, the tr@muld have2>? outputs, and unfortunatelygenerating
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enough sample data to extract useful informationrfrehis tree would take on the order of
millennia A lution to this problemmaybe to choosethe setof informationonethinksis
correctand use the tree to check how important it islowever, it would be difficult to
determine which set to useDecison trees areappropriatefor verification purposesand in
fact, decision tree based algorithms are usedetst new strategieshut theyare not useful for
generating new strategies

A neural networkhowever, canbe trained usingall of the cards in théands as its input
without needing too many training sampless Wlearns, it will identify the importance of
variousfeatures of the hangeach hidden node in the network will identigyrelationship about
the inputsand affect the output proportionajito how important that relationship isThus,|
will attempt to create a neural network that can identify when its input hands will lead to
success and then extract the most important rules from it.

Experimental Design

General Neural Network Design

Neurd networks are fickle constructs and have many adjustable parametersehatre
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common trends, which | describe below

Structure

Each network is composed of a layeimgiut nodesa singldayer of hidden nodes, and a
single output nodehat indicates success or failure. Neural networks have the capacity to be
much more complicated than this, and if my goareto determine, given two input hands,
the chance of sucas, | wouldusea more complexieuralnetwork. However, my goal is to
extract simple and meaningful rules from the network, and as the network becomes more
complicated, the rules become more obfuscated.

The networks | test will vary in how many hidden asdhey haveandhow they are
connected to the inputs. Although one of the primary reasons for choosing neural networks for
this projectis so that | would not have texert anyinfluenceon how they learn, in practice,
some guidance is necessameaningful rules may prove too difficult to extract from fully
connected neural networks, even with ordpe hidden layer.

Training

BecauseBridge is not a perfect information gane minimax algorithm cannot be used.
Moreover, it is not even certain that evepjayer will make optimal plays. Therefore, for the
purposes of this project, | will be analyzing perfectly played hands of Double Dummy (DD)
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Bridge rather than actual Bridge. DD Bridge is a perfect information variant of Bridge that can
easily be solvetbr each hand. Itis so similar to actual Bridge that it is commonly used to
LINBRAOG aGLI NE F2N 6KS KIFIyRao

Although DD Bridge is easy to solve, it is still time consuming. Lidklatt Ginsberg,
creator of the GIB Bridge Abinsberg, 2001 has graciously provided me with a database of
over 700,000 deals and their DD results. Thus, all of the networks will be trained using
supervised learningith results from these doed DD hands.

The learning rates and momentums vi# adjusted as necessary as a finaing step of
network creaton and training, and an annealing algorithm is used to help find good minimums
as well. The number of training patterns will also be varied to maxitheaccuracy of the
trained systemtoo few training examples could result in inaccuracdas to insufficient data
but too many examples could cause problems with overtrainidgly data from the best
trained networkss presented.

PerformanceAnalysis

There are two types of errors thahgbinarysystem can produce: it can predict success
when it should predict failure, and it can predict failure when it should predict success. | will
NEFSNI 2 GKSaS |a aaSi SNNRNRE | yRdcsadfftha & SNNP
systeminaccurately predicts success and illis€ an opportunity if the system inaccurately
predicts failure. In the game of Bridge, these errors should not necessarily be treated equally.
Missing the potential of a hand because of an overly strict systémmdsbut bidding too high
and getting set is often much worse. Luckily, the output of a network is a real number between
zero and one where zero indicates failure and one indicates success. When analyzing this data,
| need to choose an appropriate cutdéd minimize the total error. Therefore, each system
tested will output as its result a graph of its errors as a function of this cutoff.

To measure the performance of a given network, | will compare it to that of a modified HCP
system (the team needs #&ast eight trump as we#ls26 high card pointso complete their
game contract

Rule Extraction

If a network performsexceptionallywell, | will apply the rule extraction techniques on lit.
have three methods for extracting meaning from a trained na¢network:
Zeroing Weights

| assume that the important information that a nodeceiveshas a large magnitude weight.
Therefore, tosimplify the node, | will set small values to zero. This can diminish the accuracy,
but it is a fast way to simplify &sof hidden nodes.



Rounding Weights

Similar to zeroing weightshe process of rounding weighglows all weights to be only a
certain set of values. This does not have as significant an impact on the performasreiag
the weights as it leaves momeformation that the network has learned intacHowever, the
more information the network has, the harder it is to find patterns in it that will lead to rules.

Examining Hidden Values

| will examine individual hidden nodes to deduce their effect onfiha output of the
network. One way to determine influence on the final output is by examining the ratios of
weights of the inputs to the final output: a large weight indicates a strong influeAtso, if a
node mimics the value of the final output skly, it may be of primary importance where the
others are there mainly to correct some of its mistakédternatively, f a nodehas a very small
weight orcomes outconsistently close taero or one, then it does not have a sigrafit impact
on the firal result.

Implementation

All code for this projedswritten in Java. | utilize two outside libraries to assist in the
coding: JoonéMarrone, 2008and JamdJAMA: Java Matrix Package, 200®pne, a Java
ObjectOriented Neural Engine, allowse to create neural networks of varying structure
quickly and easily| simply position the nodes and connections, supply training information and
learning parameters, and run the neural network for thesgled number of generations. It
uses a form of gradient descent to lower the root mean square error of the outputs.
Unfortunately, Joone was designed to make neuralvueks that solve problems rather than
neural netvorksthat are used to find rulesUtimately, | useJoone to train the network and
then Jama, a Java matrix package, to examine the weights and verify their accuracy.

Input Data

To train the network| wantto useinformationl 6 2 dzi G KS LI NIYSNRQ KI yR
whether they willcompletetheir contractas output. The hands themselves will dictate which
contractthe partnerswill try to complete the nature of the bidding system will direct them to
Fy dzZ GAYIF OGS 0ARX Iy R (dWwKanRtlicks2hgieky. lirifdet K| Y RaA &
even if wefix two player€handsand choose an appropriateontract, there is no sure way to
tell if they willsucceedbecause the opponents hands are still unknowio avoid these
complicationswe will be usingdouble Dummyesultsinstead

To furthe simplify the data, we will consider only the information necessanafteamto
take ten tricks wherspades aré&rump (this is known as a game bid in a major suit and has
significance in scoring).
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representing whether, for each card, the player or his partner hadlhiat is, the first 52 bits
represent each card and if the first player has it, and the second 52 bits represent each card and
if his partner has it. Upoftunately, there are redundancies in this data (clearly, if one player
has a card, the other certainly will not), but neural networks train much better on binary
systems than trinary onesSuccess ia binary digitbased solely on whether the partnerstopn
make 10 tricks witfspades asump.

Tested Neural Networks

| have chosen seven neural network designs that may provide good results when trained
and examined. | will briefly describe them here.

Full 50 Network

The 104 input nodes are fully connected50 hidden nodeshat all feed directly into the
output node.

Full 5 Network

This network is similar to the previous one, but here only five hidden ntmsisnplifyrule
extraction.

High Network

This network only connects the high cards (10, jack, gukimg, and ace) and the trump
suit cards to the five hidden nodes. It is similar to udl 50 and Full 5 networkbut all
connections from a low card in a ndrump suit are zero, andothose inputs are ignored. The
purpose of this net is to findufes specifically having to do with trump length and high cards.
Hopefully, the result will be similar td,not better than, the HCP model.

Custom34 Network

This newvork has many specified hidden nodes timaytake on special tasks. The first and
seond hidden nodeseceive informatioronly from the trump cards for the first and second
player respectively. The third and fourth hidden nodeseive information only fronthe jacks,
gueens, kings, and aces of the first and second player respectiveynekt 10 nodes have
access to all of the first hand, and the following 10 nodes have access to only the second hand.
The final 10 nodes are fully connected.

Custom9 Network

This isdentical tothe previous except that it has only 2 nodes for eachchand 1 node for
all of the inputs.



Distribution Network

This network examines only the distributions of the sintthe hands. The data is pre
processed so that there are eight sets of inp@tach corresponding to a suit in one bkt
hands. Each seff inputs consists df4 values where the first represents having 0 cards of the
given suit in the hand, the second represents having 1 of that suit, and sdhurs, for each set
of 14 values, one will be set to one and the others to z&d. O K 14 idphtsii©cnnected to
a different hidden node, ands usual, all of the hidden nodes are connected to the output.

HCP Seeded Network

This nework is designedo model how HCP works. It has two hiddesdes, one for high
card pointsand one for trump ards. Further, its weights and biases are-peeded to match
the HCP. That is, it counts each trump card as 1 and returns success only if there are more than
8 total. Also, it weights the high cards just as HCP does, and it returns success ondyafeéher
more than 26 points.

Results

An Analytical Look at HCP

Using a simple decision tree on the Double Dummy results, | was able to determine the set
error rate and miss error rate with various HCP demands. These graphs are showimbelow
figures 1 through 3.
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Performance

The graph®elow (FHgures 4 through 10) show the set error rate versus the miss error rate
of the seven neural networks
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High Network
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Custom 9 Network
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HCP Seeded Networl
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Rule Extraction

The two most promising networks for ruéxtraction are the Full 5 Network and the Custom
9 Network. Rule extraction results follow here.

Full 5 Network

The following grapliFgure 11) shows the network with all weights with magnitude less
than 15 set to zero:
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This next graplfFgure 12) shows the network with the weights rounded to the nearest 10
(.,e.-40,-onz XX onX nnoy
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Thisfinal rule extraction grapl@Fgure 13) shows the individual hidden nodes and their error
rates:
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Custom 9 Network

The following grapliFgure 14) shows the network with all weights with rounded to the

nearest 5:
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This graph{FHgure 15) shows the individual hidden nodes and their error rates:
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Conclusions

First, | will examine the HCP grapkg(rel, Figure2, Figure3d). It is interesting to note
that at the standard HCP values (26 HCP and at least 8 trump), there is only a 0.2% chance of
getting set, but 77.1% of hands that can make the contractneiler get bid. These values are
far from equal; clearly, Bridge players prefer a system that keeps the set error rate very low and
are less concerned with the miss error rate. Becahseoutput node of a neural network is a
real value between zero andhe, it is a simple matter to adjust the cutoff of whiata success
or failure to produce a given set error rate. Thus, the graphs of network performance are all
shown as one error rate versus the other.

Performance

The High NetworkHigure6), the Distribution NetworkKigure9), and the HCP Seeded
Network Figurel0) all have exceptionally high error rates. The common link between these
networks is that not all of the origindiata is used in determining the output. The apparent
conclusion is that the missing inputseavrital to determining success; however, HCP is only
given the number of trump and the number of jacks, queens, kings, and aces, and it can
determine success ta much better accuracy.

Graphs of theemaining networklearly showthat they have been trained to minimize
both errors equally rather than weight one as more important than the gtiadrich is a
problem becausé am looking for a system that will appeaBridge players who want a
specifically small set rate erroJoone uses the root mean square error as the error function
that it tries to minimize irtraining, but to get data that has a low miss error ratehe 0.2% set
error rate level, it may be reessary to use a function that specifically tries to minimize set
errors. Itis evident from most of the graphs (especially the Full NetwBitygre4 and Figure
5) that the networls performs better tharstandard HCP when the set error rate is allowed to
be higher. However, the netwoskniss error rates rise drastically as the set error rate is
lowered to very small values.

Contrary to expectation, the Full 5 Networki¢ure5) outperformsthe Full 50 Network
(Figured) and the Custom 9 Networkigure8) outperformsthe Custom 34 Networkgure?).
The most logical explanation is overtrainintheextra hidden nodes allowhe networks to find
random relationships among the training inputs that have no causal relation to the output but
reduce the root mean square error anyway. When tested on new data, the over trained
networks perform worse than thse that did not have enough nodes to find these meaningless
relationships.

The only network that actually predicts success with better accuracy than the HCP model is
the Full 5 Network. However, because the Custom 9 Network performs reagonelbbnd
another type of network, tise them both in further analysis.
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Rule Extraction

As can be seen in the graph of performance with zeroed weigidsie11), zeroing has
large negativeeffects on performance. At the 0.2% set ermrate level, the miss error rate
climbs from 76.4% to 99.19%lo usable wlescan beextractedfrom this data

Rounded weights prove more useful. Performance after weight rounding is shown for the
Full 5 Network and the Custom 9 NetworkFigurel2 andFigurel4respectively. The
rounding parameters were chosen to maximize the simplification while minimizing the damage
G2 GKS ySi62N] Qad LISNF2NXYIyOSo C2NJ SEIl YL} SZ
Networkincreases the miss error rate by over 10% (at set error rate = 0.2%) compared to the
nearest 5, but rounding to the nearest 3 only decreases it by less thai\tBeugh the
performance has gotten worse (the HCP model is now slightly betteryyéinghts are greatly
simplified, and rule extraction seems possibldowever |am unable todeduceany meaning
from the tables of weights (seEablel and Table2 at the end of this document).

Examinig individual hidden nodes reveals little useful rataking information.The
weights of the different nodes are fairly similar, and no one node accurately predicts the final
output (the weights can be seen at the bottomsTablel and Table2).

Discussionand Further Research

| did notdeterminea better system than the HCP systémruse for determining accurate
contracts but that does not mean that another does not exist. In fact, there are alreaakyrkn
modifications to HCP that increase its accurd®ybens, 1969)lt is plausible that a system that
looks at relationships between hands can predict success at even greater accuracy than
currently used methods.

The next stp in this research is to build a new neural network engine that does not solely
try to reduce the root mean square error, but rather tries to reduce a custom error that can be
adjusted to assure a very small set failure error. From there, new networgtstas as well as
ones like the ones | tested here should be trained and tesfdte results from this experiment
can act as guide to determining appropriate test network structures. Future neural networks
should have fewr than thirty-four hidden node (and possibt fewer than tha) as too many
causes overtraining. Also, the neural networks should have access to the entire input of the
two hands; some input values can be set to zero so long as those values are not zero across all
hidden nodes.

Another @th to pursue would béo usemore advanced rule extraction techniquas mine
failed toadequately extract a small set of rules.

If a set of information is found that seems suitable, it must be tested and verified. First, it
should be tested using a tyjicdecision tree that branches on whether the conditions of the
set of information are met or not. Next, it should be tested using a standard Bridge simulation
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(single dummy as opposed to Double Dummy). Because Bridge is not a perfect information

game,¢ OK LJ I @ SNR& (1y26f SRIS Ydzad oS RSOfI NBRT ¥
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that set of information would be made known through the bidding, so in theukition, the

players should know about it. If the experimental information set performs well on these tests

(if it continues to accurately place teams in appropriate contracts, then all that is left to be done

is the challenging task efeating a new hiding system that can communicateetinformation

effectively enough to get a team to their desired bid.

Appendix of Bridge Terminology

A Round of Bridge
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hand. The round is then split into two phase: bidding and gameplay. During bidding, the
players bid, auction style, for the contract of the round. Each subsequent bid raises the
contract, and if there are three passes in a row, the last player to bid winsotiteact.

Once the bidding is ovethe gameplaypegins One of the players who won the contract
reveals his hand to the table (he is the dummy); taadis controlled by his partner (who is
known as the declarer) Thirteen tricks are played, and the seds calculated based on the
contract decided during the bidding dinow many tricks each team won: the contract winning
team gains points if they took enough tricks to satisfy their contract, and the opposing team
gains points if they did not.

Double Dummy Bridge

Double Dummy (DD) Bridge is a perfect information variant of Bridge useful for simulations.
As stated above, in a round of Bridge, one player is declared the dummy and lays his hand on
the table for all the other players to see. DD Bridge,one player from each team isa dummy.

Each remaining player knows loiwn hand and two other hands and can then perfectly predict
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perfect plays using a mimax algorithm.

In the world of Bridge research, there is serious discussion about the accuracy of the Double
Dummy result as compared to the actual Bridge result. The reasoning behind it has to do with
special scenarios that may arise in Bridge gameplagrey because not all of the informatias
known, a player may inadvertently make a syftimal playthat may change the number of
tricks a team takes However, Double Dummy results are often used in studies such as this one
as theytend to be agood esimate of how a real hand of Bridge will {@insberg, 2001)

17



Contract

The highest bid made during the bidding phase becomes the contractfor the round. The
team that made that bid is under contract to take a certain number of tricks during the
gameplay. If your team has the daact, and youake that number of trick, then you gain
points. However, if you do not take enough tricks to satisfy your contract, your opponents gain
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Game Bid

A Game Bid is a contract that one team makes that is so valuableftiias successful, that
team wins the game Note that Bridge is played in matches, so although winning a game is
important, it does not mean that the players stop playir@ne strives to alwaysid at least as
high asone of the possible game bids (there are fige}hey provide significantly more points
than the bidsjust below them. This paper looks at the Major Suit Game Bid, a contract where
either Spades or Hearts is trump and the team must take ten of the pedhiileen tricks.

Trick

Each trick consists of one player leading a card and the other three players magiog
their cardson it. Thus, each trick is 4 cards, and there are 13 tricks total. The rules of trick
taking are not relevant to this paper.

Trump

One suit may be determined as trump (this would happen in the bidding phase). If this is
the case, than a player can use a card in that suit to take a trick that a higher card in a different
suit would have taken. The specifides are not necesswg for this paper but the fact that
having more trump than your opponents greatly increases your chance of success is
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