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1. Literature Survey

As we aimed to draw from a diverse set of research communities,
we started the search on arXiv, an interdisciplinary digital archive
for preprints in computer science as well as other scientific fields.
While our primary goal was to find publications pertinent to latent
representations, we noticed that the term is not standard terminol-
ogy. Rather, researchers referred to it as "manifold", "latent code",
"embedding", or simply "z". Thus, we additionally used keywords
corresponding to algorithms that produced latent representations,
for instance "variational autoencoder”. Because of the sheer amount
of relevant articles, we only included papers published within the
recent 5 years and randomly sampled a subset from the search re-
sults. We manually filtered the search results to only include articles
published on peer-reviewed venues. We also excluded papers that
did not inspect or evaluate the latent representations. After the ini-
tial list of publications, we followed backward and forward citation
links to obtain additional relevant resources. The additional articles
obtained by citation links were not randomly sampled.

With this procedure, we arrived at 78 papers from a variety of
publication venues, including 44 papers from ML related confer-
ences and journals, 27 from NLP, and 7 from scientific fields such
as Physics and Biology.

1.1. Paper List

In this section, we list all the articles we decided to include in the
literature survey. We divide the articles into three categories de-
pending on their publication venues.

Papers published in Machine Learning, Artificial Intelli-
gence, or Computer Vision related venues: [HSSQ17] [PGH*16]
[KMRW14] [KWKT15] [ADvdH17] [DTSB15] [DSTB17]
[JZS17] [YYSL16] [SGZ*16] [BGS16] [DCF*15] [CKD*15]
[GDG*15] [BTN18] [CDH*16] [WG16] [SPT*17] [AFDM17]
[LSL*16] [CKS*17] [MZZ*16] [HMP*17] [ZSE17] [CDP*18]
[TGLX18] [HNP17] [PWH"17] [KWM*18] [JBJ18] [DTD*18]
[YKDFF17] [SRM*16] [NS17] [MSSW16] [WDGH16] [MNG17]
[LTWE*17] [YHSBKI17] [KPHL17] [RLM*17] [BMK15]
[BM17] [BCZ*16]

Papers published in Natural Language Processing or Information
Retrieval related venues: [ZZE17] [HZG17] [HG18] [NCMW 18]
[SSB17] [BVV*16] [CGB*15] [ALL*16] [NSPM14] [JYY*16]
[UFDR16] [AM16] [NSV16] [HLJ16] [CR16] [KBdR16] [YS16]
[CKP16] [NAM16] [YSD*18] [GA17] [LK17] [ZC17] [NNM*17]
[SLI*17] [Str17] [PGE17]

Papers published in Physics, Astronomy, Biology, and general
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natural science venues: [RBWT18] [Wet17] [RGS™18] [FSBL17]
[WG18] [NBPvdW 18] [GBWD*18]

Note that there might be discrepancies between the topic of an
article and its publication venue. For example, an article focus on
molecular graph, but it appears in the proceedings of an ML confer-
ence. In this case, we count it as an ML paper instead of a natural
science paper.

1.2. Analysis

We analyzed the surveyed papers using an iterative coding method.
The first author coded all data. Throughout the coding process, we
iteratively revised our codes according to evolved understanding.
The goals and tasks in using and interpreting latent spaces, pre-
sented in Section 4 of the main text, are results from this analysis.
Figure 1 summarizes the assignment of codes.

2. System Details

In this section, we include concrete math steps for computing at-
tribute vector projection and rendering multiple attribute vectors in
a global view. We then briefly describe the visual encodings and
available interactions.

2.1. Attribute Vector Projection

Let X € R"*! denote the data matrix where each row represents a
latent vector of a data sample (e.g., an emoji image). To define an
attribute vector, the user specifies a starting concept {x{,x3, ..., X, }
and an ending concept {x{,x5,...,x} }, where x; is a row in X. The
attribute vector v is:

Y xi (1

1& .1
VIR

In the attribute vector projection, the x-axis is the direction of v.
The y-axis is the first principal component of the remaining dimen-
sions, specifically:

X=(X-x)ele, )

where e, is the unit vector of v. The first principal component ey
of X is the direction of y-axis.

Now we form an orthogonal basis W = [2] for the attribute vec-
tor projection. Projecting X to 2 dimensions is simply T=XW.,T €
Rn><2 X c RnXl W c RIXZ.
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Figure 1: A table of reviewed papers and their corresponding goals and tasks in using and interpreting latent spaces.

2.2. Attribute Vectors in a Global View

We support visualizing the attribute vectors globally in any avail-
able projection, including t-SNE, UMAP, PCA, and the projection
of an attribute Vector. Letvy =+ - LiL1 x] denote the starting point
ofvand vy = ¢ Z 1 X5 the endlng point. We are going to project
v=[i].

For a linear projection such as PCA or our custom attribute vec-
tor projection, mapping is straightforward because each attribute
vector appear as a line segment. Our goal is to map V € R>* to
T € R?*? and plot a line between t(y and #;. For PCA, we use
T = VW, where W is the first two eigenvectors. For our custom
attribute vector projection, we use T = VW, where W is the or-
thogonal basis described in § 2.1.

For nonlinear projections, the projected attribute vector is no
longer a straight line, so we approximate the path using a spline.
We first sample a set of control points along the attribute vector v:

C(I)ZVQ+ZV,OSZ‘§1 3)

We then map the control points ¢, to the corresponding posi-
tions czw in the 2D embedding. Finally, we render a Catmull-Rom

spline using c’(t) as control points.

UMARP provides native support for the mapping of ¢, to "Et) , but
t-SNE does not. We further approximate c2t> for t-SNE using the

following steps. We first find the k nearest neighbor of ¢(;), where
the Euclidean distance (cosine distance for word embeddings) be-
tween i-th nearest neighbor and ¢, is wy;. We then map the nearest
neighbor to the t-SNE 2D embedding, so n;;) is the 2D coordinate
of the i-th nearest neighbor. Finally, we compute

/
€ =

ko1
Yim1 3 B(i)

“
Lt

2.3. Visual Encodings and Interactions

The summary page lists quantitative metrics, and visualizes the dis-
tribution on initial latent dimensions for each latent space of gener-
ative models (main paper, Figure 1a). In the visualization of initial
latent dimensions, the y-axis is a categorical axis, where we stack
each initial latent dimension in order. The x-axis indicates the raw
values on the latent dimensions. We use a line to represent the dis-
tribution on a latent dimension, where the dashed portion goes from
the minimum value to the maximum value of the dimension, and
the thicker portion represents the inter-quartile range. When show-
ing user-defined metrics (Figure 2), we list the quality scores for all
attribute vectors as raw numbers in a table. We additionally color
each number using a single-hue sequential color scale (blue).

Both the vector space overview (main paper, Figure 3) and the
custom projection on attribute vector (main paper, Figure 4) use
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Figure 2: Cross-model assessments. We supply quality measures of
all attribute vectors in each latent space.

a scatter plot to visualize data distribution. In the overview page,
the x- and y-axis corresponds to the two dimensions resulting from
the t-SNE, UMAP or PCA projection. In the custom projection,
the x-axis is the attribute vector direction and the y-axis is the first
principal component of the remaining dimensions, as described in
§2.1. Users can change the y-axis to other principal component, or a
categorical axis (main paper, Figure 11). In these scatter plots, each
data point is represented by a dot, and the color is configurable.
For example, the default color is the mean pixel color of an emoji
image, but user can change the color to encode emoji platform or
version. When the total number of data points is small enough, we
directly render the image or text (main paper, Figure 4).

We offer a variety of interactions to make exploration smooth
and fluid, including brush, search, filter, zoom, and pan.

We precompute t-SNE projections using several perplexity pa-
rameters (5, 10, 30, 50, 100, with 30 being the default value) and
allow users to change perplexity in a dropdown menu. Similarly, we
allow users to adjust two parameters in generating UMAP projec-
tions, including Neighbor, which determines the number of neigh-
boring points used in local approximation, and Distance, which
controls how tightly the embedding compresses points together.

When user asks for the details of a data point, in addition to
showing all available meta data (main paper, Figure 1c), we tai-
lor specific information for each data type we support. For abstract
vector data where each input datum is a high-dimensional numeric
array, we visualize all input dimensions as a heatmap (main pa-
per, Figure 11). Specifically, each cell in the heatmap corresponds
to a number in the input array and the color represents the scalar
value using a perceptually uniform color scale (inferno). From the
heatmap, users might gain exploratory understandings on the input
data, for example identifying a data quality issue where all input
dimensions are zero. For word embeddings, because of the impor-
tance of neighborhood information, we list the top-k nearest neigh-
bors in the original embedding space.
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Original Answer Original Answer
1000 sing 0973 sing 1000 singing 0972 singing
0828 sang 0887 sang 0872 dance 0889 sing
008 singing 0876 singing 0852 singers 0873 dance
0787 tune 0778 sung o8es dancing 0864 singers
0747 singers 0770 singers 0832 songs 0846 songs
0734 sung 0757 chorus 0828 sang 0830 tune
0733 listen Dz tune 0821 chorus 0822 chorus
o728 song o746 song os1® music 0820 music
0723 chorus 2775 songs 0808 sing 0820 dancing
0715 cry 0727 dance 078 song 0818 song
0713 songs 0718 dancing 0799 musical 016 sang
0713 hey 0701 cry 0788 performed 0.802 musicians
0698 dance 0692 performed 0788 musicians 0781 performed
0686 perform 0688 choir 0775 choir 0777 musical
0.680 hear 0676 music 0775 tune 0.767 pop.
0664 laugh 0871 laugh 0771 quitar 0756 love
0657 dancing 0671 listen 0786 piano 0754 guitar
0.653 performed 0.667 hey 0.761 vocals 0.753 piano
0.652 me 0658 performing 0.754 pop 0.751 band
062 oh 0656 kiss 0750 ] 0747 choir

(@ (b)

Figure 3: (a) Nearest neighbor words of sing and those after adding
the present:participle attribute vector to sing. (b) Nearest neighbor
words of singing and those after subtracting the present:participle
attribute vector to singing.
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Figure 4: Gender bias in word embeddings. Words are projected
onto an attribute vector containing gendered names. Brushing the
region around the male concept convex hull reveals words that re-
flect gender stereotypes.

3. Case Study Details

In this section, we attach two figures to support claims in the word
embedding example, and provide more details on the analysis of
cancer transcriptomes.

3.1. Case Study: Word Embeddings

Figure 3 and Figure 4 support the findings on word embeddings in
the main text.

3.2. Case Study: Cancer Transcriptomes

We conducted an analysis on high grade serous ovarian cancer sub-
types involving vector arithmetic. Here are our steps, using the im-
munoreactive and mesenchymal pair as an example:

1. We first compute the centroid of each subtype in z, namely
Oimmuno and 9mes~ B
2. We run both ;1m0 and 0;,¢s through the decoder to reconstruct
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the corresponding gene profiles Xjmuno and Ximes. We subtract
to get the signed difference Xyes—immuno = Xmes — Ximmuno-

3. Following [WG18], we next look to threshold for genes 2.5 stan-
dard deviations away in both positive and negative tails. How-
ever, the distribution is not normal and so we use quantile-based
thresholding. We first find the quantiles corresponding to 2.5
standard deviations in a standard normal distribution (0.06%
and 99.4%, respectively). We then take the corresponding top
and bottom quantiles of X;;e5— immuno to form the gene list. The
genes in the positive tail are associated with the mesenchymal
subtype, while the genes in the negative tail are associated with
immunoreactive.

The major differences of our approach from [WG18] are:

1. We do not project the vector back to a single latent encoding
dimension;

2. We apply the non-linear decoder function instead of directly in-
specting decoder weights;

3. We use quantile-based thresholding.

Ours Theirs #B #0  #T  Agreement
Mesenchymal 87+ 19 32 56 59%
Mesenchymal 56 - 1 32 90 3%
Immunoreactive 56+ 15 32 58 46%
Immunoreactive 87 - 0 32 74 0%
Proliferative 79 + 9 32 60 28%
Proliferative 38 - 8 32 134 25%
Differentiated 38 + 1 32 15 3%
Differentiated 79 - 0 32 39 0%

Table 1: Comparison of the overlap between our and their gene
lists. #B: the number of overlapping genes in both list. #O: the total
number of genes in our list. #T: the total number of genes in their
list.

We compare the overlap between our resulting gene list and that
of [WG18], as shown in Table 1. The agreement is notably poor,
including multiple cases with a null intersection.
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