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Abstract
Visualization tools are one of the most significant kinds of techniques in the artificial
intelligence domain. Since 2008, Stochastic Neighbor Embedding and its improved versions
or variants showed powerful abilities for visualizing high dimensional data. However,
complexity in high-dimensional manifold always confuse the optimization algorithms when
urging a curtain optimum. Furthermore, extraneous data points require further training cost.
In our work, we highlight our novelty in strengthening the optimization process via an
adversarial training process rather than iteratively optimizing the kernel-based loss function
monotonously. Meanwhile, low-dimensional representation of new inputs can be embedded
without any further training process based on our model. By testing our algorithm on
famous open source datasets, it is evident that our visualization tool can learn the latent
distribution of the real-world datasets

Keywords
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1. Introduction
Artificial intelligence tools promote many aspects in research domain or engineering applications and
create many new viewpoints and chances. For researchers and decision makers, Visualization tools
can decrease the cognition difficulty with only a glance of visualization map. In our work, we propose
an adversarial training process for the popular visualizing tool: T kernel based Stochastic Neighbor
Embedding [1] [2] [3] to realize an online and real-time visualizing function. TSNE can automatically
search the low dimensional representation of data in high dimensions. However, any new inputs will
break the balance of trained results. Compare with the algorithm which can only be responsible to the
local data, our approach tends to learn the real latent distribution of dataset, and any new input which
is homologous generated from the same source will earn its low dimensional representation without
any further learning.
For reaching this goal, we tend to use the adversarial training model to try to generate target low
dimensional coordinates from original high-dimensional space.
Generative Adversarial Nets [4] [5] was proposed by Goodfellow et. al. since 2014, and its variants
or improved versions present powerful abilities in generation tasks. There are two parts in the GAN
model: generator for generating images from random noise and discriminator for judging whether the
image is real data or generated fake one. Based on adversarial training, the generator in GAN model
finally can fully cheat the discriminator by achieving the Nash Equilibrium [6], and this successful
generator can generate meaningful images from random noise.
In our hypothesis, we treat the T-SNE model as the “generator” in GAN model, the Gaussian kernel
based or Student’s T kernel based data’s neighbor probability as the input of the “Discriminator” to
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make the True or False identification. Generator holds the tendency to cheat the Discriminator that
low-dimensional data have the same neighbor probability as the high dimensional data. While
Discriminator must identify the identity of the source of the neighbor probability. If the speculation
from low dimensional coordinates can entirely cheat the discriminator, the trained coordinates will
become convinced enough as the low dimensional representation of the high dimensional manifold.

2. Relative Researches
Several relative researches or reports inspired us for this work. We will introduce them briefly and
point out our promotions beyond past researches.
2.1 Stochastic Neighbor Embedding
SNE was proposed by Hinton et. al. since 2002 [1]. They define the similarity between high
dimensional data and low dimensional data with probability, which means that the current might
choose other points as its neighbors, the closer the higher probability. So SNE is based on distance
measurement, and use kernel function to transfer the distance to the neighbor probability. For the
distance measurement, because the final result (which refers to the visualization map) normally will
be demonstrated to human observer, so the intuitive distance measurement, Euclidean distance [7],
will be considered in visualization tools. For the kernel function, the Gaussian kernel, or called RBF
kernel [8] can describe the Euclidean distance properly. Based on the Kullback-Leibler divergence
[9], the similarity between two probabilistic distribution could be defined. By minimizing the KL
divergence between high dimensional distribution and low dimensional distribution, SNE can find
out proper coordinates in the low dimensional manifold, such as two dimensions.
T kernel based SNE TSNE and its variants or improved versions achieved great success over past
decades. Since 2003, Hinton et. al. started to publish the probabilistic-based visualization method [1].
They obtained a clear distribution of handwriting dataset, each class could be clearly recognized.
Later in 2008, Matten et. al. promoted SNE via the T-Kernel [2] which is derived from Student’s T
distribution. The robust feature of the heavy-tailed distribution help coordinates in low dimensions
overcome the crowded problem. In 2014, Matten et. al. improved the training efficiency [3]. Treebased K nearest neighbor searching technique can efficiently find the K-NN topological structure.
Remote points hold very low probability which could be treat as zero, and only neighbors keep the
probability which is defined by K-NN structure.
The core part of T-SNE mainly focus on the probabilistic similarity between high and low
dimensional data’s distribution of neighbor relationship. In their work, data in high dimensions will
use Gaussian kernel to define the probability how possible the current will choose another point as
its neighbor:
2
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Due to The Crowding Problem [1], the famous robust distribution Student’s T distribution can derive
an important kernel called T-kernel to overcome this problem:
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And Kullback-Leibler divergence [9] could be a nice choice to measure the loss between high and
low dimensional neighbor probabilistic. Also take the symmetric version into consideration to concur
the nonequivalence in KL divergence, the final gradient could be obtained as follow:
𝛿𝐶
𝛿𝑦𝑖
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(3)

Gradient descent based algorithms (such as Adam [10], RMSprop [11], SGD [12], etc.) can
approximate optimal results in low dimensional space.
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2.2 Other visualization tools
Multidimensional Scaling (MDS) Using the distance between pairs of points in high-dimensional,
MDS (Cox and Cox) [25] managed to construct a suitable low-dimensional space to contain the
pairwise distances similar between these two spaces. It begins with a matrix D = [dij], where dij stands
for the distance between two points i and j in high-dimensional, and the distance here can be given
by Euclidean distance,but not necessary. [25] The distance of pairwise points in low-dimensionality
mapped form high-dimensionality can be described as a matrix X = [xij] [29]. Usually, a solution can
be found by minimizer a cost function such as
min∑𝑖𝑗 ||𝑥𝑖𝑗  −  𝑑𝑖𝑗 ||2 .
(4)
Principal component analysis (PCA) In some cases, some of the given features of samples are
redundant. PCA (Jolliffe) is such a method, which not only reduce the dimensional, but more
importantly, remove the noise through dimension reduction, and recognize the patterns in data as well.
Generally speaking, the main idea of PCA is to transfer the original data into a set of linearly
uncorrelated values, remain the information with evident and essential features by mapping ndimensional features to a new k-dimensional space, where k < n. The Orthogonal projection of data
in low-dimensional linear space called the principal subspace can be defined as standards of the
quality of features by maximizing the variance in the projection space. Equivalently, it can also be
interpreted as minimizes the squared reconstruction error Σn‖𝐭 n  −  𝐭̂n ‖2 , where tn is a set of ddimensional data vector. [26] [28]
ISOMAP Isomap (Tenenbaum, Silva, Langford), based on PCA and MDS, is a widely accepted and
a traditional method used to dimensionality reduction. This method captures the main features of
MDS and breaks its limits, expand dimensionality reduction to non-linear manifolds [27]. To deal
with this question, Isomap focus on estimating the geodesic distance dG(i,j) between pairs of points i
and j. Geodesic distance can be approximated by the Euclidean distance dX(j,j), because the Euclidean
distance can replace the geodesic distance for neighboring points. And for the distance between
faraway points, shortest path distance here used to estimate it. Using geodesic distance, it can
construct a matrix DG = dG(i,j), then apply MDS to this matrix to form the embedding coordinate
representation of data in d-dimensional space 𝕐. For descend dimension, it is necessary to minimize
the cost function [28] [29].
Major difference Based on past dimensionality reduction algorithms above, we are easy to visualize
high-dimensional data. Each algorithm owns its unique characteristics qualified for different kinds of
datasets. However, none of these algorithms focuses on some particular cases such as immediate
visualizing requirement. As we know, big data brings a massive amount of information. On the other
hand, big data also requires a rigorous computational cost. Data renews everywhere and anytime. Past
visualization tools can visualize high-dimensional data based on different theorems, but all of them
have to compute again when new inputs are coming. In our model, the successfully trained dimension
reducer will learn the regularity among data dimensions, and no more training process is needed when
new inputs are coming, only if they are i.i.d. when compared with the training dataset.
2.3 Generative Adversarial Nets
Adversarial training can promote the quality of generated results, such as the vague problem in
Variational Auto-encoder, etc. In our work, we want to use the framework of the generative
adversarial networks to improve the precise of visualization results.
Since 2014, Goodfellow developed a new viewpoint for generative models, known as Generative
Adversarial Nets(GAN), now has been widely applied in image generation. The advantage of GAN
is that is can generate samples without approximate inference and Markov chains so that some
complicated sum calculations can be avoided, which make it quite convenient in the case of complex
data. The framework of GAN mainly contains at least two parts: a generative model G and a
discriminative model D. By giving random noise to G, the new sample G(z) is generated. Then, the
generated G(z) or original sample will be treated as inputs of D. From these inputs, D tries to identify
the real sample and the generated sample as correctly as possible. When D cannot distinguish the
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difference between the true data and the fake data, G will achieve its Nash equilibrium against D. [6]
That is, the primary purpose of G is to generate samples that consistent with original data without
being rejected by D, while the goal of D is to determine whether a sample is generated by G or not,
in other words, they must compete with each other. This process can be expressed in the following
function:
minmax V(𝐷, 𝐺) = 𝔼x~p (x) [log𝐷(x)] + 𝔼z~p (z) [log (1 − 𝐷(𝐺(𝑧)))]
(5)
𝐺,𝐷
Where D(x) refers to the probability that x came from the data as Goodfellow et al. explained in their
paper. [4] [24] By training G and D simultaneously, they will influence each other and reach
equilibrium. This process can be described as a two-player minimax game, both G and D are managed
to maximize their income so that the value function can be converged.
data

z

3. Algorithms
Dimensionality Reducer The first part is designed similar to, but not exactly same as, the generator
in GAN models. Consider the original generator in GAN models: they can generate meaningful
images from random noise. So, generator could be treated as a converter which can convert random
noise to the target distribution of real data manifolds. However, in our research, our novel method
will treat the generator as the converter from high dimensions to the low dimensional manifold.
Especially, based on the Whitney Embedding Theorem, high-dimensions can always be embedded
into low-dimensional space smoothly. So it is considered to use neural networks to approximate that
mapping function. Particularly, the input of the generator will be set as data coordinates in high
dimensional space. And the output will be set as low-dimensional coordinates.
Parameterization We need a standard to evaluate the quality of coordinates generated from the
dimensionality reducer. Based on the mature dimensionality reduction tool T-SNE, the stochastic
neighbor embedding algorithm performs excellently on many datasets. So, we will first transfer
algebraic coordinates in Reproducing Kernel Hilbert Space (RKHS) [13] measurements in
Probability Space. As explained above, Student’s T kernel shows the power of low-dimensional
coordinates modeling. So, we decided to use the Gaussian Kernel to convert high dimensional
(∗,n)
coordinates and T kernel for low-dimensional coordinates. Firstly, coordinates with shape like ℂhigh
will be transfer to the diagonal matrix

Fig.1. This is the architecture of our model. As shown in this graph, two major part construct our
model. For the Dimensionality Reducer, the input data will be reshaped to ℂ(∗,𝑛) at first, then pass
through feed-forward layers and down to l features. Where l refers to the number of target
dimensions in the low dimensional space and l << n (convenient to visualization, the default value
of l is two). The output of Dimensionality Reducer part is the low dimensional coordinate, which is
the answer of our target. For the Discriminator part, it receives probabilistic input transferred from
different source of coordinates via corresponding kernels. The discriminator will rearrange
information from inputs and will judge the source of input and return Boolean answers.
(∗,∗)

likeℙhigh , where the uncertain “*” will be decided by the batch size in the training process; in
validation, it could be any size depends on the size of test data. The value n refers to the number of
features in the original space. This diagonal matrix reveals the inner relationship between data
coordinates, showing higher probability for smaller pair-wise Euclidean Distance based on second
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ordered norm between data points. The physics meaning of𝑃<i,j> ∈ ℙhigh points out how possible
point i will choose j as its neighbor based on the value of ||C i−Cj||2.
(∗,n)
(∗,∗)
(6)
fGaussian: ℂlow  ↦ ℙlow .
Secondly, similar to the case in high-dimensional space, just convert the coordinates generated from
Algorithm 1 to probabilistic matrix via the Student’s T kernel function, the input for next step could
be obtained.
(∗,n)
(∗,∗)
(7)
fStudent′ s−T: ℂlow  ↦ ℙlow .
However, data in large scale limit the computational cost. If we tend to find the whole pair-wise
similarity matrix, the complexity will become to 𝒪(N2 ). Similar to the tree-based TSNE, we also use
the K-NN algorithm [14] to seek the neighbor points for each point, and use zero to instead further
computation for remote points. However, we are not satisfied with current idea. Mini-batch technique
[15] is one of the most significant techniques among deep learning algorithms. It can grantee the
training efficiency and convergence. So, we treat each point and its k-neighbor points as one mini(k,n)
batch to train the model. Here the shape of the input of Algorithm 1 will becomes toℂhigh for every
mini-batch, where k refers to k- neighbors and n is the dimensions of features. Synchronously, the
shape of
Algorithm 1 Dimensionality Reducer: ℛ
Require:
(∗,n)

Aligned Coordinates in original space: ℂhigh ;
Parameters initialization.
Ensure:
(∗,l)

Corresponding coordinates in target space:ℂlow .
1: while Alg.1 has not converged do
2:
for mini − batch ∈ batches do
3:
feed-forward propagation;
4:
back propagate gradients;
5:
renew parameters;
6:
end for
7: end while
(k,l)

The output of Algorithm 1 will becomes toℂlow . And in the following step, the parameterization for
the output will also changes:
(k,n)
(1,k)
∗
fGaussian
: ℂhigh  ↦ ℙhigh ,
(8)
(k,n)
(1,k)
∗
(9)
fStudent′ s−T: ℂlow ↦ ℙlow . .
Pay attention that we only take out one column from the diagonal matrix ℙ(k,k) . Because we set each
point and its neighbor points together as one mini-batch. So, this mini-batch reflect information about
this current point. But for the information about its neighbor points, though they will also hold their
own specific neighbors (neighbors of neighbors), it will not be considered in the current iteration. As
a result, we will only consider the information about the current point, which means we will only
compute the ℙ(1,k) but not the whole ℙ(k,k) . Based on parameterization above, we can use transfer the
original algebraical coordinates to the probabilistic based measurement space for further analysis.
Discriminator Obviously, it is hard to keep information from high dimensions to low-dimensional
space. So, we need another DNN to help Algorithm 1. Via the parameterization, coordinates were
transferred to probabilistic inputs of Algorithm 2, and Algorithm 2 will justify the source of input:
return true for high-dimensional coordinates and false for low-dimensional ones. The input contains
only one high-dimensional sample, so data-wised normalization sills are no more worked. As a result,
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we tend to use “SeLU” [16] activating function to normalize each layer instead of popular Batch
Normalization technique. And for the Dimensionality reducer, we used the ReLU [18] activation
function.
Adversarial training Now we have architectures of dimensionality reducer and discriminator, also,
the parameterizing skill for space transferring. Next step is for optimization. Loss functions contain
two parts, include Reducer loss and Discriminator loss separately. First, we introduce the
Discriminator loss. Similar to the generative adversarial nets, different sources will be labeled with
Algorithm2 Discriminator:𝒟
在此处键入公式。
Require:
Neighboring probability: ℙ(1,n) ;
parameters initialization.
Ensure:
Identify True or False.
1: while Alg.2 has not converged do
2:
for mini − batch ∈ batches do
3:
feed-forward propagation;
4:
back propagate gradients;
5:
renew parameters;
6:
end for
7: end while
different Boolean values. For Gaussian kernel based input, the output will be set as 1; for Student’s
T kernel based input, the output will be set as 0. So, the cross-entropy loss [19] of discriminator could
be written as follow:
1
(𝑖)
(𝑖)
ℒ 𝐷 = − ∑𝑛𝑖=1 (𝑙𝑜𝑔 (1 − 𝐷𝑙𝑜𝑤 + 𝜖) + 𝑙𝑜𝑔 (𝐷ℎ𝑖𝑔ℎ + 𝜖))
(10)
𝑛
Where D∗ are outputs activated via the Sigmoid function. 𝜖 is a very small number in order to prevent
the division by zero.
Next is the Reducer loss. One of the major difference between our dimensionality reducer and the
conventional generator in GAN model is that we also applies the True/False concept into the
generative part. However, this is not for identifying the data source. In chapter III-B, we talked about
using neighbor points instead of using total points to reduce the computational cost. For past research,
they only keep neighbor points and treat remote points as zero probability. However, based on our
experiment, GAN model cannot obtain a good result when only train the model with neighbor points
and treat remote points as zero probability. So, we artificially made some “remote points” to help the
training process achieve convergence. One remote point equals to the opposite number of the original
number by adding some small noise.
ℂr =  −ℂo + 𝑁𝑜𝑖𝑠𝑒,
(11)
Noise ∼ α × 𝒩(0,1) .
(12)
−2
α refers to the scaling index of noise, we set it as 10 . And The loss function for Generator is defined
based on the result from trained Discriminator:
1
(𝑖)
(𝑖)
ℒR = − ∑𝑛𝑖=1 (log (1 − 𝐷𝑅(𝐶 ) + 𝜖) + log (𝐷𝑅(𝐶 ) + 𝜖))
(13)
𝑛
𝑟
𝑜
We first train the Discriminator, then use this new hand Discriminator to help to train the
Dimensionality Reducer. Then we use the newly trained R to generate more deceptive samples to
mislead Discriminator. Then train Discriminator again to recover its ability of judgment, and keep
these adversarial training loops until convergence. Finally, we can use the successfully trained
Dimensionality Reducer R to reduce the dimensions of samples in test dataset.
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Many kinds of loss function or regularization methods were published in order to overcome the
training problem in GAN model, such as BEGAN [20], WGANGP [21], etc. They are quite fancy in
different situations. We test several kinds of famous models while results do not have too much
variations among these methods. So, experiments were implemented via the original GAN.

4. Experiment
4.1 Datasets
We use several famous open sources to test the feasibility of our model because they can be easily
downloaded and already been analyzed by many researchers.
MNIST dataset MNIST hand writing dataset [22] is one of the most famous open source dataset
which contains 60k samples for training and 10k for testing. In our work, we train our model on the
training set and visualize the testing set.
CIFAR-10 dataset CIFAR dataset [23] is the image dataset with clear labels. It has several versions,
each contains different numbers of labels. We use the 10-label version in CIFAR dataset. In our work,
we train our model with 60,000 images and visualize other 10k images.
4.2 Experiment design
First, we collect and pre-process the original data. Images are matrix of pixels, so we normalize values
of pixels between zero and one to create a benign initial state for the model training.
Next, we iteratively train our model. It is hard to decide some hyper-parameters in artificial neural
network architectures. We set hyper-parameters as default at first, and adjust them gradually.
Finally, we compute the 2-dimensional representation of the test dataset, plot them to the 2-D map
and compute the error rate.
4.3 Results and evaluation
We demonstrate visualization maps from our experiments in Fig. 2. We also evaluate the quality of
the generated points by comparing their pair-wise distances to the pair-wise distances in the original
space:
𝑑1,1 𝑑1,2 ⋯ 𝑑1,𝑛
𝑑
𝑑2,2 ⋯ 𝑑2,𝑛
Error matrix= 2,1
(14)
⋮
⋮
⋱
⋮
[𝑑𝑛,1 𝑑𝑛,2 ⋯ 𝑑𝑛,𝑛 ]
C∗ refer to the low or high dimensional coordinates of one point. We compute the second order norm
value for all data points’ pairs as their Euclidean Distance. And di,j refers to the difference of distance
between high and low dimensional space. In this work, we set the normalization parameter as the
maximum number among the whole distance matrix for high-dimensional coordinates and lowdimensional coordinates separately. As a result, error ∈ (0,1].

(a) CIFAR-10
(b) MNIST
Fig.2. Demonstration of visualization maps on test datasets. The first figure is based on the CIFAR10 dataset and the second one shows the MNIST dataset.
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Where,
𝑛𝑜𝑟𝑚

(𝑖,𝑗)

=

||ℂ𝑖−ℂ𝑗 ||

2

𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟
(𝑖,𝑗)
(𝑖,𝑗)

𝑑𝑖, 𝑗 =  |𝑛𝑜𝑟𝑚ℎ𝑖𝑔ℎ  −  𝑛𝑜𝑟𝑚𝑙𝑜𝑤 |.

,

(15)
(16)

(a) CIFAR-10
(b) MNIST
Fig.3. Error matrix of the pair-wise distance for pairs between each point. The first figure is based
on the case in the 10,000 samples’ CIFAR-10 testing dataset and the second one shows the case of
the 10,000 samples’ MNIST testing dataset. The mean value of the error matrix is 18.84% for
CIFAR-10 testing dataset and 19.51% for MNIST testing dataset.
Both two error matrixes obtained a mean value below 20%, which means the lowdimensional
representation is trustful more 80%.
As for other visualization tools, though they can display beautiful maps, however, they cannot realize
similar function as our work: visualizing new inputs without further training. So, our work can help
some online or real time application scenarios especially.

5. Conclusion and Discussion
In this paper, we purposed a new perspective for optimization process, makes it possible to embed
new data in low-dimensional without further training. To achieve this goal, we introduced the
adversarial training model to a popular visualizing tool named TSNE. The reason why this model was
chosen is that it is capable of learning the exact relationship between training dataset, which can
directly generate target data in low-dimensional form original data.
One of the innovative points in our work is that we regard the neighbor probability of data as the goal
of the discriminator D, which can improve the performance of TSNE by using the framework of GAN.
We use the data from original space instead of the random noise as the input of generator in GAN
model, so it is easier for our model to achieve convergence than GAN models. Our experiments show
that this method can learn the latent distribution of original data manifold. Furthermore, new incomes
can also observe its low-dimensional representation directly. As we mentioned above, online and
real-time scenarios are advantages. Therefore, some relevant applications could be expected. For
instance, our method can help some website to visualize the real-time flow measurement (RTFM).
Likewise, the visualization for the real-time traffic condition on the mobile terminal is also necessary
for daily life.
This work may provide a new direction for other researches and own theoretical and applicationbased meaning as well. Some points are remained to be explored in the future, and we will consider
the feasibility of applying other kernel functions to our model.
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