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Abstract

In this supplementary material, we provide the proof of Proposition 1 and the details about the derivation of the
majorizing function in Proposition 2. Moreover, a number of additional simulations are described.

1. Proof of Proposition 1

Proposition 1 (Scale parameter). Let 61, 2 > 0, 61 # da. If X5, := argmin Erreos, (X | p, 1) is an optimal solution for
parameter 01, then (62/61)Xs, is an optimal solution of argmin Errsoe (X | p, d2) with parameter 6s.

Proof. For any constant ¢ > 0, we obviously have ¢ Errgog (X | p,6) = Errgor (cX | p, cd) for all X € R™*P, Thus, for
all X € R" P, we have (62/81)% Errgop (X | p,61) = Errgo;((52/61)X | p,d2). To obtain a contradiction, we assume
(62/01) X5, does not achieve the minimal value of Errso: (X | p, d2), i.e.,

XrenRi?XP Errsoft(X | D, 62) < Errsoft((62/61)X51 | D, 62)

For all X; and X, satisfying Errsos (X1 | p,01) < Errsose (X2 | p, 1) and all ¢ > 0, we have
02 Errsoft(Xl | D, 61) < 02 Errsoft(XQ | D, 61)

Then, we have
59\ 2
Erraor(62/81) X5, | p. 82) = (51) Erreogt (X, | p,01)

> min Erres (X | p, d2)
X eRnXxp

5 2
_(2) min  Erreog ((61/02)X | p, 61),

01/ XeRnxr

which contradicts X, := arg min Errgos (X | p, 91)- O

2. Majorizing function and Majorization algorithm for SOE
First, we provide the detailed derivation of the majorizing function of the components of Errgs (i.e., the proof of Propo-

sition 2) and then we describe a majorization algorithm for SOE.
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2.1. Majorizing the components of the objective function Erry,y;

To majorize max [0, d;;(X) + 6 — dii(X )], we use the following majorization inequality (Groenen et al., 2006),

. 2 2(&% —+ a%) — 2(0,1 + ag)(bl —+ bg) —+ (bl —+ b2)2 lf b1 Z bQ,
max{0, a1 = az]” < {2@% + a2) — darby — dashs + 2(52 + b2) if by < by. )
By this inequality, we have
max [0, d;(X )+5 d(X)]? <

2 [(dij(X) 4 0)? + d7y(X)] — 2(di; (V) + dii(Y) + 6)(dij (X) + dra(X) +0)

"’(dw (Y) =+ dkl( ) =+ 5) if dij(Y) +62> dkl(Y)7 (2)

2 [(dij(X) +6)? + di)(X)] — 4(di; (V) + 6)(dij (X) 4 6) — 4dp (Y )dp (X)

+2 [(dij (V) + 5) +d3,(Y)] if dij(X)+ 6 < dp(X).

To obtain the final majorizing function, we majorize each term in the right side of the inequality.

2.1.1. CASEL: dij (V) + 6 > dy (Y)
In the case that d;;(Y') + > dii(Y'), we have

max [0, dij(X) + 0 — d(X))? <2d2(X) + 2d3,(X) — 2(dij (V) + dy (V) — 6)di;(X)
—2(di; (V) + dig(Y) 4+ 0)dpr(X) + (dij (V) + dir (V) 4+ 6)(dij (YV) + dii(Y) — 9)
+ 262,

Due to the presence of the terms d;;(X) and dg;(X), the last term of the inequality is not quadratic in X. Note that
dij(Y) + di(Y) + 6 > 0. By the Cauchy-Schwarz inequality

1 — T _ i
—d(X) < {0 ooy @k — )" (e — 1) ifdp(Y) >0, 3)

if iy (Y) = 0.

We have a linear majorizing function of —2(d;;(Y") + di:(Y') + 6)di(X). Unfortunately, we cannot apply the inequality
(3) for —2(d;;(Y') + dia(Y') — 6)d;;(X) directly since it is not always true that d;;(Y) + dp;(Y) —d > 0. Thus, we
consider the case d;;(Y) + dp(Y) — & > 0 and the case d;;(Y) + dii(Y) — § < 0 separately.

If d;;(Y) + dw(Y) — 6 > 0, we can apply the inequality (3) and obtain a linear majorizing function. Then,

max [07 dij (X) +6— dkl(X)]2

202 (X) + 2d3,(X) — 220G WI=0 (2, — 3)T(y; — y;)
zd’*%“%““( a))T (g, — 1) + (di (V) + dig(Y))? + 6% if di (V) > 0 and dy(Y) > 0,
2d%(X) + 23, (X)) — 22 0T (@ — )T (g — )
<4 (dig (V) + dig (V)2 + 62 if dij(Y) = 0and dy(Y) >0, (4
2d%,(X) + 2d3,(X) — %(m —z,)" (g — vy)
+(dij (V) + d (Y))? + 62 if di;(Y) > 0 and dy (V) =0,
2d2,(X) + 2d3,(X) + (dij (V) + dya (Y))? + 267 if dij = 0 and dy; (V) = 0.

On the other hand, if d;;(Y") + di;(Y') — 6 < 0, we have —2(d;;(Y") + di;(Y') — ) > 0. Thus, we can apply the following
majorization inequality (Groenen et al., 2006)

+ dw( )- (&)
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Note that this inequality holds when d;;(Y) > 0. If d;;(Y) = 0, we should replace it by a small positive value, say
7. As Groenen et al. (2006) pointed out, by choosing 7 small enough, this replacement should not have an effect on
the convergence properties of the majorization algorithm. Using the inequality (5), we can obtain a quadratic majorizing
function of —2(d;;(Y) + dii(Y') — 0)d;;(X). Thus, if d;;(Y) + d(Y) — 6 < 0, we have

maX[O dij( )+§*dkl( )]2

ST () 20, () — 295 @) (g — )

5 (V)
< Hdi (V) + di(Y)da (YY) + (dij (V) + 6)8 if dp (Y) > 0, (©6)
Wd%(}() +2d2,(X) + (dij (V) + dpg (V) dpt (V) + (dij(Y) 4+ 6)6  if dpy(Y) = 0.

2.1.2.CASEIL: d;;(Y) + 6 < diy(Y)
In the case that d;;(Y) + ¢ < dp;(Y'), we have

max [0, dij(X) + 8 — d(X))* < 2d35(X) + 2d3,(X) — 4d; (V) di (X) — 4dp (V) dga (X) + 2 (dF; (V) + diy (V) -
Since d;;(Y), dp(Y') > 0, by the inequality (3) we have

max [0, dij(X) + 6 — dp (X))
< {2d12j(X) +2d7(X) — 4w — 25) T (yi — y;) — 4@k — @) (Y. —w0) + 2 (d5;(Y) + d7y(Y)) if dij(Y) >0,
0

2d3;(X) + 2dp (X)) — 4wy, — )" (yr — 1) + 2 (d?j(y) +d3(Y)) if di;(Y) = 0.
(7)
2.1.3. COMBINING THE MAJORIZATION RESULTS
Combining the above results, we obtain the majorizing function in Proposition 2:
0iemax [0, dij(X) + 6 — di(X)]” Saijmllas — ;]| + ol lon — il — 2B5m (2 — 25)" (i — v))
— 285 (®i — )" (Y — &) + Vijrs ®)

* —_— ..
where A = 2045k1,

o 20ijkl if d” (Y) Z |dkl(Y) — 5| or dkl(Y) d” (Y) (5,
gkl = ” —
7 01jp BHOLESE) i dyj (V) 4 6 > dia (V) and dig (V) + dua(Y) < 6,

OUMM if dl] (Y) > ‘dkl( ) — 5| and dz‘j(Y) > O,

dii (Y)
Bijer = § 0 if (dij(Y)+6>di(Y)and d;;(Y) + dw(Y) < 6) ord;;(Y) =0,
20ijkl if dij (Y) +0 < dkl(Y),
0ijkl 7d“(y)dti'§ﬂ()y)+6 if di;(Y) > |dw(Y) — 6| and dpy (Y) > 0
Biik =140 if dij(Y) > |du(Y) — 8| ordi(Y) =0
2Oijkl if dij (Y) +6 < dkl(Y),
and
0ijki[(dij (V) + da(Y))? 4 6] if dij(Y) > |du(Y) = 6],
Yigkt = § 0ijr[(dij (V) + dei(Y))dri(Y) + (dig (YY) + 6)d]  if dij(Y) +6 > da(Y) and di; (V) + dri(Y) < 6,
20ijkl (dfj (Y) + d (Y)) if d,’j (Y) +6 < dkl(Y)

Note that this function is quadratic in X.
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2.2. Majorization algorithm for SOE

Here, we describe the majorization algorithm for the general ordinal embedding problem. By inequality (8), we have

Errsoft (X | D, 5)

n n
<> [aijkl\\wi —xi|* + afjlles — @il = 285w (@ — =) (yi — yj) — 2850 (@ — 20" (yr — y0) + %‘jkl]

i<j k<l
)
By reformulating the right side of (9), we obtain
p
Erreon (X | p,0) <Y [af M*z, — 20l H*y,] +7, (10)
s=1
where T3 = (l'lsv ce ,xns)Ta Ys = (ylsa cee ,yns)T, M* = (m;j)nxns H* = (h;})nxn, Y= Z?:l Z;L;ﬁ, Z:?gl Yijks
iy = {Sppmiy i = (S i
T ey talyy) ifi# T By By i

Note that the diagonal elements of M are positive. For given Y and xj, (j # ), we can optimize the majorization function
with ;5 by the following formula

n
D i Pijls = D20 M T
mi;

Tis =

Therefore, a majorization algorithm for minimizing () is given by Algorithm 1. In this algorithm, the computational
complexity of each iteration is O(c) where c is the number of ordinal constraints (i.e., ¢ := #(.A)).

Algorithm 1 SOE-MM: Majorization algorithm for SOE
Set & > 0 to a scale parameter and set X to some initial coordinate matrix.
Set iteration counter ¢ := 0.
Set X_1 := Xp.
Set ¢ > 0 to a small vale as the convergence criterion (e.g., £ = 107).
while ¢ = 0 or Errgop(Xi—1 | p, ) — Errgon(X: | p,0) > e do

t:=t+1.

SetY := Xt71~

Compute M* and H*.

fori =1tondo

for s = 1topdo
Compute

_ =
e A R A AR AR R

2 higls = 3 M
M '

12: end for

13:  end for

14: Set Xt = X.

15: end while

3. Additional numerical experiments
3.1. A low sample size example in the realizable case

Section 6.2. of the main paper describes a realizable embedding problem. Because some of the algorithms could not
cope with the large sample size, we additionally conducted experiments with a smaller sample size. To this end, we
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constructed the unweighted kNN graph from the two-dimensional original data in Figure 1 (upper left) and embedded
this graph in R? by various embedding methods. We compare our approach to Laplacian eigenmaps (LE), the Kamada
and Kawai algorithm (KK), the Fruchterman Reingold algorithm (FR), generalized non-metric scaling (GNMDS) with
A = 0.05, structure preserving embedding (SPE) and ¢-distributed stochastic neighbor embedding (¢-SNE). In Figure 1 we
can observe the same effect that also happened for larger sample size in the main paper: while most of the methods get the
rough layout correct, LOE is the only method that is capable to capture the original density and geometric structure of the
data.

3.2. Choice of k£

Next, we describe the relationship between the number of constraints and the number of nearest neighbors. We sampled
500 points in R? from a distribution that has two uniform high-density squares, surrounded by a uniform low density region.
See Figure 2 (upper left). We then constructed the unweighted kNN graph and embedded this graph in R? by LOE using
the Laplacian eigenmaps as the initial embedding, see Figure 2. Figure 1 in the main paper shows the difference between
the original embedding and the procrustes transformed LOE embedding with each k. In Figure 2, we show the actual LOE
embeddings for a variety of values of k. The number of constraints can be considered as the amount of information that is
given about the original density structure. The LOE embeddings around the most informative value k¥ = 250 recover the
original embedding nearly perfectly.

3.3. Some standard graph-drawing examples

Here, we describe applications for 6 classical unweighted graphs: the Frucht graph, the Icosahedral graph, the Chvatal
graph, the Folkman graph, the Thomassen graph and the Meredith graph. The adjacency matrices of these graphs are
available in the igraph package on R (Csardi & Nepusz, 2006). To these graphs, we applied various embedding methods:
LOE, Laplacian eigenmaps (LE), Kamada and Kawai algorithm (KK), Fruchterman Reingold algorithm (FR), general-
ized non-metric multidimensional scaling (GNMDS), structure preserving embedding (SPE), and ¢-distributed stochastic
neighbor embedding (¢-SNE). Here, to choose the tuning parameter A for GNMDS, we also tried the candidate values
{0.5,1,2,...,100} and chose the one that leads to the best GARI value. Figure 3 shows the adjacency matrices (0 : blue
and 1 : yellow) of the 6 graphs and embeddings of each method with the values of GARI and Errj,c,. We can see that
LOE performs very nicely for most of these graph drawing tasks. Moreover, for the Desargues graph whose 2-dimensional
embeddings are described in the main paper, Figure 3 shows 3-dimensional embeddings of each method with the values of
GARI and Errlocal.

3.4. A non-local embedding task solved by the general SOE algorithm

In this experiment, we consider a general, non-local embedding problem and apply our SOE algorithm. As initial data we
use a matrix of “driving” distances between 21 cities in Europe. This data is available as ‘eurodist’ in the stats library of
R. Note that there are no perfect embeddings in the 2-dimensional space. Among all ordinal distance comparisons (about
20000 comparisons in total), we randomly selected 1000 ordinal comparisons. We now compare our SOE algorithm to
GNMDS. The parameter for GNMDS was set to A = 0.15, which was selected as the value that provides the minimal
number of violations of ordinal constraints. We compare SOE and GNMDS to two hard competitors: metric MDS, which
is allowed to uses the actual distance scores between all cities, and standard non-metric MDS, which is allowed to use all
ordinal constraints. Figure 4 shows the procrustes rotated embeddings of each of the methods. SOE provides a very similar
embedding to the one of non-metric MDS with full ordinal embedding. The solution of GNMDS is somewhat different.
The figure shows that SOE provides a much better embedding than GNMDS. This is also in accordance with the number
of violations of constraints, which is 94/1000 for GNMDS and 35/1000 for SOE.

3.5. Illustration of the proof of Theorem 3

The main step in the consistency proof is Proposition 4: the density estimate of von Luxburg & Alamgir (2013) can be used
to re-weight the graph, and the shortest path distances in this re-weighted graph converge to the true underlying Euclidean
distances.

We demonstrate this convergence for a simple toy data set: a mixture of two Gaussians in R?, where the weight of one
Gaussian is slightly larger than the weight of the other Gaussian (see Figure 5, left side). We draw n = 1000 points
according to this distribution, build the unweighted kNN graph with £ = 50, and estimate the density as described in
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von Luxburg & Alamgir (2013). Then we re-weight the edges in the kNN graph with the weights 7, ;, as described in the
proof of Proposition 4 of the main paper. In this re-weighted kNN graph we then compute the shortest path distances. In
Figure 5 we depict these shortest path distances (right plot) and the true underlying Euclidean distances (middle plot). It is
obvious that the distance structure is exactly the same.

Note that once we have an approximation of the full underlying Euclidean distance matrix, as provided in Proposition 4,
we could simply use classic multidimensional scaling to embed the original graph to the Euclidean space. This embedding
is going to be consistent, by a similar argument as the one of Theorem 3. On the same toy data as above, we show the result
of this embedding in Figure 6. It is obvious that it gets the structure correct, which illustrates the relevance of Theorem 3.
However, we do not recommend this approach for practice, because estimating the density to construct an embedding
violates the principle that one never should solve too difficult problems as an intermediate step.

References

Csardi, G. and Nepusz, T. The igraph software package for complex network research. InterJournal, Complex Systems:
1695, 2006. URL http://igraph.sf.net.

Groenen, P. J. F., Winsberg, S., Rodiguez, O., and Diday, E. I-scal: Multidimensional scaling of interval dissimilarities.
Computational Statistics & Data Analysis, 51(1):360-378, 2006.

von Luxburg, U. and Alamgir, M. Density estimation from unweighted k-nearest neighbor graphs: a roadmap. In Neural
Information Processing Systems (NIPS), pp. 225-233, 2013.


http://igraph.sf.net

Supplementary Material for Local Ordinal Embedding

n|k Original data Laplacian eigenmaps | Kamada and Kawai |Fruchterman and Reingold
L4 0'0- ® 0, °° % 0 L o e o ° o,
° . ..& .:.o...o' o :. o: .Q..O..'..o o o .0..:..0.
o0 ° .t. ¢ .‘. 0".... N ‘.O.... o....... ° .'...'.o
S . .... u\ .o...:'.o. ..0.:0 :oo.. .o.oo..
. %' ° s ..'.0... iy :0..'0.:.:.0. ..‘.:'::.0: o .:.::.o.'
° %n"'oﬁ '..0:.: .0. ¢ *% % o 0 o g Je°
.....:.e ... :...... .: .0 .. ..O
:o oo o :o. :o:ooo::. :...::::...
?)(lQ :o:::::ﬁ ‘.: :::'.Oo o-::::o.Oo
°e ° ... eeo © .0 (] .‘ooo °,°
33 ° % e’ ‘et et
n|k SPE t-SNE LOE
.o.::..‘.. o o O .: ...0. .. .. ...:::
Bla| RS -;';'.’-'-."“‘Ef'ft*‘- seiiiie Coenii
~ Y D B B L I T
:....P ® . 0... °, ..... o.o..:
.'.
.o.‘o'o.:oo g.‘ K : .. ::.:...::o.o.
cla| At R
N ® o0 o © '. e o° ° .ooooo
% 000 0%, o° ° ':'.‘:‘.
°Ff, e o° 600”0 ¢ .o...o.ot
o %t % °e ° ® e LX)

Figure 1: Two dimensional embeddings of 7 methods in the realizable and small sample case.

Original data k=10 k=50 k=100 k=200
g
o T S SR e
sote . sot : ‘-{.- el AT '.P'.""; oofel o o00
3 v et R, aier il . arRr, Xl
Ry AR Rk
N PR RSS2 S LR AN £ T S
RS RS I Ryt e AR
R R A Wity W .
k=250 k=300 k=400 k=490
- o ° .
-'.’;h., -.'- ',--' o '""" . '.. .‘-"t':h.:'. ..... g- “- . : ° '.-":.::...: R .\..::: ._ ;:&:-’ . .;. o
oe ‘.. s ' ‘ - ..~;:.{... -#’ .: "g".':.:':" vy .:":'. : .-..- ».o ...
;‘;‘.ﬁ.'r. 3! ‘. ., q-'r . . .-'%-wz_-:-,._;...-""r‘-':. ENEY 4..-:. R
oo 109' .-"‘ . -'.' 5.. “., ,t. '. s | o iy e MAT we '. ..
"':;-ﬁ:‘ s "‘l‘ R "‘;: i .':.?&.'.!;'\ . 8 ~i"‘v'. PR : N
Ut er _,- ot y N SR A , . .
. ..$

Figure 2: LOE embeddings for different values of k.
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Supplementary Material for Local Ordinal Embedding

o
- Stockholm
B
v
S L
Copenhagen
Cherbourg H. Holland e
Calais @ o Hamburg
. ]
= ,LISbon B prugsels
S| ® Madrid Paris
Munich
B Lyons
a B vienna
Barcelona 2 ")
n Geneva
n | e ] L]
<1 Marscilles  npatam
Gibraltar
Rome
L]
< |
n
Athens
v _|| M : Metric MDS o™
! @ : Non-metric MDS with all ordinal information
T T T T T
-1.5 -1.0 -0.5 0.0 0.5 1.0
e o
- Stockholm - Stockholm
° °
A
<
Copenhagen -5
A Hamburg
n v
(=} o (=)
wnoma  Copenhagen ¢ Copenhagen
Cherbourg oA Cherbowrz g @
Calais @ Hamburg “e®  ®cum Hamburg
s <>0 2
Lisbon A Cologne Lisbon Parl.s Cologne
o |Lis ‘ Paris® < | . Paris o s .
© A Madrid e e Madrid Chebourg
A Munich N Munich
° Lyons O ° Lyons
}-N Vienna o o o ®>  Viema
Barcelona oA o Barcelona ° °
Geneva A Geneva o
a | & pad A lq LIRS O e oe °
T Marseilles Milan < Marseilles Milan
Gibraltar Gibraltar
Rome Rome
° °
A
= | = <
n T
Athens Athens
A
w2 ||@: Non-metric MDS with all ordinal information [ ] v || @ : Non-metric MDS with all ordinal information <o °
| - . L . [
A : SOE with partial ordinal information <& : GNMDS with partial ordinal information
T T T T T T T T T T
-1.5 -1.0 -0.5 0.0 0.5 1.0 -1.5 -1.0 -0.5 0.0 0.5 1.0

Figure 4: Two-dimensional embeddings of 21 cities in Europe (Upper figure: metric MDS with the original distance matrix
and non-metric MDS with all ordinal comparisons, Lower left figure: non-metric MDS with all ordinal comparisons and
SOE with 1000 ordinal comparisons, Lower right figure: non-metric MDS with all ordinal comparisons and GNMDS with
1000 ordinal comparisons).
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Figure 5: Left side: Density of the mixture of Gaussians used in the simulation. Middle and right: we fix one data point X,
marked by a black star. The color of the remaining points encodes the distance of the corresponding point to X. We can
see that the true Euclidean distance (middle plot) is very well approximated by the shortest path distance in the re-weighted
graph (right plot).

Original data Ordinal embedding Ordinal embedding
(n=1000, k= 50) (based on estimated density) (based on true density)
40

107 - 20 ,

()“%

Figure 6: Left side: original sample from the mixture of Gaussians. The color encodes the true density values. Middle:
reconstructed point set. We first estimated the density based on the unweighted kNN graph, then re-weighted the graph
edges as in the Proof of Proposition 4, computed the shortest path distances in this reweighted graph, and then applied
classic (metric) multidimensional scaling. The colors show the values of the estimated density. Right: same procedure
as in the middle, but the graph was reweighted based on the true distance values. We can see that this results in a nearly
perfect embedding.



