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ImageSI: Semantic Interaction for Deep Learning
Image Projections

Jiayue Lin
ABSTRACT

Interactive deep learning frameworks are crucial for effectively exploring and analyzing com-
plex image datasets in visual analytics. However, existing approaches often face challenges
related to inference accuracy and adaptability. To address these issues, we propose Ima-
geSI, a framework integrating deep learning models with semantic interaction techniques
for interactive image data analysis. Unlike traditional methods, ImageSI directly incorpo-
rates user feedback into the image model, updating underlying embeddings through cus-
tomized loss functions, thereby enhancing the performance of dimension reduction tasks.
We introduce three variations of ImageSI, ImageSI,;,s-1, prioritizing explicit pairwise rela-
tionships from user interaction, and ImageSIprryiples and ImageSIprryiplet, emphasizing clus-
tering by defining groups of images based on user input. Through usage scenarios and
quantitative analyses centered on algorithms, we demonstrate the superior performance of
ImageSIprmiplet and ImageSIypg-1 in terms of inference accuracy and interaction efficiency.
Moreover, ImageSIppmyipler Shows competitive results. The baseline model, WMDS™!, gener-

ally exhibits lower performance metrics.



ImageSI: Semantic Interaction for Deep Learning
Image Projections

Jiayue Lin
GENERAL AUDIENCE ABSTRACT

Interactive deep learning frameworks are crucial for effectively exploring and analyzing com-
plex image datasets in visual analytics. However, existing approaches often face challenges
related to inference accuracy and adaptability. To address these issues, we propose Ima-
geSI, a framework integrating deep learning models with semantic interaction techniques
for interactive image data analysis. Unlike traditional methods, ImageSI directly incorpo-
rates user feedback into the image model, updating underlying embeddings through cus-
tomized loss functions, thereby enhancing the performance of dimension reduction tasks.
We introduce three variations of ImageSI, ImageSI, -1, prioritizing explicit pairwise rela-
tionships from user interaction, and ImageSIprryiples and ImageSIprryiplet, emphasizing clus-
tering by defining groups of images based on user input. Through usage scenarios and
quantitative analyses centered on algorithms, we demonstrate the superior performance of
ImageSIprmipet and ImageSIypg-1 in terms of inference accuracy and interaction efficiency.
Moreover, ImageSIppmyipler Shows competitive results. The baseline model, WMDS™!, gener-

ally exhibits lower performance metrics.



Contents

List of Figures
List of Tables
1 Introduction

2 Related Work

2.1 ResNet . . . . o
2.2 Dimensionality Reduction Techniques . . . . . . . . . .. .. ... ... ...
2.3 Neural Network Projections . . . . . . .. ... .. ... ... ... ...,
2.4 Visual Analytics with Andromeda . . . . . . .. ... ... ... ... ...

3 Background

4 Methodology and Workflows

4.1 ImageSI Framework . . ..

4.1.1 Initial State . . . . .

4.1.2  ImageSI Interaction

v

vii

10

12

12

13

16



4.2  Model Description . . . . . . . . .

4.2.1 Model Design . . . . . . ...

5 Model Pipeline

5.1 ResNet-18fnctunc - « « - « v v o v v e e e e e
5.2 ResNet-18p 5ectionhead « « « « « « « c v v e

5.2.1 Autoencoder . . . . ...
5.3 Triplet Sample Selection . . . . . . . . ... ... ...
5.4 Triplet Loss Calculation . . . . . . . .. .. ... .. ... ... ... ...,
5.5 Model Training . . . . . . . . .. L

6 Usage Scenarios

6.1 Projection Evaluation . . . . . ... ... oo oo
6.2 Case Study: Animals . . . . . . .. ..
6.2.1 Task 1: Open-Mouth and Closed-Mouth Animals . . . . .. ... ..

6.2.2 Task 2: Single Horse, Human and Horse, and Multiple Horses . . . .

6.3 Case Study: Edamame Pods . . . . . . ... ... ... ... .. ...,
6.3.1 Task 1: Maturity Stage . . . . . . . . . . ...
6.3.2 Task 2: Number of Seeds . . . . . . .. ... ... ...

6.4 Summary . . ... .. e

7 Algorithm-Centered Quantitative Analysis

21

21

21

23

23

24

25

26

26

27

28

30

33

33

36

38

39



7.1

7.2

7.3

74

Experiment Design . . . . . . . .. ...
Simulation Engine . . . . . ... Lo oL
7.2.1 Interaction Simulator . . . . . . . . ... ..o
7.2.2  Evaluation simulator . . . . . . ... ... Lo 0oL
Dataset and Task . . . . . . .. . .

Result . . . . o

8 Discussion

8.1

8.2

8.3

8.4

8.5

Loss Functions . . . . . . . . . .
Balancing Inference Accuracy and Cluster Dispersion . . . . . .. ... ...
Interactive Deep Learning Model . . . . . . . .. ... ...
Dimensionality Reduction Techniques . . . . . . . . .. ... ... ... ...

Visual Explanation . . . . . . . .. ...

9 Conclusion

Bibliography

vi

46

46

47

48

49

51

52

53



List of Figures

4.1

6.1

The ImageSI pipeline overview illustrates the process: initially, features are
extracted using a fine-tuned pre-trained ResNet-18 model. These features
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capture the analyst’s intent. The interaction loop can be iterated at desired
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In (a), we show the initial projection. In (b), users separate the images of
“open-mouth animals” from those of “closed-mouth animals” by dragging
them apart, highlighting the distinct “mouth” feature. (c) shows the up-
dated projection for WMDS™!, where blue contours include open-mouth an-
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Chapter 1

Introduction

Visual analytics (VA) systems are now essential for navigating complex image datasets in
today’s data-driven world. These systems enable direct interaction with data representa-
tions, allowing users to uncover valuable insights [1]. Semantic interaction (SI) techniques
describe a class of interaction methods that aim to enhance VA capabilities by inferring the
semantic meaning behind user interactions and adjusting the visualization model according
to user feedback [2, 3]. In Andromeda, introduced by Self et al. [4], users can interact with
the scatterplot visualization by dragging data points to new positions. This allows them to
customize the similarities between points based on their preferences. Through this inter-

" users can fine-tune the projection according to their

action, called "human spatialization,’
preferences and domain knowledge [5]. Dimensionality reduction (DR) methods help VA
by simplifying high-dimensional data while retaining important relationships [6, 7]. How-
ever, traditional DR methods often struggle to adapt to interactive updates or user-defined
similarities [8]. Interactive deep learning (DL) helps to bridge this gap, allowing iteratively
feature extraction fine-tuning [5, 9]. By utilizing DL models to extract relevant presentations

from image data, interactive DL will enable analysts to refine and explore data visualizations

10, 11.

In previous research, Han et al. developed an interactive DR framework to support SI for ex-
ploring image data projections [12]. It uses a Weighted Multi-Dimensional Scaling (WMDS)

approach. Their method applies weights to the data space before projection. During SI,
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the DR learns new projection weights that best capture the feedback and then applies them
for re-projection. Nevertheless, this method faces a critical challenge: limited knowledge re-
tention for iteratively updating a single model. Although the method helps users gradually
build a mental model of the underlying data and experiment with various image organiza-
tions, it fails to retain knowledge effectively throughout iterative refinement processes. This
approach relies on a fixed feature extractor using a pre-trained model, which may overlook
dataset nuances if the pre-trained model lacks relevant knowledge about the specific dataset
[12]. To address this limitation, I propose to use customized loss backward propagation to
optimize the pre-trained model based on user input. Essentially, the difficulty is in learning
new information to update the representation and reliably preserve user feedback during
the image-sorting process in the feature extractor. Our objective is to develop a methodol-
ogy that enables the smooth integration of user feedback into the feature extraction process,
thereby enhancing the adaptability and effectiveness of interactive DL methods for exploring

and understanding complex image datasets.

This work introduces the ImageSI framework to enable interactive DL for analyzing image
data. It builds upon prior work by Han et al. [12] and incorporates elements from Self et al’s
Andromeda VA tool [4]. Addressing two key research problems, we first explore methods
to fine-tune DL models for SI in image analysis without relying on labeled data or specific

features (RQ1).

To address this problem, we introduce three distinct approaches. The initial method is
inspired by Bian et al’s DeepSI framework [5], where we replace the pre-trained ResNet-18
model without the fully connected classification layer, represented as ResNet-18¢nctune, for
image data processing. To distinguish this adapted vision for image analysis, we designated

it as ImageSIypg-1 (customized MDS-based loss).

In the second approach, implemented in the ImageSI framework as ImageSIprmyiplet (dimen-



sion reduction with triplet loss), we utilize the ResNet-18g,etune model with triplet loss,
accompanied by multidimensional scaling (MDS) to reduce the dimensionality to 2 for pro-

jection.

In the third approach, implemented as ImageSIppmiplet (projection head with triplet loss)
within the ImageSI framework, we employ the ResNet-18,ojectionhead model. This model re-
places the final fully connected layer of a pre-trained ResNet-18 with a custom sequence of
layers. The projection head consists of a sequence of layers, including linear transformation
layers and activation functions, designed to map the input features to a 2D space, represent-
ing the distances between the anchor, positive, and negative samples in the triplet loss. The
linear transformation layers, initially randomize a weight matrix and a bias vector. These
layers perform matrix multiplication of the input tensor with the randomized weight matrix
and add the bias term. This random initialization can lead to suboptimal initial projection
layouts. Therefore, we utilize an autoencoder for the initial projection. The autoencoder is
trained to obtain a well-initialized projection layout, which will be used later for updating the
projection and comparison. Here, well-initialized projection layout refers to a layout where
the data points are arranged in such a way that they have a decent adjusted Silhouette score,
as detailed in Section 6.1, indicating reasonable separation and clustering in the projected

space [13].

Additionally, we introduce triplet samples from coordinate-based triplet loss based on their
respective feature vectors in 2D space. This relies only on geometric relationships among
feature vectors, eliminating the need for image labels. By utilizing these spatial relationships,
the interactive DL framework becomes more versatile and facilitates the exploration and

analysis of image datasets without requiring extensive manual annotation.

Second, we aim to assess the inference accuracy and interaction efficiency of ImageSI within

the SI loop (RQ2). To evaluate its performance, we compare the three proposed Ima-
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geSI frameworks, ImageSIypg-1, ImageSIprrriplet, and ImageSIpgmyiplet, against the baseline

model from Han et al., which we will call WMDS™!. Our evaluation strategy comprises

two complementary experiments. First, we conduct usage scenarios through case studies

utilizing the Animal dataset [14] and Edamame Pods dataset [15]. Second, we perform

an algorithm-centered quantitative analysis, involving simulation-based assessments using

extended datasets derived from the previously mentioned case studies.

In summary, we claim the following contributions:

e (1): In adapting the ImageSIpg-1 framework to analyze image data, we replaced
the backbone model with ResNet-18gctune- This change allowed us to refine feature
extraction through fine-tuning, enhancing the framework’s semantic interaction (SI)
capabilities during iterative sensemaking. Additionally, we integrated the framework

with the Andromeda VA system for interactive visualization.

(2): We improved the SI capabilities in iterative sensemaking using two methods in
the ImageSI framework. We used the ResNet-18gpnetune model in ImageSIprryiplet for
feature extraction. This model underwent fine-tuning using coordinate-based triplet
loss, requiring no labeled data or specific features. This approach reduces dimen-
sionality by integrating MDS. Conversely, for interactive dimensionality reduction in
ImageSIpurriplet, We used the ResNet-18 ojectionhead model. Similarly fine-tuned with
coordinate-based triplet loss, this model replaces MDS with a projection head, while

the initial projection is complemented by an autoencoder.

(3): We conducted two complementary studies comparing the performance of WMDS™!,
ImageSIypg-1, ImageSIprrriplet, and ImageSIpumiplet frameworks. These studies in-
cluded usage scenarios with two case studies as well as an algorithm-centered quan-

titative experiment, to assess the inference accuracy and interaction efficiency of our



approach within the SI loop.
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Chapter 2

Related Work

2.1 ResNet

In the field of deep learning, especially in computer vision, ResNet (Residual Neural Network)
is a landmark architecture. ResNet created skip connections, also referred to as shortcuts, to
address the problem of disappearing gradients in deep neural networks. These connections

allow for a more direct gradient flow during training [16].

The residual block, which consists of rectified linear unit (ReLU) activation functions and
batch normalization after convolutional layers, is a key part of ResNet [17]. The innovation
component is in the residual connections, which let gradients add the input directly to the
block’s output rather than passing through one or more convolutional layers [16]. ResNet
can learn residual mappings thanks to this mechanism, which facilitates the efficient training

of deeper networks [18].

ResNet architectures are available in different depths based on the number of layers and
residual blocks; these are indicated by suffixes such as ResNet-18, ResNet-34, and ResNet-
50. Usually, these architectures are pre-trained on extensive image datasets like ImageNet
[19], where they demonstrate exceptional performance in identifying significant features from

images.

We utilize ResNet’s capabilities in our framework to process image data. For feature ex-
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traction fine-tuning, we use the ResNet-18¢,ctune model that we integrate into the ImageSI
pipeline. Recent research demonstrates the efficacy of fine-tuning off-the-shelf ResNet-50
weights for iris recognition tasks, showing improved accuracy compared to both off-the-shelf
weights and models trained from scratch [20]. Our approach uses customized loss backward
propagation, which is different from traditional fixed feature extractors [12] and makes it
easier to optimize the ResNet-18¢,0tune model according to user feedback. We improve the
ResNet model to more accurately capture pertinent features specific to the examined image

dataset through interactive user interactions.

2.2 Dimensionality Reduction Techniques

In data analytics, dimensionality reduction techniques (DRTs) have become essential for
handling the complexity of high-dimensional datasets across various domains. These methods
help transform data from a high-dimensional space to a lower-dimensional representation
while trying to maintain important information and patterns present in the original data
[21]. The many useful benefits that DRTs provide are what drive their use. First, by
reducing the number of dimensions and easing the load on data storage and computational
processing, these techniques improve the efficacy of analyses. Second, they help to mitigate
the negative effects of redundant, irrelevant, or noisy data, thereby enhancing data quality
and enabling more accurate analyses. Additionally, DRTs solve the problem of visualizing

high-dimensional data by enabling data visualization in lower-dimensional spaces [22].

Dimensionality reduction typically involves two main strategies: feature extraction and fea-
ture selection. Feature extraction is the process of converting the initial features into a new
set while retaining essential information, while feature selection entails choosing a subset of

the original features and eliminating those that are unnecessary or redundant [23].
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Linear Dimension Reduction Techniques (LDRTS) represent a fundamental category of di-
mensionality reduction methods that employ linear transformations to map high-dimensional
data to lower-dimensional spaces [24]. Principal Component Analysis (PCA) is a renowned
LDRT designed to identify orthogonal components that capture the maximum variance
within the data [25]. PCA is widely used in many fields, such as robotics, exploratory

data analysis, and image and speech processing.

while LDRTs are commonly used for dimensionality reduction, nonlinear methods provide
enhanced capacities for representing intricate data structures. Autoencoders, a type of deep
learning model, exemplify nonlinear DRTs by avoiding the assumption of linearity in the
data. Autoencoders are more flexible in capturing complex data patterns because they use
neural networks to learn how to encode high-dimensional data into lower-dimensional repre-
sentations [26]. Among the nonlinear DRTS, t-Distributed Stochastic Neighbor Embedding
(t-SNE) and Uniform Manifold Approximation and Projection (UMAP) have gained consid-

erable attention for their efficacy in preserving both local and global data structures [27].

t-SNE employs random walks on neighborhood graphs to visualize the structure of exten-
sive datasets. This helps to overcome the tendency to cluster points together and gener-
ate high-quality visualizations. Conversely, UMAP creates a topological representation of
high-dimensional data using fuzzy simplicial set representations and local manifold approx-
imations, which is particularly effective in maintaining both local and global relationships

within the data [28].

In our study, we use MDS as a nonlinear DRT. Previous research has employed WMDS™!,
as an interactive DR method, to learn new weights for WMDS based on the interaction such
that the pairwise distances in the weighted feature space are proportional to the pairwise
distances of the manipulated points. Our approach simplifies the process by eliminating the

weighting scheme inherent in WMDS™!. Instead of relying on weights, our method preserves
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user feedback through the backpropagation of a DL model, contrasting with the previous
method. Additionally, we deliberately choose MDS over t-SNE and UMAP to ensure a
fair comparison of ImageSIypg-1, ImageSIprrriplet, and ImageSIpumipet against the baseline

model WMDS™!, which employs Weighted MDS.

2.3 Neural Network Projections

Compared to traditional DRTs, Neural Network Projections (NNPs) offer a revolution-
ary method of data projection. NNPs use the power of neural networks to generate low-
dimensional representations of high-dimensional data, in contrast to techniques like PCA
or t-SNE. This innovative paradigm shift in data projection arises from the limitations of
conventional techniques to adequately capture the intricate structures found in modern high-

dimensional datasets [29].

Traditional DRTs like PCA often lack the flexibility to capture the complex nonlinear rela-
tionships present in deep neural network representations [30]. As datasets grow more high-
dimensional, traditional methods may fail to preserve important features and relationships,
resulting in deficient projections. Additionally, the effectiveness of traditional methods in
capturing the underlying data structure can be limited if they depend on predefined distance

metrics or assumptions about data distribution [31, 32].

In contrast, NNP methods for data projection within neural networks, such as autoencoders
and DrLIM, offer several advantages [29, 30, 31]. Autoencoders aim to generate compressed,
low-dimensional representations by training neural networks to reconstruct their inputs [29].
Autoencoders can capture complex nonlinear relationships in the data by utilizing the ex-
pressive capacity of neural networks, resulting in more meaningful and accurate projections.

Similarly, DrLIM learns a globally coherent nonlinear function that maps high-dimensional
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data to a low-dimensional manifold, providing an alternative to the constraints of tradi-
tional methods [31]. DrLIM can handle complex data transformations and does not rely
on predefined distance metrics. Moreover, NNP methods offer flexibility and scalability,
enabling parallelization and out-of-sample functionality [29]. This enables efficient process-
ing of large-scale datasets and integration into interactive systems for data exploration and
sensemaking. Gonzalez Martinez et al. explore the use of neural encoders to mimic the di-
mensionality reduction behavior of non-invertible algorithms like UMAP, NNP methods aim
to learn low-dimensional embeddings directly from the data using multilayer neural networks

[33].

We take advantage of the benefits of Neural Network Projections (NNPs) in the ImageSIpayipiet
framework by training an autoencoder for initial projection and adding a projection head to

map the dimensions to 2.

2.4 Visual Analytics with Andromeda

VA is a powerful approach that combines statistical models, visualization techniques, and
human intuition to understand large and complex datasets [34]. It allows users to inter-
actively explore and analyze data, helping with sensemaking through filtering, gathering,

synthesizing, and forming hypotheses [35, 36].

One key aspect of VA is interaction, which allows users to manipulate visualizations based
on their domain expertise, thus guiding the analysis process. SI introduces a novel approach
to interaction within the VA context. It enables users to interact directly within the spatial
metaphor of visualizations, thereby tightly coupling user actions with underlying statistical

models [34].
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Andromeda is a VA tool developed by Self et al. [4]. Using Visual to Parametric Interaction
(V2PI), Andromeda enables users to interact with data points in visualizations, impacting
the analysis process. V2PI simplifies the mathematical models, allowing users to concentrate

on exploring data according to their expertise and hypotheses [37].

Andromeda utilizes WMDS to spatialize high-dimensional data into two dimensions, where
distance reflects relative similarity [4]. Through the Andromeda interface, users can adjust
spatializations using both parametric (PI) and observation-level interactions (OLI). The
tool’s Object View displays the resulting object layout calculated by WMDS, allowing users

to explore data points and manipulate them directly to provide input to the algorithm [4, 38].

In the Andromeda system, users can use the Parameter View to adjust the importance of
different dimensions by interacting with lines. These interactions cause the layout to update
dynamically, with the WMDS algorithm recalculating the layout in real-time based on the

new weight vector [4].

Within our framework, we incorporated only the OLI view into our adapted Andromeda
visual analytics tool. This choice is based on our limited comprehension of the representation
of features extracted by ResNet. Although we could include PI in Andromeda and allow
users to directly manipulate model parameters, this would result in users being uninformed
about each feature parameter. Therefore, by concentrating on OLI, our goal is to enhance
communication with underlying models without overwhelming users with complicated details

that are unclear due to our limited understanding of feature representations.
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Chapter 3

Background

In this chapter, we present an overview of two prominent frameworks, WMDS™! [12] and
DeepSI [5]. The former serves as a benchmark for comparison with the three proposed
ImageSI frameworks, while the latter provides background to contextualize the discussion of

the proposed ImageSIypg-1 framework.

3.1 WMDS!

WMDS™! is a novel framework designed to ease human-in-the-loop sensemaking through in-
teractive visualization, leveraging features extracted from a pre-trained ResNet model. Their
proposed pipeline uses WMDS to weight deep learning image features, allowing interaction
through direct manipulation of points in the 2D plot and learning new weights through

WMDS™!, a technique first introduced in Andromeda [4], to enable interactive DR.

WMDS™! learns new weights for WMDS based on the interaction such that the pairwise
distances in the weighted feature space are proportional to the pairwise distances of the
manipulated points. Specifically, it computes new weights optimized for preserving specified
relationships after the analyst repositions a subset of points, which is represented as y*.
This process effectively captures human feedback. WMDS™! updates the weights using the

following formula:
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( 22 (dulyi,y;) — du(w, zi,2;))

. i<j<N
w = arg min
2
Wiy > dy(w,x;, ;)
i<jN

(3.1)

Through the user interactions, this equation yields a vector of dimension weights that most
closely adhere to the 2D pairwise similarities. By normalizing the weight vector to sum to
1, the high-dimensional distances are brought into a roughly constant-sized space. To create
a layout that takes the analyst’s input into account, the images are then re-projected using

the updated weights.

3.2 DeepSlI

Using deep learning representations, DeepSl is a state-of-the-art framework for human-in-
the-loop sensemaking that enables interactive visualization. Unlike WMDS™!, it incorporates
user SI to fine-tune the model and update the subsequent high-dimensional embeddings to
align with user intentions, rather than weighting the data space before projection. To facil-
itate user interaction, the framework includes both forward model projection and backward

model-updating directions.

The framework starts the forward direction by using the BERT model’s forward propagation
calculation to create new representations x for the dataset. In this procedure, the dataset is
subjected to the BERT model with the current BERT parameters wggrr. Mathematically,

this is represented as:

r = BERT(CZ, wBERT) (32)
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where d represents the dataset and wggrr denotes the current BERT parameters.

Next, MDS is used to project the high-dimensional deep learning representations onto a 2D
spatialization. The objective function of MDS is to minimize the discrepancy between the
distances of the data points in low-dimensional and high-dimensional spaces, which helps to

guide the projection. The expression for the objective function is:

y = argmin Z (dist, (s, y;) — disty (2, 2;)) (3.3)

Y i<j<N

Here, y represents the 2D spatialization, dist; denotes the low-dimensional distance function,
and x; represents the i-th element of the high-dimensional representations of the dataset.
In contrast to WMDS™!, the fine-tuned representation z itself determines the updates to y

rather than the high-dimensional distance function being explicitly weighted.

In the backward direction, analysts adjust the visual arrangement by relocating specific
samples to represent desired similarities. Introduced by Bian et al., MDS™! is a loss function
that aligns the pairwise distances in the embedding space with those specified in the 2D space,
allowing for the adjustment of model weights to enhance image embeddings. This adjustment
process uses the similarities defined by humans on the relocated data points to fine-tune
the BERT model parameters wggrr and enhance the high-dimensional representations .
In simpler terms, the objective is to modify the BERT weights wggrr to minimize the
difference between distances in lower and higher dimensions of data points adjusted through

backpropagation:

WRERT = arg min Z (dist,(yi, y;) — disty (BERT(d;, wggrr), BERT(d;, wBERT)))2 (3.4)

WBERT Z<]STL
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By using a collaborative process involving human feedback, the BERT model can be adjusted
to create customized representations tailored to individual users and specific tasks. This

enables the model to accurately capture the exact intentions of analysts.
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Chapter 4

Methodology and Workflows
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Figure 4.1: The ImageSI pipeline overview illustrates the process: initially, features are
extracted using a fine-tuned pre-trained ResNet-18 model. These features are then inputted
into a DR method, MDS, or a projection head to reduce dimensionality to 2, resulting in a
2D projection. The human interaction loop returns newly defined relationships to the fine-
tuned ResNet-18 model following interactions. Sls facilitate model fine-tuning interactively
through backpropagation using metric or triplet loss. Subsequently, the fine-tuned ResNet
model with updated Convolution layers extracts updated features to capture the analyst’s
intent. The interaction loop can be iterated at desired times.

In this section, we outline the anticipated user workflow and the basic approach used. Figure

4.1 illustrates the process flow.

4.1 ImageSI Framework

This section covers the initialization process, referred to as the Initial State, and the in-

teractive functionalities of the ImageSI framework, ImageSIyipg-1, ImageSIprryiplet, and
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ImageSIprrriplet -

4.1.1 Initial State

ImageSI starts by initializing datasets and loading image data using a data loader for subse-
quent processing tasks. Then, we load both the ResNet-18gnetune and ResNet-18,;ojectionhead

models to fine-tine feature extraction.

Subsequently, we iterate through the images in the data loader, using the instantiated models
to extract features and aggregate them into a dataframe with corresponding image indices.

We then employ MDS to reduce the data’s dimensionality, creating a 2D projection.

To ensure consistency across executions, we further process the 2D projection by rotating it
via Principal Component Analysis (PCA) and aligning the first principal component with

the y-axis.

For initializing ImageSIprmyiplet and ImageSIypg-1, the process follows the same steps as
described above. However, for ImageSIpgmyiplet, Wwe performed an extra step to use an au-
toencoder trained to obtain an initialized projection layout. This initialized layout will be

used for both comparison and projection updates in the future.

4.1.2 ImageSI Interaction

The interaction design of ImageSI incorporates elements from the existing VA system, An-
dromeda, to facilitate SI. SI interprets the underlying meaning behind user interactions with
visualizations. By understanding user intents and analytical reasoning, SI adjusts the visual-
ization model to better align with user needs and preferences. In the ImageSI interface, users

can engage in SI by directly modifying the layout of the scatterplot visualization, thereby
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influencing the projected data points based on their semantic understanding and analytical

insights.

When we look at the model’s projections, the scatterplot shows how data points are similar
to each other according to the ResNet-based model, showcasing how the model visualizes
their relationships in space. Users can observe how the model interprets similarities between

data points based on their spatial arrangement on the scatterplot.

Users can manipulate the scatterplot by relocating data points in the backward model-
updating direction. This enables them to tailor the similarities between points to suit their
preferences. Termed "human spatialization,” this interaction empowers users to refine the

projection according to their preferences [5].

This bidirectional interaction fosters direct and effective communication between the un-
derlying model and human analysts. Users can refine the projection layout based on their

insights, effectively teaching the model new relationships between data points.

Users can interactively adjust the projection plot by moving points within the 2D space from
their original positions. An analyst might, for instance, project a series of images showing
various animal features, such as open-mouth and closed-mouth. But it’s possible that the
original projection didn’t distinguish between these features. The analyst tells the model
that the representative images of each type are different and should be arranged differently

by selecting and dragging those images to opposite positions.

Once the analyst completes their interaction, ImageSI iteratively fine-tunes the ResNet based
on the learned information from the user interaction, optimizing the model to create a

projection layout that best reflects the specified similarities.
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4.2 Model Description

This section outlines the model design and pipeline, including implementation details of the

ImageSI framework. Three distinct approaches are outlined:

ImageSIypg-1 utilizes the ResNet-18gpctune model from Bian et al’s DeepSI framework, re-
placing the fully connected classification layer. It incorporates a customized MDS-based

loss.

ImageSIprmiplet employs triplet loss and multidimensional scaling (MDS) for dimensionality

reduction to 2 for projection.

ImageSIpumriplet uses the ResNet-18p qjectionhead Model, where the final fully connected layer
is replaced with a custom projection head. The projection head consists of linear trans-
formation layers and activation functions designed to map input features to a 2D space,

representing distances in the triplet loss.

4.2.1 Model Design

To address the research problem, we propose a primary design goal for the ImageSI frame-
work: Adapt DL models for SI in image analysis without requiring labeled data or specific

features.

Traditional methods for learning embeddings, such as the triplet loss, require labeled data to
annotate the anchor, positive, and negative samples [39]. However, relying on labels incurs
extensive human annotations, increasing costs and time consumption. Moreover, labeled
data might not always be available or adequately represent the variability present in the

dataset [40, 41].
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We introduce the coordinate-based triplet loss to address these challenges. Unlike tradi-
tional methods, the coordinate-based approach operates directly on the spatial coordinates
of data points, eliminating the need for labeled data. Both ResNet-18¢etune and ResNet-
18, rojectionhead Models use this loss function to extract meaningful representations from the
spatial coordinates of data points. In the embedding space, the models learn to distin-
guish dissimilar data points and cluster closely similar ones using triplets of anchor, positive,
and negative samples. This approach ensures the models’ flexibility for different tasks and

datasets without relying on labeled data.
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Chapter 5

Model Pipeline

The model pipeline comprises several key components that collaborate to train the ResNet
model for image feature extraction and refinement. The process entails forward and backward
steps, encompassing feature extraction using ResNet, triplet sample selection, triplet loss

calculation, and model training. The pipeline is structured as follows:

5.1 ResNet-18gnctune

Based on the ResNet-18 architecture, the model ResNet-18g,etune 1S intended for feature
extraction tasks that require fine-tuning. The model loads the ResNet-18 model that has
already been trained and removes its last fully connected layer during initialization, leaving
only the feature extraction layers [42]. Through fine-tuning the remaining layers to extract
task-specific features from the input data, this modification enables the model to adapt to
new tasks. During the forward pass, the modified ResNet-18 model processes the input data

to produce feature representations that can be utilized for different downstream tasks.

5.2 ResNet-1 8projecti0nhead

ReNet-18,ojectionhead 1S built using a pre-trained ResNet-18 model’s architecture. It replaces

the final fully connected layer with a custom sequence of layers, consisting of two linear
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transformation layers followed by Leaky ReLU activation functions. The initial linear layer
reduces the dimensionality of the feature space from the original size of the fully connected
layer to 512, while the subsequent linear layer further reduces it to 10 dimensions. Addition-
ally, a separate sequence of layers is developed to compute the triplet loss, involving a linear
layer that projects the 10-dimensional feature vector into a 2-dimensional space. During
the forward pass, input data is passed through the pre-trained ResNet-18 model to extract
features, which are then processed by the triplet loss layer to calculate positive and negative

distances.

Mathematically, given an input image tensor z, the ResNet-18,ojectionhead cOmputes the fea-

ture vector f using the pre-trained ResNet-18 model as follows:

f = ResNet(z)

Here, ResNet(x) represents the process of passing the input image tensor = through the

model, resulting in the extraction of relevant features represented by the feature vector f.

The feature vector f is then passed through the Triplet Loss layer to obtain the final 2-

dimensional embeddings, denoted as e:

e = Triplet_ Loss(f)

In this equation, Triplet_ Loss(f) refers to the operation performed by the Triplet Loss layer

on the feature vector f, resulting in the generation of 2-dimensional embeddings e.
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5.2.1 Autoencoder

The encoder and decoder in our implementation of the autoencoder are both made up of
linear transformation layers. The input data is compressed by the encoder into a lower-
dimensional representation during the forward pass, and the original input is reconstructed

by the decoder from this encoded representation.

We use the autoencoder to obtain an initial projection layout for ImageSIpgryipiet. We first
extract features from the pre-trained ResNet-18 model and then run these features through
the encoder to obtain the encoded representation. As the first projection layout, this encoded

representation captures important details about the input data in a 2D space.

5.3 Triplet Sample Selection

Triplet samples are selected from the dataset to facilitate triplet learning. Each triplet
comprises an anchor sample, a positive sample (similar to the anchor), and a negative sample
(dissimilar to the anchor). ImageSI forms triplets, using each point manipulated in the
interaction as an anchor. Triplets of images are chosen such that, for a given anchor, ImageSI
generates a pool of positive and negative samples by calculating the absolute differences
between the anchor coordinates and the coordinates of all other points. To identify a pool
of positive samples, it calculates the Euclidean distance between the anchor and each moved
point and sets a threshold for the minimum absolute difference such that any point below
this threshold is put into the pool. For a given triplet at that anchor, the positive sample
is then randomly selected from this pool. Negative samples are identified similarly, with
points having a maximum absolute difference exceeding the threshold considered as negative

samples. This process generates a pool of positive and negative samples for each anchor,
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used to form the triplets for training.

The anchor, positive, and negative samples are denoted as . The Euclidean distance between

two feature vectors x; and x5y is calculated as:

distance (1, x2) = Z(ﬂﬁh — X9;)?

5.4 Triplet Loss Calculation

The triplet loss calculation quantifies the similarity between anchor-positive pairs and the
dissimilarity between anchor-negative pairs. It encourages the model to learn feature repre-
sentations such that the positive samples are closer to the anchor samples than the negative

samples. The Triplet Loss Lyiplet is computed as:

N
1
Ltriplet = N E maX<d(aiapi) - d(aiu nz) +a, 0)
=1

where d(x1,x) represents the Euclidean distance between z; and o, a;, p;, and n; repre-
sent the feature vectors of the anchor, positive, and negative samples respectively for the
i'" triplet, N represents the overall count of triplets, while o denotes the margin value, a
hyperparameter controlling the minimum difference required between positive and negative

distances.
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5.5 Model Training

The model is trained using triplet samples selected from the dataset, to minimize the Triplet
Loss. Each training epoch involves forwarding the input images through the ResNet-based
model, computing gradients, and updating model parameters through backward propagation.

An optimizer is utilized to update the model parameters using the calculated gradients.

For ImageSIprmyipler and ImageSIppmyipiet, it’s recommended to use a learning rate of 1 x 107°
for optimal performance. The number of epochs needed depends on the complexity of the
interactive tasks. More challenging tasks require more epochs, while simpler tasks require

fewer.

The training process continues for a specified number of epochs set by users, with the option
of early stopping based on the consecutive epochs with zero loss. If the specified threshold
for consecutive zero-loss epochs is reached, the training process terminates early to prevent

overfitting and ensure efficient model convergence.

Through this iterative training pipeline, the model gradually learns to extract meaningful

feature representations from the image data.
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Chapter 6

Usage Scenarios

In this section, we demonstrate the practical applications of our framework by comparing the
three proposed ImageSI frameworks, ImageSIlypg-1, ImageSIproviplet, and ImageSIpyryipiet .
against the baseline model: WMDS~!. We evaluate their performance across two real-world
scenarios involving four image-sorting tasks. As part of our analysis, we incorporate an
evaluation of the projected layouts, utilizing the adjusted Silhouette score to evaluate the

clustering quality in each scenario.

6.1 Projection Evaluation

In evaluating the effectiveness of our method in capturing simulated user interaction, we
utilize the adjusted Silhouette score [13]. The metric evaluates clustering quality by consid-
ering the tightness of points within clusters (cohesiveness) and the distinctiveness between
clusters (separation). The Silhouette score, after adjustment, spans from -2 to 2. Near-
zero scores suggest cluster overlap, negatives imply misassignments, and positives indicate

well-separated clusters [43].

Following Han et al’s approach [12], we are creating a DR technique that considers human
feedback. Instead of focusing only on compact and well-separated clusters, we value the
meaningful insights found in the dispersion of clusters. We understand that important

insights can be hidden in how clusters are spread. This is why our target Silhouette score
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is around 0.5, preferring arrangements where data points are typically twice as far from the
closest class as they are from their own class. To emphasize this preference, we adjust the
Silhouette score by doubling it so that an ideal score is one. Scores below one signal too

much spreading out, while scores above one suggest excessive clustering.

The adjusted Silhouette score is calculated using the following formula:

b—
Adjusted Silhouette Score = ALY
max(a, b)

where a represents the mean intra-cluster distance, which measures the average distance
between a sample and other samples within the same cluster. b represents the mean nearest-
cluster distance, which calculates the average distance between a sample and samples in the

nearest cluster that the sample does not belong to.

A higher adjusted Silhouette score signifies better clustering performance, with values nearing
1 suggesting well-separated clusters, while those nearing -1 imply potential misassignments.

Scores near 0 imply overlapping clusters.

6.2 Case Study: Animals

In this case study, we investigate the capabilities of our framework, ImageSIypg-1, ImageSIprrriplet,

and ImageSIppyiplet, alongside the baseline framework, WMDS™!, in handling various sorting

tasks using two distinct animal image datasets.

For the first task, we utilize an animal dataset obtained from Kaggle, consisting of 20 images
of sharks and snakes [14]. This dataset aims to evaluate the model’s ability to distinguish

between animals based on the status of their mouths. Specifically, the dataset includes
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5 images each of open-mouth sharks, open-mouth snakes, closed-mouth sharks, and closed-
mouth snakes, providing a balanced representation of both open and closed-mouthed animals

for accurate sorting.

For the second task, we employ a mixed dataset comprising 30 images distributed across
three classes: “single horse,” “human and horse,” and “multiple horses.” These images were
sourced from Kaggle [14]. This dataset presents the model with the challenge of distinguish-
ing between various contexts involving horses, including scenarios with humans alongside
the horses and images featuring multiple horses. This diverse range of contexts presents
a challenging sorting task that requires the model to understand and differentiate between

different visual situations involving horses and humans.

6.2.1 Task 1: Open-Mouth and Closed-Mouth Animals

We start by loading a dataset comprising images of sharks and snakes, as depicted in Figure
6.1(a). Upon inspection, we note that some animals in the images have open mouths while

others have closed mouths.

To convey this information to the model, we engage in interactive manipulation of the
projection by segregating images of animals with open mouths from those with closed mouths
on three frameworks. As shown in Figure 6.1(b), we selected 8 animals with open mouths
(4 sharks and 4 snakes) and 8 animals with closed mouths (4 sharks and 4 snakes). We
positioned the 8 animals with open mouths in the top left corner and the 8 animals with
closed mouths in the bottom right corner to visually highlight their distinctions. Table 6.1

shows the adjusted Silhouette scores for all frameworks.

Figure 6.1(c) exhibits the updated projection for WMDS™!. Blue contours represent an-

imals with open mouths, while red contours represent animals with closed mouths. The
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(d) ImageSIy;pg-1 (e) ImageSIpRryiplet (f) ImageSIpHTriplet

Figure 6.1: Usage scenario on the Open-Mouth vs. Closed-Mouth Animals dataset: (a-f)
shows the procedure for conducting exploratory analysis on 20 images. In (a), we show the
initial projection. In (b), users separate the images of “open-mouth animals” from those of
“closed-mouth animals” by dragging them apart, highlighting the distinct “mouth” feature.
(c) shows the updated projection for WMDS™!, where blue contours include open-mouth
animals and red contours include closed-mouth animals. Similarly, (d) shows the updated
projection for ImageSlypg-1, (€) for ImageSIprryipiet, and (f) for ImageSIppryipiet-
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updated projection reveals cluster overlap, with two blue and two red contours indicating
misprojections. WMDS™! yields the lowest adjusted Silhouette score among the evaluated

frameworks.

In Figure 6.1(d), we see the updated projection for ImageSIypg-1. One closed-mouth animal
and two open-mouth animals are misclassified. Open-mouth animals predominantly group

at the bottom, while closed-mouth animals cluster in the middle right and top portions.

Figure 6.1(e) demonstrates the updated projection for ImageSIprmyiplet. A distinct separation

is observed, with open-mouth animals at the top and closed-mouth animals at the bottom.

Finally, Figure 6.1(f) depicts the updated projection for ImageSIpyyiplet- Despite a slightly
higher adjusted Silhouette score compared to ImageSIprryiplet, around five closed-mouth

images and the open-mouth animals overlap, leading to dense clustering.

Table 6.1: Adjusted Silhouette Scores for Open-mouth vs. Closed-mouth Animals Dataset

Framework ‘ Adjusted Silhouette Score

WMDS! 0.458
ImageSIypg-1 0.679
ImageSIDRTriplet 0.653
ImageSIpurriplet 0.683

6.2.2 Task 2: Single Horse, Human and Horse, and Multiple Horses

We load a mixed dataset containing images of humans and horses. Initially, the projection
groups similar images. However, upon closer inspection, we notice that some images contain
a single horse, some contain a human and a horse, and others contain multiple horses, as

depicted in Figure 6.2(a).

To address this, we first employ interactive manipulation of the projection to separate images
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(d) ImageSIy;Hg-1 (e) ImageSIpRriplet (f) ImageSIpHTriplet

Figure 6.2: Usage scenario on the Single Horse vs. Human and Horse vs. Multiple Horses
dataset: (a-f) depict the process for conducting exploratory analysis on 30 images. In (a),
we present the initial projection. In (b), the user adjusts the projection by segregating the
images featuring “human and horse,” and “multiple horses” from those showing only “single
horse.” This highlights the presence of the “human” object and the concept of “multiple”
features. The updated projection, (c), showcases the output for WMDS™!, where red con-
tours represent single horses, blue contours represent humans and horses, and green contours
represent multiple horses. Similarly, (d) displays the updated projection for ImageSIypg-1,
(e) for ImageSIprmyiplet, and (f) for ImageSIppryipiet-
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containing humans from those with only animals. By dragging images of humans and horses
apart from single horse images, we guide the model to learn about human objects. Then,
we separate the multiple horses from the single horse by dragging them, teaching the model
to recognize scenarios with multiple objects. The user manipulation is depicted in Figure
6.2(b). We selected 8 images with single horses, 8 with humans and horses, and 8 with
multiple horses. We positioned the single horse images in the top left corner, multiple horses
in the top right corner, and human and horse images in the bottom right corner to visually

highlight their distinctions. Table 6.2 shows the adjusted Silhouette scores for all frameworks.

Figure 6.2(c) demonstrates the updated projection for WMDS™!. Red contours depict single
horses, blue contours represent humans and horses, and green contours represent multiple
horses. WMDS™! yields the lowest adjusted Silhouette score among the evaluated frame-
works, indicating insufficient separation of clusters, as evidenced by two red, two blue, and

two green contours.

In Figure 6.2(d), we see the updated projection for ImageSI,;pg-1, which also exhibits two
blue and two red contours, indicating a failure to differentiate between single horses and im-

ages containing humans and horses. Additionally, there are instances of overlapping images.

Figure 6.2(e) presents the updated projection for ImageSIprryiplet, revealing a distinct sepa-

ration with all three clusters.

Finally, Figure 6.2(f) illustrates the updated projection for ImageSIpgryipet, boasting the
highest adjusted score among the frameworks. However, some images containing both hu-
mans and horses, as well as multiple horse images, appear densely clustered, impacting

clarity.
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Table 6.2: Adjusted Silhouette Scores for Single Horse vs. Human and Horse vs. Multiple
Horses Dataset

Framework ‘ Adjusted Silhouette Score

WMDS ! 0.302
ImageSIypg-1 0.667
IrnageSIDRTriplet 0.890
ImageSIpHTﬁplet 0.923

6.3 Case Study: Edamame Pods

In this case study, we examine two datasets containing images of edamame pods, aiming to
gain insights into the characteristics associated with pod maturity stages and the number of

seeds per pod.

The datasets are sourced from the Plant Sciences Department at Virginia Tech [15]. The first
dataset consists of 30 images of edamame pods, each containing two seeds. These images are
categorized into three maturity stages: “ready-to-harvest,” “late-to-harvest,” and “diseased,”

with 10 images in each category.

The second dataset also contains 30 images of edamame pods, categorized based on the num-
ber of seeds present: “one-seed,” “two-seeds,” and “three-seeds.” Similar to the first dataset,
each category comprises 10 images. Importantly, these images cover all three maturity
stages, providing a comprehensive dataset for exploring the relationship between maturity

stages and seed counts in edamame pods.

6.3.1 Task 1: Maturity Stage

For the first task, our focus lies on organizing the edamame pod images based on their matu-

rity stages, while disregarding the noise introduced by the number of seeds. We hypothesize
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(a) Initial Projection

)

(d) ImageSIy;Hg-1 (e) ImageSIpRriplet (f) ImageSIpHTriplet

Figure 6.3: Usage scenario on the Ready-to-Harvest vs. Late-to-Harvest vs. Diseased
Edamame Pods dataset: (a-f) demonstrate the exploratory analysis process on 30 images.
In (a), the initial projection is shown. In (b), the user manipulates the projection by seg-
regating the “ready-to-harvest” and “late-to-harvest” images from the “diseased” images,
emphasizing the concept of “maturity” features. The updated projection, (c), showcases
the output for WMDS™!, where red contours represent diseased pods, blue contours rep-
resent late-to-harvest pods, and green contours represent ready-to-harvest pods. Similarly,
(d) displays the updated projection for ImageSIypg-1, (e) for ImageSIprmipiet, and (f) for
ImageSIpHTyiplet-
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that by concentrating solely on maturity stages with consistent seed counts (two seeds for
all images), we can effectively train the model to understand and capture the concept of pod

maturity.

Figure 6.3(a) illustrates the initial projection, while Figure 6.3(b) depicts the user manipu-
lation to categorize the edamame pod images based on the maturity stage. Table 6.3 shows

the adjusted Silhouette scores for all frameworks.

Figure 6.3(c) displays the updated projection for WMDS™!. Tt registers the lowest adjusted
Silhouette score among the assessed frameworks. The presence of three red, three blue, and
two green contours indicates a failure to adequately segregate clusters based on the maturity

stage.

Similarly, Figure 6.3(d) presents the updated projection for ImageSI;ng-1, which achieves
the highest adjusted Silhouette score. However, it misclassifies one diseased pod image,
one late-to-harvest pod image, and two ready-to-harvest pod images, more misclassifications

than ImageSIprmiplet-

In Figure 6.3(e), the updated projection for ImageSIprmiplet is depicted. One misclassified

image is evident within the green contour representing ready-to-harvest pods.

Lastly, Figure 6.3(f) illustrates the updated projection for ImageSIpumiplet- It shows one

misclassified ready-to-harvest pod image and one misclassified diseased pod image.

Table 6.3: Adjusted Silhouette Scores for Ready-to-Harvest vs. Late-to-Harvest vs. Diseased
Edamame Pods Dataset

Framework ‘ Adjusted Silhouette Score

WMDS ™! 0.566
ImageSIDRmplet 0.866

ImageSIpHTﬂplet 0.782
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6.3.2 Task 2: Number of Seeds

In the second task, our objective is to categorize the edamame pod images based on the

number of seeds per pod while also considering the variation in maturity stages.

Figure 6.4(a) illustrates the initial projection, while Figure 6.4(b) depicts the user manipu-
lation to categorize the edamame pod images based on the number of seeds per pod. Table

6.4 shows the adjusted Silhouette scores for all frameworks.

Figure 6.4(c) displays the updated projection for WMDS™!. Tt registers the lowest adjusted
Silhouette score among the frameworks evaluated. Two blue and three green contours indi-

cate a challenge in effectively separating two-seeds and three-seeds edamame pods.

Similarly, Figure 6.4(d) presents the updated projection for ImageSI,pg-1, revealing two red,

two blue, and two green contours, suggesting difficulty in effective cluster separation.

In Figure 6.4(e), the updated projection for ImageSIprmiplet is depicted. One misclassified

two-seeds pod is observed.

Lastly, Figure 6.4(f) illustrates the updated projection for ImageSIpgmiplet. One misclassified
image is evident in the green contour representing the three-seeds pod cluster, and three one-

seed pods are not assigned to their corresponding cluster. Additionally, some images overlap.

Table 6.4: Adjusted Silhouette Scores for One-seed vs. Two-seeds vs Three-seeds Edamame
Pods Dataset

Framework ‘ Adjusted Silhouette Score

WMDS—! 0.317
ImageSIypg-1 0.554
ImageSIDRTriplet 0.838

ImageSIpHTﬁplet 0.617
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(d) ImageSTy;pg—1 (e) ImageSIpRTyiplet (f) ImageSIpHTriplet

Figure 6.4: Usage scenario on the One-seed vs. Two-seeds vs Three-seeds Edamame Pods
dataset: (a-f) illustrate the exploratory analysis process on 30 images. In (a), the initial
projection is depicted. In (b), the user manipulates the projection by segregating the “one-
seed” and “two-seeds” images from the “three-seeds” pod images, emphasizing the concept of
“number of seeds” features. The updated projection, (c), showcases the output for WMDS™!,
where red contours represent one-seed pods, blue contours represent two-seed pods, and
green contours represent three-seed pods. Similarly, (d) displays the updated projection for
ImageSIypg-1, (e) for ImageSIprmiplet, and (f) for ImageSIppryiplet-
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6.4 Summary

Across the evaluated frameworks, we noticed differences in their ability to accurately separate
and cluster images based on their features. ImageSIprmiplet demonstrated clear separation
in some cases, such as distinguishing between the two animal datasets. However, it oc-
casionally misclassified edamame pods based on the maturity stage and number of seeds.
ImageSIprmiples and ImageSIypg-1 also exhibited promising results but faced challenges at
times with dense clustering or overlapping clusters. WMDS™! had the lowest adjusted Sil-

houette score across all tasks.
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Chapter 7

Algorithm-Centered Quantitative

Analysis

In our study, we simulated evaluations using augmented datasets from various usage scenar-
ios, each with known ground truth labels. We aimed to quantify and compare the efficiency
of each system in achieving satisfactory sorting results based on the number of interactions
required. A lower interaction count suggests better efficiency in comprehending and inte-
grating analyst feedback. We calculated and compared adjusted Silhouette scores across all

four frameworks.

To evaluate the effectiveness of ImageSI in addressing the tasks outlined in Section 1, we
conducted experiments focusing on two primary aspects: first, to compare the inference
accuracy of ImageSI frameworks, and second, to evaluate their efficiency in capturing the

analyst’s intent through interactions.

To quantitatively evaluate the performance of ImageSIypg-1, ImageSIprrriplet, and ImageSIprripiet
and WMDS™! in organizing image datasets according to human feedback, we employ a

simulation-based evaluation approach.
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7.1 Experiment Design

Inspired by prior research [5, 12], we designed and developed a simulation engine capable of
simulating semantic interactions relevant to individual datasets. These interactions aim to
arrange images so that those belonging to the same category are grouped closely together,

while those from different categories are distinctly separated.

The simulation process involves conducting simulation iterations until reaching convergence
or a predetermined number of iterations. In each iteration, the simulation engine randomly
selects samples from each class of the dataset and applies semantic interactions to train
the SI systems. It’s worth noting that for both the ImageSIprmyipler and ImageSIpumyipet
framework, we need at least two samples per category in the dataset to ensure anchor
positive pairs; having just one sample per category will not suffice. The systems then learn
new DL embeddings based on the feedback provided by the simulation engine, organizing

the entire set of images accordingly.

We evaluate the clustering performance using the adjusted Silhouette score, which measures
the cohesion and separation of clusters in the projected space. To prevent overfitting, we

check for convergence criteria such as early stopping if the loss reaches 0.

7.2 Simulation Engine

To evaluate the performance of the system and assess the effectiveness of semantic inter-
actions, we employ a simulation engine comprising two key components: the Interaction

Simulator and the Layout Evaluator.
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7.2.1 Interaction Simulator

The interaction simulator simulates semantic interactions to guide the layout of image
datasets. For ImageSIy;ps—1 and WMDS ™, the simulator simply selects the specified number
of images, k, in each class (“open-mouthed” or “closed-mouthed”) and generates a distance
matrix such that, for two points x; and x;, ||z; — z;|| is 0 if the z; and z; are from the same

class and /2 otherwise.

For ImageSItyiplet, it selects k samples from each class. It then randomly picks an anchor
sample, though each selected sample will be used as an anchor in turn. A positive sample,
different from the anchor point, is randomly chosen from the same class as the anchor.
Similarly, a negative sample is randomly selected from the points in the other classes. This
requires that at least two points per class are moved (k >= 2), as selecting only one point

would not provide a positive sample for the randomly selected anchor points.

The calculation of the simulated distance can be represented as follows

0 if z; and z; are from the same class
||z — 24| =

T, otherwise

Here, ||z; — z;|| represents the simulated distance between the anchor and positive samples
x; and x;, respectively. If x; and x; belong to the same class, their positions are set to the
mean position. Otherwise, Z,, denotes the mean position of the selected negative samples,

representing the position of negative samples relative to the anchor and positive samples.

After simulating the interaction, we apply the corresponding loss function to fine-tune the

model. Finally, we extract the updated image embeddings and re-project them using MDS.
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7.2.2 Evaluation simulator

After the Interaction Simulator processes the data, the Layout Evaluator assesses the quality
of the projected layout. In this evaluation, we utilize the adjusted Silhouette score. We refer

to Section 6.1 for detailed information on the use and interpretation of this metric.

7.3 Dataset and Task

In this experiment, we utilize four datasets from the two case studies introduced earlier,
each with an expanded data size. The tasks remain consistent with those described in
the respective case studies (6.2 and 6.3). We run the simulation engine 10 times for each

framework and average the adjusted Silhouette score to obtain a final robust result.

7.4 Result

The comparison of adjusted Silhouette scores across different frameworks and tasks is il-
lustrated in Figure 7.1. Subfigures (a) to (d) depict the performance of ImageSIprmyiplets
ImageSIphTriplet ; WMDS ™!, and ImageSIy;pg-1, respectively, in various sorting tasks. Each
subplot shows the adjusted Silhouette scores achieved by the frameworks over a range of

interaction counts.

In the task comparing Open-Mouth vs. Closed-Mouth Animals (Figure 7.1a), ImageSIprryiplet
and ImageSl;pg-1 consistently outperformed the other frameworks across all interaction
counts. Specifically, ImageSIprmiplet achieved adjusted Silhouette scores ranging from 0.008
to 0.544, while ImageSI,;ng-1 exhibited scores within the range of 0.008 to 0.599. ImageSIpyyipet

also showcased competitive performance, particularly at higher interaction counts. However,
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(a): Open-Mouth vs. Closed-Mouth Animals
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(b): Single Horse vs. Human and Horse vs. Multiple Horses
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Figure 7.1:
tasks.

Comparison of adjusted Silhouette scores across different frameworks and
Subfigures (a) to (d) depict the performance of WMDS™!, and ImageSI,;ps-1,

ImageSIprmiplet; and ImageSIpumipler, T€spectively, in various sorting tasks. Each subplot
shows the adjusted Silhouette scores achieved by the frameworks over a range of interaction
counts.
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WMDS™! exhibited comparatively lower performance throughout the range of interaction

counts.

For the sorting task comparing Single Horse vs. Human and Horse vs. Multiple Horses
(Figure 7.1b), ImageSIprmiplet exhibited notable performance across all interaction counts,
achieving silhouette scores ranging from 0.225 to 0.612. ImageSI;pg-1 also demonstrated
competitive performance, especially at higher interaction counts, with scores ranging from
0.225 to 0.503. Conversely, WMDS™! and ImageSIphmiplet displayed comparatively lower
performance, with adjusted Silhouette scores varying from 0.074 to 0.253 and 0.103 to 0.377,

respectively.

In the task comparing Ready-to-Harvest vs. Late-to-Harvest vs. Diseased Edamame Pods
(Figure 7.1c), Both ImageSI;pg-1 and ImageSIprryiper consistently demonstrated superior
performance across the interaction counts, particularly excelling at higher interaction counts.
Achieving adjusted Silhouette scores ranged from 0.219 to 0.751 and 0.219 to 0.850, respec-
tively. ImageSIpumipler Presented a competitive performance in this task, with an adjusted
Silhouette score ranging from 0.247 to 0.484. In contrast, WMDS ™! showcased comparatively

lower performance, with silhouette scores ranging from 0.199 to 0.313.

Lastly, in the task comparing One-seed vs. Two-seeds vs. Three-seeds Edamame Pods (Fig-
ure 7.1d), ImageSIprmipler consistently showcased the highest performance throughout most
interaction counts, exhibiting silhouette scores ranging from 0.038 to 0.550. ImageSI,;pg—1
demonstrated competitive performance, particularly evident at higher interaction counts.
Its silhouette scores ranged from 0.038 to 0.469. In contrast, WMDS™! displayed relatively
lower performance across all interaction counts, with silhouette scores ranging from -0.031
to 0.113. Similarly, ImageSIpgyipler €xhibited performance inferior to ImageSIpryipler and

ImageSIpg-1, with silhouette scores ranging from 0.041 to 0.422.
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Overall, ImageSIprrriplet and ImageSIypg-1 consistently demonstrated superior performance
in terms of both inference accuracy and interaction efficiency, as measured by the adjusted
Silhouette score. Following closely was ImageSIpgyiples. Conversely, WMDS™! generally

exhibited lower performance levels.
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Chapter 8

Discussion

8.1 Loss Functions

In interactive deep metric learning, traditional metric loss like triplet loss [39], contrastive
loss [31], angular loss [44], quadruplet loss [45], N-Pair loss [46], and Histogram loss [47]
have been used to shape the representation learned by the model. In this work, we em-
ploy triplet loss and MDS™! to guide the DL model in capturing user intention. Triplet
loss optimizes the embedding space based on relative distances between samples. However,
it largely disregards the actual pairwise distances between data points, only using them
to infer clusters of images, which potentially overlooks meaningful feedback. In contrast,
MDS™! aligns pairwise distances in the embedding space with those in the DR space but
does not create as cleanly organized groups of images. Integrating MDS™! with triplet loss
would address this limitation by incorporating pairwise distances into the learning process,
while still emphasizing clustering. This would pair the detailed feedback from MDS™! with
the cluster’s superior organizational abilities of the triplet. The integration involves using
recovered pairwise distances to guide learning, enhancing the model’s ability to effectively

capture local and global structures.
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8.2 Balancing Inference Accuracy and Cluster Disper-

sion

In evaluating the performance of ImageSIypg-1 and ImageSIparyiplet, We observed competitive
or superior adjusted Silhouette scores across both case studies and algorithm-centered quan-
titative analyses. Notably, ImageSIypg-1 and ImageSIprryipler Outperformed ImageSIprryipiet

in two out of four case studies.

However, despite the promising results in adjusted Silhouette scores, both ImageSI,;Hq-1
and ImageSIpumipler face challenges with cluster overlapping. While these models effectively
minimize distances within clusters, they occasionally produce clusters that are too dense
and crowded. While cohesive clusters are desirable for clear separation, overly dense clusters

may obscure valuable insights inherent in cluster dispersion.

To address this trade-off between inference accuracy and clustering dispersion, one potential
solution is to introduce a regularization term in the model pipeline that penalizes excessive
cluster density. For example, the DBSCAN (Density-Based Spatial Clustering of Applica-
tions with Noise) algorithm incorporates a parameter called “minPts,” which determines the
minimum number of points required to form a dense region or cluster [48]. By adjusting
this parameter, users can control the density of clusters, effectively penalizing overly dense
clusters and promoting more balanced dispersion [49]. However, choosing the appropriate
parameters is challenging, particularly when there is significant density variation within clus-
ters. [50] introduced a method for determining optimal parameter values for different types
of clusters by detecting sharp distance increases through a function calculating distances

between each dataset element and its k-th nearest neighbor.

Ester et al. introduced the DBSCAN algorithm and demonstrated its effectiveness in clus-
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tering spatial data with varying densities [51]. The algorithm’s ability to adapt to different
density levels makes it suitable for addressing the trade-off between accuracy and clustering

dispersion.

Additionally, exploring ensemble clustering techniques or incorporating DR methods, such
as t-SNE, could offer alternative approaches to mitigating cluster overlap while preserving
cluster separation. These techniques have been widely studied and applied in various domains

to enhance clustering performance and interoperability [52, 53, 54].

Finding the right balance between accurately predicting outcomes and grouping similar data
points is key for making sure the information we gather from analyzing data is both valuable
and useful. By tackling issues like overlapping clusters head-on and using the methods men-

tioned earlier, we can boost the efficiency of tools that help users explore data interactively.

8.3 Interactive Deep Learning Model

The ImageSI framework uses a fine-tuned pre-trained ResNet-18 model as a feature ex-
tractor to enable data projection. Through user interaction, data points are dynamically
repositioned within the projection, refining the model’s understanding iteratively. This pro-
cess involves model backpropagation, where the ResNet model with updated convolutional
layers adjusts to capture the analyst’s intent better, ensuring continual alignment with user

expectations and data characteristics.

While ResNet-18 forms the basis for feature extraction, exploring alternative deep-learning
models holds the potential for further enhancing the framework’s capabilities. One viable
option is to consider deeper variants within the ResNet family, such as ResNet-50 or ResNet-

101. These models offer increased depth, enabling them to capture more intricate feature
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representations and potentially discern finer nuances within the data. For instance, ResNet-
50 has demonstrated superior performance in image classification tasks compared to ResNet-

18, attributable to its deeper architecture [55].

Another promising avenue involves the adoption of Vision Transformers (ViTs). Unlike tra-
ditional convolutional neural networks (CNNs) like ResNet, ViTs rely solely on self-attention
mechanisms, making them adept at capturing global dependencies within the data. Recent
studies have showcased the efficacy of ViTs across various computer vision tasks, often out-
performing CNN-based models [56, 57, 58|. Integrating ViTs into the ImageSI framework
could enhance the model’s ability to capture intricate relationships and semantic structures

within the data projection.

Moreover, attention-based models like Vision Transformers provide interpretability advan-
tages, allowing analysts to understand how different input components contribute to final

predictions, enriching the exploration process [56].

The ImageSI framework is very flexible and can easily be integrated with other DL models for
feature extraction. This offers exciting opportunities to improve interactive data exploration
and analysis. By using advanced models like ResNet variants and new architectures like
Vision Transformers, the framework can better adapt to user needs, allowing analysts to

gain more profound insights from their data.

8.4 Dimensionality Reduction Techniques

In our framework, we utilize MDS as a nonlinear DRT. MDS facilitates the visualization of
high-dimensional data by projecting it into a lower-dimensional space while preserving the

pairwise distances between data points [59]. Despite its simplicity and interpretability, MDS
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has limitations that may constrain its applicability [60].

As a nonlinear DRT, MDS faces limitations when applied to complex relationships inherent
in real-world datasets [61]. This can lead to suboptimal embeddings, where the lower-
dimensional representation fails to accurately capture the true underlying relationships
among data points. Furthermore, the curse of dimensionality, which states that pairwise
distances become increasingly sparse and less significant as data dimensionality rises, makes

MDS less effective with high-dimensional data [62].

To address these limitations, more advanced nonlinear DRTs offer improved capabilities
for representing complex data structures. Techniques such as autoencoders, t-SNE, and
UMAP have demonstrated effectiveness in capturing nonlinear relationships and preserving

the intrinsic structure of high-dimensional data [30, 63, 64].

Autoencoders, as neural network-based models, are particularly adept at learning nonlinear
mappings from high-dimensional data to lower-dimensional representations [65]. They offer
flexibility and adaptability in capturing intricate data patterns, making them suitable for a

wide range of datasets.

Similarly, t-SNE and UMAP have gained attention for their ability to preserve both local and
global data structures in high-dimensional spaces [63, 64]. t-SNE excels in producing high-
quality visualizations by using random walks on neighborhood graphs to overcome crowding
issues, while UMAP creates topological representations of data to maintain local and global

relationships effectively.

By using advanced techniques like Autoencoders, t-SNE, and UMAP, our system can produce
more useful embeddings that represent the data structure well and effectively handle complex

high-dimensional data.
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8.5 Visual Explanation

In the baseline model, WMDS ™!, Han et al. provide explanations of learned features through
weighted saliency maps [12]. Their visual explanations rely on Weighted Visual Backprop-
agation, utilizing inverse weighted projections from the Interactive DR loop to guide user
feedback through the neural network’s convolutional layers. However, in the ImageSIy;pg-1,
ImageSIprmiplet and ImageSIppmiplet frameworks, the use of WMDS™! is not employed. As a
result, weights optimized for preserving specified relationships cannot be computed. Without
these weights, Weighted Visual Backpropagation cannot function effectively, posing chal-

lenges in providing meaningful visual explanations for model predictions.

One solution to overcome this limitation is to utilize the Visual Backpropagation method [66].
This approach effectively calculates neuron contributions to feature representation, allowing
fast backpropagation. Although lacking the projection-specific optimization of WMDS™!,
implementing the Visual Backpropagation method enables the framework to continue offering

visual insights into the model’s decision-making process.

We can continue to improve the interpretability of the model’s decision by developing visual
explanation techniques that are appropriate for the limitations of the framework. This will
enable users to obtain a deeper understanding of the underlying mechanisms that underlie

the model’s predictions.
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Chapter 9

Conclusion

In this work, we introduced the ImageSI framework to facilitate interactive DL for image data
analysis within the context of VA. Utilizing SI techniques, ImageSI refines data projections
iteratively based on user feedback, enabling users to explore and understand complex image
datasets interactively. Unlike traditional dimensionality reduction methods, our framework
leverages DL models for interactive sensemaking without needing labeled data or specific fea-
tures. We evaluated three variants of the ImageSI framework ImageSIy;pg-1, ImageSIprrriplet
and ImageSIpumiplet, against the baseline model, WMDS™!, through various usage scenarios
and algorithm-centered quantitative analyses. Our findings indicate that ImageSIprmyipiet
and ImageSIy;ng-1 consistently outperform other frameworks in terms of inference accuracy
and interaction efficiency, achieving higher adjusted Silhouette scores across different image
projection tasks. Moreover, ImageSIpymiplet demonstrated competitive performance, while

WMDS™! generally exhibited lower performance metrics.
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