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(a) Embeddings for Majority (b) Embeddings for All

Figure 3. Illustrative learned embeddings on wine dataset for various choices of k. Setting k = 1 is standard NCA. The
Majority measure uses the main kNCA formulation, and the All measure uses the accuracy measure described in Sec. 5.

are more variable, but kNCA compares favorably (ei-
ther being the best, or near the best) in all cases.

In the experiments on the USPS digits, we evaluate
performance of the various algorithms when the data
is more di�cult and noisy. To study this in a con-
trolled manner, we created three variations of the data
with increasing levels of corruption in the labels. The
first variant is the uncorrupted, original dataset while
the others have 25% and 50% of the labels resampled
uniformly. To evaluate performance, the votes of the
neighbors come from the corrupted data, but we re-
port correctness based on the uncorrupted labels. As
can be seen by the increasing trend of all the curves
in Fig. 4, using larger k at test time results in better
performance. The improvements are steepest in the
high noise cases. We also see that the kNCA methods
substantially outperform 1-NCA, LMNN, and MCML.
Although not reported here for lack of space, the above
conclusions hold when comparing kNCA to ITML (in
the full dimensional setting). Training accuracies are
similar to test accuracies.

For a final experiment in the supervised setting, we
tried to better understand why (a) kNCA with larger
k outperforms 1NCA, and (b) why the All-trained
models outperformed the Majority-trained models on
the USPS data. One hypothesis is that the perfor-
mance can be explained in terms of the severity of
non-convexity in the objectives: since 1NCA is so nar-
rowly focused on its immediate neighborhood, there
are many local optima to fall into; and since Majority
is forgiving of impure neighborhoods, there are more
configurations that it is satisfied with, and thus more
local optima. To test this, we took the parameters
learned by kNCA, with both the Majority and All ob-
jective, and evaluated the 1NCA objective (Eq. 2). We
repeated this several times across 10 di↵erent folds of
the data (with di↵erent random initialization of the pa-
rameters for each fold) to measure the variance, which
we attribute to reaching di↵erent local optima. Results

are shown in Fig. 5. As hypothesized, the kNCA meth-
ods with larger k do actually achieve better 1NCA ob-
jectives, and the All training achieves better 1NCA
objectives than the Majority training. We also see a
trend that the variances decrease as k increases.

7.2. kt-SNE Embeddings
We also experimented with kt-SNE. The details for
construction of the target distribution p followed the
details presented in (Hinton & Roweis, 2002). In
Fig. 6, we show the embeddings that have been learned
by both t-SNE and kt-SNE with k = 5 at two points
of learning: first, at iteration 25, where clusters are
just beginning to take form; second, at iteration 250,
which had reached convergence. Note the amount of
global rearrangement that occurs even after iteration
25 for the k = 5 case.

Quantitatively, in Fig. 6 (e), we use the true labels to
measure the leave-one-out accuracy for a kNN classi-
fier applied to the points output by t-SNE and kt-SNE.
t-SNE performs better on 1-nearest neighbor accuracy,
but when k is increased, 5t-SNE overtakes t-SNE. This
further illustrates the myopic nature of using k = 1
in t-SNE. In the supplementary material, we provide
animations illustrating the evolution of kSNE embed-
dings on USPS digits for various choices of k. In these
animations, qualitative di↵erences are visible, where t-
SNE exhibits the myopic behavior illustrated in Fig. 1.

8. Discussion

There are several desirable properties of kNCA. First,
it provides a proper methodology for doing NCA-like
learning when the desire is to use kNN with k > 1
at test time. Our work here derives the NCA-like ob-
jective that is properly matched to using kNN at test
time. kNN classifiers are ubiquitous, and a choice of
k > 1 is nearly always used, so the method has wide
applicability. Second, it provides robustness in two
ways: first, the majority objective is relatively uncon-
cerned with outliers, so long as the majority of neigh-



Distance	  Metric	  Learning	  

Distance	  metrics	  are	  everywhere.	  
	  
But	  they're	  arbitrary!	  	  Dimensions	  are	  scaled	  weirdly,	  and	  
even	  if	  they're	  normalized,	  it's	  not	  clear	  that	  Euclidean	  
distance	  means	  much.	  
	  
So	  learning	  sounds	  nice,	  but	  what	  you	  learn	  should	  depend	  
on	  the	  task.	  
	  
A	  really	  common	  task	  is	  kNN.	  	  Let's	  look	  at	  how	  to	  learn	  
distance	  metrics	  for	  that.	  	  



Popular	  Approaches	  for	  Distance	  Metric	  Learning	  

Large margin nearest neighbors (LMNN) 

“Target	  neighbors”	  
must	  be	  chosen	  
ahead	  of	  (me	  

[Weinberger	  et	  al.,	  NIPS	  2006]	  

Some	  sa(sfying	  proper(es	  
• 	  Based	  on	  local	  structure	  (doesn’t	  have	  to	  pull	  all	  points	  
into	  one	  region)	  

Some	  unsa(sfying	  proper(es	  
• 	  IniXal	  choice	  of	  target	  neighbors	  is	  difficult	  
• 	  Choice	  of	  objecXve	  funcXon	  has	  reasonable	  forces	  
(pushes	  and	  pulls),	  but	  beyond	  that,	  it	  is	  pre[y	  heurisXc.	  
• 	  No	  probabilisXc	  interpretaXon.	  
	  



Our	  goal:	  give	  a	  probabilisXc	  interpretaXon	  of	  kNN	  
and	  properly	  learn	  a	  model	  based	  upon	  this	  
interpretaXon.	  
	  
Related	  work	  that	  kind	  of	  does	  this:	  Neighborhood	  
Components	  Analysis	  (NCA).	  	  Our	  approach	  is	  a	  
direct	  generalizaXon.	  

Probabilis(c	  Formula(ons	  for	  Distance	  Metric	  
Learning	  



Genera(ve	  Model	  

1. Given points X � RN�D



Genera(ve	  Model	  

2. Project into P dimensional space via 

Z � RN�P = XA

A � RD�P

E 2 RN⇥P = XA

dij = ||ei � ej ||2 = ||Axi �Axj ||2 = (xi � xj)
T
A

T
A(xi � xj)



Neighborhood	  Component	  Analysis	  (NCA)	  
[Goldberger	  et	  al.,	  2004]	  
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di6Given	  a	  query	  point	  i.	  
We	  select	  neighbors	  
randomly	  according	  to	  d.	  
	  
QuesXon:	  what	  is	  the	  
probability	  that	  a	  randomly	  
selected	  neighbor	  will	  belong	  
to	  the	  correct	  (blue)	  class?	  



Neighborhood	  Component	  Analysis	  (NCA)	  
[Goldberger	  et	  al.,	  2004]	  
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Neighborhood	  Component	  Analysis	  (NCA)	  
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Neighborhood	  Component	  Analysis	  (NCA)	  
[Goldberger	  et	  al.,	  2004]	  
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Pi = Pi5 + Pi8

QuesXon:	  what	  is	  the	  
probability	  that	  a	  randomly	  
selected	  neighbor	  will	  belong	  
to	  the	  correct	  (blue)	  class?	  



Neighborhood	  Component	  Analysis	  (NCA)	  
[Goldberger	  et	  al.,	  2004]	  
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Another	  way	  to	  write	  this:	  

(y	  are	  the	  class	  labels)	  

Pi =
X

j 6=i

Pij [yi = yj ]

=
Z1i

Z0i

Z1i = exp(�di5) + exp(�di8)



Neighborhood	  Component	  Analysis	  (NCA)	  
[Goldberger	  et	  al.,	  2004]	  
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di6ObjecXve:	  maximize	  the	  
log-‐likelihood	  of	  stochasXcally	  
selecXng	  neighbors	  of	  the	  
same	  class.	  
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X
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log(
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AMer	  Learning	  
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We	  might	  hope	  to	  learn	  a	  projecXon	  	  
that	  looks	  like	  this.	  
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Figure 1. An illustration of the e↵ect of k on the kNCA ob-
jective. (left) When k = 1, two points can be isolated from
others in their class and have no pressure to seek out larger
clusters. (right) When k is greater than 1, small clusters of
points have greater pressure to join larger clusters, leading
the objective to favor larger consistent groups of points.
Our strategy is to formulate a set of factor graphs to
represent the components of this problem such that the
objective can be expressed as a sum of ratios of parti-
tion functions. Afterwards, we will show how e�cient
exact inference can be done on these factor graphs.

Factor graph construction. We start by con-
structing a factor graph for which the associated par-
tition function is equal to the denominator in Eq. 6;
see Fig. 2 (b). Note this is all with respect to a single
point i considering its set of k neighbors. First (at the
bottom of the factor graph), there is a binary indica-
tor variable hj for each possible neighbor j, indicating
whether it is chosen to be a neighbor of i. Unary po-
tentials (not drawn) are added, with potential set to
✓j(hj) = hjdij . We group these variables according to
class and introduce an auxiliary variable for each class
c (next level up in the factor graph, denoted by ⌃c)
that deterministically computes the number of neigh-
bors that are chosen from class c. Finally (top level
in the factor graph), there is an auxiliary variable ⌃
that counts the total number of neighbors that were
chosen across all classes. At this point, we can add a
constraint that the total number of neighbors selected
across all classes is k, and this is simply a unary poten-
tial on ⌃ that disallows all values other than k. Once
this constraint is added, the partition function of the
resulting model is equal to the denominator of Eq. 6.

To construct the numerator, we first observe that
Maj(s) = yi is true if and only if

P
j2s[yj = yi] = k0

and
P

j2s[yj = c] < k0 for all c 6= yi and for some
k0. That is, the true label gets k0 votes, and all other
labels get fewer than k0 votes. For a given k0, these
constraints can be expressed as unary potentials on
the intermediate sum variables ⌃c. Counts for the true
class yi are constrained to exactly equal k0, and counts
for the other classes are constrained to be less than k0.
This is illustrated in Fig. 2 (c). By then summing over
the partition function of these models for k0 = 1, . . . , k,
we cover all possible ways for Maj(s) = yi to be true,
and thus recover the numerator of Eq. 6. Specifically,
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Figure 2. Factor graph constructions used to e�ciently
compute expected kNN accuracy. The bottom row of each
figure shows h variables grouped according to class label.
The ⌃c variables represent the number of neighbors from
class c that are selected, and ⌃ represents the total num-
ber of neighbors that are selected. The text next to fac-
tors notes the constraint that is represented by the factor.
Unary potentials are omitted to reduce clutter.

Eq. 6 can be rewritten as follows:

=

Pk
k0

=1

P
s:|s|=k exp{�P

j2s dij}[�k0(s)]
P

s2S:|s|=k exp{�P
j2s dij}

(7)

=

Pk
k0

=1

Zk,k0

1

Zk
0

, where (8)

�k0(s)=(
X

j2s

[yj =yi]=k0) ^ (8c 6=yi,
X

j2s

[yj = c]<k0).

E�cient inference. At this point, we have reduced
the di�culty of the kNCA objective to computation
of partition functions in the models constructed in
the previous section. If these partition functions can
be e�ciently computed and di↵erentiated, then the
kNCA objective can be optimized.

The key observation is that the models in Fig. 2
(b) and (c) are special cases of Recursive Cardinal-
ity (RC) models (Tarlow et al., 2012). An RC model
defines a probability distribution over binary vectors
h = (h

1

, . . . , hN ) based on an energy function of the
following form: E(h) =

P
i ✓i(hi)+

P
s2S fs(

P
j2s hj),

where S is a set of subsets of {1, . . . , N} that must
obey a nestedness constraint: for all s, s0 2 S, either

NCA	  is	  happy	  if	  points	  pair	  up	  and	  ignore	  global	  	  
structure.	  This	  is	  not	  ideal	  if	  we	  want	  k	  >	  1.	  

Problem	  with	  1-‐NCA	  



k-‐Neighborhood	  Component	  Analysis	  (k-‐NCA)	  

Pi =
X

j 6=i

Pij [yi = yj ]NCA:	  

k-‐NCA:	  

(S	  is	  all	  sets	  of	  k	  neighbors	  of	  point	  i)	  

Sefng	  k=1	  recovers	  NCA.	  

Pi =
X

s2S:|s|=k

Pi(s)[Maj(ys) = yi]

=

P
s2S:|s|=k exp(�

P
j2s dij)[Maj(ys) = yi]P

s2S:|s|=k exp(�
P

j2s dij)

[]	  is	  the	  idenXty	  funcXon	  



k-‐Neighborhood	  Component	  Analysis	  (k-‐NCA)	  

StochasXcally	  choose	  k	  neighbors	  such	  that	  
the	  majority	  is	  blue.	  

CompuXng	  the	  numerator	  of	  the	  distribuXon	  	  Pi

i
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StochasXcally	  choose	  subsets	  of	  k	  neighbors.	  

CompuXng	  the	  denominator	  of	  the	  distribuXon	  	  Pi

i
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Figure 1. An illustration of the e↵ect of k on the kNCA ob-
jective. (left) When k = 1, two points can be isolated from
others in their class and have no pressure to seek out larger
clusters. (right) When k is greater than 1, small clusters of
points have greater pressure to join larger clusters, leading
the objective to favor larger consistent groups of points.
Our strategy is to formulate a set of factor graphs to
represent the components of this problem such that the
objective can be expressed as a sum of ratios of parti-
tion functions. Afterwards, we will show how e�cient
exact inference can be done on these factor graphs.

Factor graph construction. We start by con-
structing a factor graph for which the associated par-
tition function is equal to the denominator in Eq. 6;
see Fig. 2 (b). Note this is all with respect to a single
point i considering its set of k neighbors. First (at the
bottom of the factor graph), there is a binary indica-
tor variable hj for each possible neighbor j, indicating
whether it is chosen to be a neighbor of i. Unary po-
tentials (not drawn) are added, with potential set to
✓j(hj) = hjdij . We group these variables according to
class and introduce an auxiliary variable for each class
c (next level up in the factor graph, denoted by ⌃c)
that deterministically computes the number of neigh-
bors that are chosen from class c. Finally (top level
in the factor graph), there is an auxiliary variable ⌃
that counts the total number of neighbors that were
chosen across all classes. At this point, we can add a
constraint that the total number of neighbors selected
across all classes is k, and this is simply a unary poten-
tial on ⌃ that disallows all values other than k. Once
this constraint is added, the partition function of the
resulting model is equal to the denominator of Eq. 6.

To construct the numerator, we first observe that
Maj(s) = yi is true if and only if

P
j2s[yj = yi] = k0

and
P

j2s[yj = c] < k0 for all c 6= yi and for some
k0. That is, the true label gets k0 votes, and all other
labels get fewer than k0 votes. For a given k0, these
constraints can be expressed as unary potentials on
the intermediate sum variables ⌃c. Counts for the true
class yi are constrained to exactly equal k0, and counts
for the other classes are constrained to be less than k0.
This is illustrated in Fig. 2 (c). By then summing over
the partition function of these models for k0 = 1, . . . , k,
we cover all possible ways for Maj(s) = yi to be true,
and thus recover the numerator of Eq. 6. Specifically,
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Figure 2. Factor graph constructions used to e�ciently
compute expected kNN accuracy. The bottom row of each
figure shows h variables grouped according to class label.
The ⌃c variables represent the number of neighbors from
class c that are selected, and ⌃ represents the total num-
ber of neighbors that are selected. The text next to fac-
tors notes the constraint that is represented by the factor.
Unary potentials are omitted to reduce clutter.

Eq. 6 can be rewritten as follows:

=

Pk
k0

=1

P
s:|s|=k exp{�P

j2s dij}[�k0(s)]
P

s2S:|s|=k exp{�P
j2s dij}

(7)

=

Pk
k0

=1

Zk,k0

1

Zk
0

, where (8)

�k0(s)=(
X

j2s

[yj =yi]=k0) ^ (8c 6=yi,
X

j2s

[yj = c]<k0).

E�cient inference. At this point, we have reduced
the di�culty of the kNCA objective to computation
of partition functions in the models constructed in
the previous section. If these partition functions can
be e�ciently computed and di↵erentiated, then the
kNCA objective can be optimized.

The key observation is that the models in Fig. 2
(b) and (c) are special cases of Recursive Cardinal-
ity (RC) models (Tarlow et al., 2012). An RC model
defines a probability distribution over binary vectors
h = (h

1

, . . . , hN ) based on an energy function of the
following form: E(h) =

P
i ✓i(hi)+

P
s2S fs(

P
j2s hj),

where S is a set of subsets of {1, . . . , N} that must
obey a nestedness constraint: for all s, s0 2 S, either

k-‐NCA	  puts	  more	  pressure	  on	  points	  to	  form	  
bigger	  clusters.	  

k-‐NCA	  Intui(on	  



k-‐NCA	  Objec(ve	  

Technical	  challenge:	  efficiently	  compute	  	  	  	  	  	  	  	  	  	  	  and	  	  �L�A
L(A)

Learning:	  find	  A	  that	  (locally)	  maximizes	  this.	  

Given:	  inputs	  X,	  labels	  y,	  neighborhood	  size	  k.	  

L(A) =

X

i

log(

X

s2Si

Pi(s|A; k)[Maj(ys) = yi])



L(A; k)=
⇥

i

�

s�Si

Pi(s|A; k)·1{Majority(ys)=yi}

Factor	  Graph	  Formula(on	  

Focus	  on	  a	  single	  i	  

�
s:|s|=k exp{�

�
j�s dij(A)} · 1{Maj(ys) = yi}�

s:|s|=k exp{�
�

j�s dij(A)}

i



�
s:|s|=k exp{�

�
j�s dij(A)} · 1{Maj(ys) = yi}�

s:|s|=k exp{�
�

j�s dij(A)}
i

Factor	  Graph	  Formula(on	  

Step	  1:	  Split	  Majority	  funcXon	  into	  cases.	  
 
Switch(k'=|ys = yi|) // # neighbors w/ label yi 
 Maj(ys) = 1 iff forall c != yi, |ys=c| < k' 

	  
Step	  2:	  Constrain	  total	  #	  neighbors	  chosen	  to	  be	  k.	  



<k'<k'=k'

sum sum sum

=k

sum

�1 �2 �3

�

sum sum sum

=k

sum

�1 �2 �3

�

k�

k�=1

Assume	  yi	  =	  'blue"	  

Z(	  
Z(	  

)	  
)	  

�
s:|s|=k exp{�

�
j�s dij(A)} · 1{Maj(ys) = yi}�

s:|s|=k exp{�
�

j�s dij(A)}

Binary	  variable:	  is	  j	  chosen	  as	  neighbor?	  
Total	  number	  of	  "blue"	  neighbors	  
chosen	  
Exactly	  k'	  "blue"	  neighbors	  are	  chosen	  

Less	  than	  k'	  "pink"	  neighbors	  are	  chosen	  
Exactly	  k	  total	  neighbors	  must	  be	  chosen	  Count	  total	  number	  of	  neighbors	  chosen	  

At	  this	  point,	  everything	  is	  just	  a	  ma[er	  of	  
	   	  inference	  in	  these	  factor	  graphs	  

	  
• 	  ParXXon	  funcXons:	  give	  objecXve	  
• 	  Marginals:	  give	  gradients	  	  	  



<k'<k'=k'

sum sum sum

=k

sum

�1 �2 �3

�

Sum-‐Product	  Inference	  

=k' <k'<k'
�1 �2

++ + ++

�3

++ ++ +

=k�

+ +

Number	  of	  neighbors	  chosen	  from	  	  
first	  two	  "blue"	  points	  
Number	  of	  neighbors	  chosen	  from	  	  
first	  three"blue"	  points	  

Number	  of	  neighbors	  chosen	  from	  	  
"blue"	  or	  "pink"	  classes	  Total	  number	  of	  neighbors	  chosen	  

Lower	  level	  messages:	  O(k)	  Xme	  each	  
Upper	  level	  messages:	  O(k2)	  Xme	  each	  
	  
Total	  runXme:	  O(Nk	  +	  C	  k2)*	  
	  
*	  Although	  slightly	  be[er	  is	  possible	  asymptoXcally.	  	  See	  Tarlow	  et	  al.,	  UAI	  2012.	  



•  Instead	  of	  Majority(ys)=yi	  funcXon,	  use	  All(ys)=yi.	  
– ComputaXon	  gets	  a	  li[le	  easier	  (just	  one	  k’	  needed)	  
– Loses	  the	  kNN	  interpretaXon.	  
– Exerts	  more	  pressure	  for	  homogeneity;	  tries	  to	  
create	  a	  larger	  margin	  between	  classes.	  

– Usually	  works	  a	  li[le	  be[er.	  

Alterna(ve	  Version	  



Unsupervised	  Learning	  with	  t-‐SNE	  
[van	  der	  Maaten	  and	  Hinton,	  2008]	  

Visualize	  the	  structure	  of	  data	  in	  a	  2D	  embedding.	  

•  Each	  input	  point	  x	  maps	  to	  an	  embedding	  point	  e.	  
•  SNE	  tries	  to	  preserve	  relaXve	  pairwise	  distances	  

as	  faithfully	  as	  possible.	  

[Turian,	  h[p://metaopXmize.com/projects/wordreprs/]	  [van	  der	  Maaten	  &	  Hinton,	  JMLR	  2008]	  



Problem	  with	  t-‐SNE	  (also	  based	  on	  k=1)	  

[van	  der	  Maaten	  &	  Hinton,	  JMLR	  2008]	  



Pij / exp(�dpij)

Qij / exp(�dqij)

X

i

KL(Pi||Qi) = �
X

i

X

j

Pij logQij + const

Data	  distribuXon:	  

Embedding	  distribuXon:	  

ObjecXve	  (minimize	  wrt	  e):	  

t-‐SNE:	   d

p
ij =

||xi � xj ||2

�

2
i

dqij = (1 + ||ei � ej ||2)�1

Unsupervised	  Learning	  with	  t-‐SNE	  
[van	  der	  Maaten	  and	  Hinton,	  2008]	  



kt-‐SNE	  

Pi(s) / exp(�
X

j2s

dpij)

Qi(s) / exp(�
X

j2s

dqij)

Data	  distribuXon:	  

Embedding	  distribuXon:	  

ObjecXve:	  
X

i

X

s2S:|s|=k

Pi(s) logQi(s)

Minimize	  objecXve	  wrt	  e	  



kt-‐SNE	  

•  kt-‐SNE	  can	  potenXally	  lead	  to	  be[er	  higher	  order	  
structure	  preservaXon	  (exponenXally	  many	  more	  
distance	  constraints).	  

	  
•  Gives	  another	  “dial	  to	  turn”	  in	  order	  to	  obtain	  

be[er	  visualizaXons.	  



Experiments	  



WINE	  embeddings	  
“All”	  Method	  “Majority”	  Method	  



IRIS—worst	  kNCA	  rela(ve	  performance	  (full	  D)	  
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ION—best	  kNCA	  rela(ve	  performance	  (full	  D)	  
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USPS	  kNN	  Classifica(on	  (0%	  noise,	  2D)	  
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USPS	  kNN	  Classifica(on	  (25%	  noise,	  2D)	  
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USPS	  kNN	  Classifica(on	  (50%	  noise,	  2D)	  
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NCA	  Objec(ve	  Analysis	  on	  Noisy	  USPS	  

0%	  Noise	   25%	  Noise	   50%	  Noise	  

Y-‐axis:	  objecXve	  of	  1-‐NCA,	  evaluated	  at	  
the	  parameters	  learned	  from	  k-‐NCA	  with	  	  
varying	  k	  and	  neighbor	  method	  



t-‐SNE	  vs	  kt-‐SNE	  

t-‐SNE	   5t-‐SNE	  
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Figure 4. Test accuracies on USPS digits data for projections to 2 dimensions with varying levels of noise. Along the
x-axis, the k used for the test-time kNN classifier is varied.

0% noise 25% noise 50% noise

Figure 5. Mean and standard deviations of training 1-
NCA objectives achieved by optimizing kNCA objectives
for varying k (higher is better). Legend follows Fig. 4.

bors in a region have the correct label; second, the
objective optimizes an expectation over the selection
of all sets of k neighbors, so we do not expect small
perturbations in the data to have a significant e↵ect
on the learning objective. Robustness is not achieved
by the methods we compare to, which we attribute to
either their global or non-probabilistic nature.

Curiously, in most cases, the All objective outper-
formed the Majority objective. The argument can
be made that All is like a margin-enhanced version of
Majority, which inherits robustness due to the prob-
abilistic formulation, but generalizes well due to its
margin-enforcing tendencies. We believe this to be an
interesting result for those people wishing to design
better learning objectives; it challenges the common
intuition that the best learning objective is to mini-
mize expected loss. However, our final supervised ex-
periments suggest that the story may be more com-
plicated, and that we might need to find better ways
of initializing and optimizing the two methods before
having a clear answer.

One disadvantage of NCA (and thus also kNCA) is
the inherently quadratic nature of the algorithm that
comes from basing it on pairwise distances. We be-
lieve the method to still have desirable properties when
the set of potential neighbors is restricted (either ran-

(a) t-SNE iter 25 (b) t-SNE iter 250

(c) 5t-SNE iter 25 (d) 5t-SNE iter 250

k = 1 k = 5 k = 9 k = 13
t-SNE 0.934 0.925 0.916 0.914

5t-SNE 0.928 0.946 0.953 0.949
(e) kNN accuracy after unsupervised learning.

Figure 6. Unsupervised USPS digits results.

domly or deterministically) but a fuller exploration of
the tradeo↵s involved require further investigation.

Finally, we believe the general technique used to com-
pute the expected majority function to be of interest
beyond just for kNN classifiers and for kNCA learning.
It would be interesting to find further applications of
the expected majority function developed here.
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Discussion	  

•  Local	  is	  good,	  but	  1-‐NCA	  is	  too	  local.	  

•  Not	  quite	  expected	  kNN	  accuracy,	  but	  doesn’t	  
seem	  to	  change	  results.	  

	  
•  Expected	  Majority	  computaXon	  may	  be	  useful	  

elsewhere?	  


