| ~ . INTRODUCTION II. SELF-ORGANIZING MAPS (CONT’D) | IV. SOURCE DATA VI. SOM RESULTS
Earth’s dayside magnetosphere Is composed of several regions, such being the SOM Vi lizati Input variables: | Coigmat . sigmans 1, leaming rate 0.5 cmmningy a0, i o 100, . train: 0,073, train frac 5.26%7
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these regions is often easy but time-consuming, and so it would be beneficial to automate SOMSs can be visualized In 2-D by taking advantage of (3*). Computing the average i 0 log10 scale - lon density n [#/cc] 25- 7 C s vo 25 i
this process. We do so by separating the regions using unsupervised methods. distance between a node and Its neighbors and expressing It using a grey-scale 051 3 0 log10 scale - lon temperature T [eV] e os o o ”
colorbar means that regions of high density can be identified in white and sparser 08 oz L B
However, the noise present in even cleaned spacecraft data can make direct application regions in black. The matrix of these distances of the map is called the U-matrix. o Constraints: y S o S b
of unsupervised methods somewhat challenging. Results will generally be good... but not ere’s an examble of the converaence of a 15 x 15 map with siama = 2 25 learnin e g ?bj—(xl-?yj—nil(?) <= 110 degree (so mostly dayside) m ; Ly e
great. Improving performance requires a reduced-representation of the data that accounts ‘ate = 0.95. an epx onential decag crotion. and a aussI.Dian e %borﬁoo. ] f[mction J o . 15 s
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analogous to binning data in N-D... but if the bins themselves could “compete” for points. et S ) e = ) S 95% / 5% Validation — Train Split o oo o o
An deeper explanation of It requires understanding a simpler clustering algorithm: KMeans . 2'\ 2
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Simple Model: K-Means 3 1 5 1 V. SOM PARAMS J L.
K-Means assumes you want to find k clusters in data: . . | ! y | ' ’ P —— v 20 B
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1) k data points are selected at random to act as e - : Start/end 0: 5 — 1 (end > 0.01 to keep map smooth) o _ s s
((jaster Ce,f)ters_ Quantifying SOM’s Representation QEl > QE2 Initial / final learning rate: 0.25 - 0.01 o )
(2) Points are assigned to the cluster they are closest A huge combination of hyperparameter choices exist when fitting a SOM to data t(()Sa(;llgslan neighborhood - Linear decay - square s " s s :
to. — but how to choose the best option? POIOGY L T Toos s
(3) Cluster centers are re-computed as the average
- . L . VIl. CLUSTERING RESULTS :
?X)eéf‘e':og?g 'gntg‘??)‘;";ftee:epeate d until convergence Generally best to choose combo that minimizes the Quantization Error (QE)... Probability Heatmap Magnetosheath Histograms
to a local optimum to within reason. Making an enormous map could really cut down on QE, but will HiZD: hesmap “prbatity” | s 0. 30 Cster Occupane G URIO0BIS
cost you in both memory and run-time. - N e
K-Means can work well in many applications... but i . 3
the nature of a small number of cluster centers to 2 _ - 2 ol 8 E = | I.. >
compete for points can lead to artificial clusters : QE =2 (black lines) » Fzzz
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(1) Use many clusters (very often » ~ 30) most popular is K-Means, but the static nature of the converged SOM positions also allows for a . ) e ™ e e et
(2*) Allow clusters to be dependent on adjacent ones — when a cluster center mductlve_ methods, which !S Commonly hot an option for large datasets or models_ meant to have a CQ 3 _.:E"““’ |
moves to match data, let it pull others nearby along with it test / train split (but sometimes possible for models that support out-of-bag sampling). \__/ e i T
(3*) Keep clusters topologically ordered (e.qg. if 1-D clusters A, B, C exist such that | | | | | | | -
A < B < C at the start — then keep it that way at all times) We use Agglomerative Hierarchical Clustering with a Ward linkage to cluster the nodes. It Is .
(4*) Consider one data point at a time instead of all at once. deterministic (not stochastic!), and breaks data into clusters by ... i
(5*) How much clusters move should diminish over time (guarantees local (1) Assuming every node is its own cluster ) R _ _
convergence) (2) Merging two clusters that yield the smallest increase in variance . Magnetosphere Histograms Solar Wind Histograms
(3) Repeating (2) until one cluster encompassing all the nodes remains. ! st o SR L00 S Cluster Occupancy: 0.89M pts oLt of 5.85M (15.16%)
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MclD — Own Work. The hierarchical structure allows for investigating sub-structures within clusters! o e : . e =L 3 A
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BX the distribution of the nodes will (probably) still be non-linear — which means linear clustering 5| Sl Bl - __
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The concepts above are reflected in the choice of hyperparameters for the SOM: N T T e e e
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» Control how quickly a node moves to a point — by the learning rate alpha and a . S s o g B MR e oo T | e == e
function representing the decay rate (typically exp or linear decay) (5*) ol .3k = L.
» Specify the amount of ‘pull’ a cluster can have on its neighbors (2*) i S S i ' POEEERRERE N CESETTTT
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