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Abstract

We aim to develop a novel tool for visualizing the loss landscapes of neural networks. This tool will
use adaptive sampling and just-in-time compilation to meaningfully increase the speed of generating loss
landscapes such that it can be a useful artifact to use during training, rather than post-training which is
the current state of the art.
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1 Reviews & Responses

1.0.1 Review 1

Reviewer: asathe1
Overall Score: 4

Interdisciplinary: 4-5
The proposal deals with artificial neural network models and their training dynamics. This is a field in and
of itself, making this a highly interdisciplinary work.

Scientific: 3-4
The contributions include potential for new insights into the training dynamics of artificial neural networks
(ANNs).

Visualization: 4
A new method to sample loss values towards visualization is proposed. Rather than present a novel way
to visualize loss landscapes (which are essentially 2-parameter functions), the method improves an existing
approach by sampling loss values adaptively and improving efficiency.

Significant: 3
This work is significant in advancing our understanding of machine learning theory.

Novel: 4
The proposal suggests an improvement on an existing visualization method.

Goals Clearly Stated: 3
The goals are clearly stated.

Likelihood of Success: 3
The likelihood of success is high.

Strengths:

• Clearly identified niche/target area.

• Growing need for a solution in this domain.

• Clearly identified background work to compare to.

• Clearly stated improvement.

Weaknesses:

• The main contribution is an algorithmic improvement in a visualization technique; the main novel
contribution may not be a visualization contribution.
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Other Comments for Discussion:

• What does visualizing the loss landscape contribute to theory-building for language models?

1.0.2 Response

We agree that the visualization proposed might not be novel. To improve this, we aim to include volumetric
visualization to look at a 3d slice. In addition we will identify critical points and construct a contour tree.
This will provide a completely novel way to visualize the complexity of the loss landscape.

1.1 Review 2

Reviewer: bbutaney
Overall Score: 3.5

Interdisciplinary: 3
While the proposal does not directly tie itself to a science outside the discipline of computer science, neural
network visualization can aid researchers in almost any academic discipline, from biology to linguistics.
Some examples of this could be elaborated upon to better get this point across in the proposal.

Scientific: 2
From a machine learning perspective, these visualizations could substantially improve the intuitiveness of
training neural networks.

Visualization: 5
Since other methods exist to perform this task, it is hard to rate the visualization contribution too highly.

Significant: 3
The project is overall very significant, since any improvement in our ability to train neural networks has
wide-reaching benefits. After all, neural networks are used in almost every major scientific discipline to
some extent nowadays.

Novel: 3
The finer details of the proposed project are novel, but the overarching goals are less so.

Goals Clearly Stated: 1
The goals are clearly stated.

Likelihood of Success: 4
It is difficult to tell whether the result will be faster than existing methods, but I am confident that the team
can produce a working prototype nonetheless.
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Strengths:

• Wide-reaching benefits for many fields.

• Baselines and goals are very clear.

• 6-week plan is clear.

Weaknesses:

• Not as novel as some other proposals might be.

• There is not enough evidence to make me fully confident that they can develop a method that is
actually faster than the baseline.

• Less directly stated significance outside of computer science.

Other Comments for Discussion:

1.2 Response

To address the review’s second concern first. We are confident that we can gain significant speed by just-
in-time (JIT) compilation and adaptive sampling. [1] demonstrates that just using JIT on a simple function
results in a 2.5 times speed-up. These savings compound over a complex program.

As stated in our response to review 1, we will include volumetric vizualiasations and contour trees.
For the final concern, while we believe that neural networks are inherently interdisciplinary, we will aim

to apply our method to physics informed networks as a stretch goal.

1.3 Review 3

Reviewer: bleahey
Overall Score: 2.5

Interdisciplinary: 3
The proposal relates to deep learning interpretability and visualization, two somewhat related fields. Poten-
tial for impact in other fields is present but unstated.

Scientific: 1
Mid-training insights and more efficient loss landscape visualization would be a very important and useful
development for a variety of deep learning applications. This has not currently been implemented due to
computational constraints. Elaboration on the method of acceleration would increase this score.
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Visualization: 4
The visualization techniques themselves are not necessarily novel, but the improvement in speed and effi-
ciency of visualization is.

Significant: 3
The proposal clearly relates to other works and demonstrates how it will build upon them. Targeting more
specific insights during training may increase its potential significance.

Novel: 2
Loss landscapes have been visualized before but are relatively unexplored and have yet to be implemented
at the speed of real-time training.

Goals Clearly Stated: 1
The goals are clearly stated.

Likelihood of Success: 3
This is a fairly difficult computational task (training speeds are a high bar), but the team is experienced
within this field and has a clear plan for the project.
Strengths:

• Potential for significant impact in a variety of deep learning applications.

• Team is experienced and has a clear plan for the project.

Weaknesses:

• Visualization techniques are not as novel as some other proposals.

• The acceleration method is not elaborated on.

Other Comments for Discussion:
Was already very familiar with this proposal and excited to see how it turns out!

1.3.1 response

We agree that we can improve our visualizations by including a volumetric slice and countour graph.

1.4 Review 4

Reviewer: Eric Xia
Overall Score: 3.5
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Interdisciplinary: 5
The interdisciplinary goals of this project relate to the application of neural networks, which are ubiquitous
in many different fields, such as biology, physics, mathematics, and language. However, the visualization
component itself does not support research outside of the domain of computer science.

Scientific: 2
A faster loss landscape visualization could save ML researchers time in developing improved gradient de-
scent techniques, and lead to faster convergence times in general. This would be highly invaluable in effec-
tively utilizing computing resources, given the $1 trillion investment being made on generative AI across
industry. The time saved may be marginal compared to existing methods, but the possibility of enabling
online visualization is a valuable direction to explore.

Visualization: 4
The contribution given in the ”Aims” section, a dynamic view of post-training loss, does not seem to be a
visualization contribution. However, the justification in the ”Significance” section provides a good visual-
ization contribution: namely, by comparing loss landscape visualizations across pairs of hyperparameters it
is possible to understand the optimal parameter space more easily. I am somewhat skeptical of the notion
that a spatial visualization (or 2D with isolines) is going to lead to insights in training. One important reason
to create these plots is to identify cases of local minima traps; however, my impression is that this is not
a huge problem with adaptive moment estimation. If there was a way to identify overfitting, it would be a
very helpful tool for ML practitioners.

Significant: 4
There already exist tools which produce loss landscape visualizations post-training. However, if the speedups
produced by using adaptive sampling are significant enough, this could enable a new way of working with
ML models. I have some hesitation in endorsing the effectiveness of using a tool like this during training,
as in order to visualize data and derive insights from it, the data needs to be fairly complete. A partial
loss landscape (e.g., the top slice of Figure 1) would be quite uninformative, as there would be no way of
inferring the final optimal coordinates. I am also not convinced that the original problem of the post-training
visualization taking a long time—15 seconds—is completely worthwhile.

Novel: 5
To date, no loss-landscape visualization tool has used adaptive sampling to generate visualizations, so this
would be a novel approach to the problem. However, the overarching goal of loss-landscape visualization
is not a new one. I am somewhat confused as to whether JIT compilation would be effective given the size
and density of the data. Perhaps there exist optimization approaches which make sense in the context of 3D
post-training visualization.

Goals Clearly Stated: 3
The goals are enumerated well. It is not exactly clear how online visual feedback will lead to better or easier
characterization of the behavior of a neural network.

Likelihood of Success: 3
The goal of making loss-landscape visualization orders of magnitude faster seems to be doable, as the
existing methods simply loop over all data points.
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Strengths:

• Clear pathway to basic implementation.

• Improvements to basic implementation could lead to significant changes in ML methodology, with
widespread consequences for the field.

Weaknesses:

• Basic implementation lacks scientific significance.

• Existing well-maintained tools in the field.

Other Comments for Discussion:
Was already very familiar with this proposal and excited to see how it turns out!

1.4.1 Response

We thank the reviewer for the very thorough feedback. We push back on the idea that the visualization
does not support research outside of computer science. Indeed, training neural networks has proved to
be successful in many domains such as robotics, biology and physics. However, we do understand that
it is not clear from our proposal how visualizing the loss is helpful. To address this concernt, we aim to
use physics informed neural networks as one application of our tool. As far as visualisation and novelty are
concerned, we agree with the reviewer. To strengthen our contribution we will add volumetric visualusations
and contour trees as two new methods to understand the complexity of the loss landscape. These methods
have not been applied to neural networks as far as we know.

1.5 Review 5

Reviewer: Thais Del Rosario Hernandez
Overall Score: 3

Interdisciplinary: 3
The proposal is highly interdisciplinary. Neural networks (NNs) are useful tools in many disciplines, and
informing training through visualization of loss landscapes is relevant to any application of NNs. The score
could be further improved by citing some reviews that inform the reader about the broad use of NNs.

Scientific: 2
The proposed work would provide significant improvements to the NN training workflow, as well as help
users understand and optimize the parameters that affect training outcomes.

Visualization: 4
The main goal of the proposed work is to increase the generation speed of the visualization (i.e., neural
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loss landscape). However, the visualization itself will not be significantly different from those produced by
existing tools.

Significant: 2
The proposed increase in speed would be a greatly significant and broadly applicable contribution to NN
workflows. The proposer also has a plan to confirm that their tool is not only faster but remains accurate.

Novel: 3
While the algorithm that will be used as the basis for the speed improvements (adaptive sampling) is not
novel, its implementation in this context will be novel.

Goals Clearly Stated: 1
The goals are clearly stated throughout the proposal.

Likelihood of Success: 3
The implementation goals are definitely achievable; whether it will be significantly faster than the baseline
is promising but not guaranteed.
Strengths:

• Clear goal explicitly stated throughout the proposal.

• Strong scientific significance of the proposed goals.

• Background research and baseline tools were clearly established.

Weaknesses:

• Not obvious what the novel visualization contribution will be.

• Somewhat high risk, as there is a chance that the implementation will not be significantly faster than
the baseline.

Other Comments for Discussion:
None.

1.5.1 Response

We agree with the review that the main weakness is in the visualisation novelty. To improve this we aim to
incporate volumetric visualisation, so that it is possible a 3d slice of parameter space. In addition we wil
ladd contour trees which will help give a different sense of the smoothness of the landscape.
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2 Aims

The aim of this project is to develop a visualisation tool for neural network (NN) loss landscapes. The scien-
tific contribution is to develop methods to significantly speed up the rate at which these visualisations can
be generated such that they can be useful during training and to find the most informative slices. The visual
contribution is to develop a novel method to dynamically change the vectors along which the visualisation
is generated for a more dynamic view of the loss post-training and to visualize critical points in higher di-
mensions through Reeb graphs [16]. Our stretch goal is to apply our tool to physics informed networks to
understand when they are ill-conditioned.

3 Significance

Despite the high-dimensionality and non-convexity of neural network loss landscapes, a problem difficult
in theory, neural networks are still somehow able to find global minima in practice. Furthermore, some
neural network architectures are easier to train than others. Why? Visualisations can help us understand
how different architectures and features of the neural net affect the loss landscape. Furthermore, the ability
visualise the loss landscape during training can give the practitioner insights into the training procedure. At
the moment, the only feedback available to the practitioner is often the loss value and train/test accuracy. A
visual tool would be able to provide much detailed and intuitive feedback that can be used for debugging,
early stopping and model tuning. Our hope is that by the end of the semester, this project will be a useful
diagnostic tool for anyone training a neural network. In the future, understanding the loss landscape could
lead geometric insights that could help bridge theory and practice. In particular, we aim to bridge the gap
between deep learning and geometry. However, given the ubiquity of neural networks in many different
scientific fields, we believe this work extends into other domains like graphics, language, and neuroscience.

4 Background

Visualising loss landscapes can lead to genuine insight into neural network training as demonstrated by the
following works: [4] use affine splines analytically characterise the local properties of the deep network
loss landscape and quantitatively compare different deep network architectures. Back in the 1990’s [11]
conjectured that flatness of the minima of a loss function found by a NN results in good generalisation. This
claim was investigated by [9] who conclude that more geometric properties of the loss landscape should
be taken into account to characterise flatness. Crucially, these analyses are all done post-training, our hope
is that by providing online visual feedback, we can make these types of mathematical insights into neural
networks easier to discover.

5 Visualizing Loss Landscapes

This work is primarily inspired by [13] who proposed visualising neural network with linear interpolation:
Given two scalars α, β, neural network with parameters θ and loss function L(θ) choose two direction
vectors δ, η and plot function

f(α, η) = L(θ + αδ + βη) (1)
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Which creates a 2D surface of parameter space. In particular, [13] chose δ and η which are at the
appropriate scale by applying filter normalisation. [2] is a blog by Javier Ideami who renders loss landscapes
in extremely high fidelity. These renderings often take days and blend art and science and represent very
much an upper bound of what is possible.

5.1 Is a 2D Slice enough?

Many convergence proofs often rely on the local convergence assumption. For example, adam [12], the
most popular optimization algorithm in deep learning is known to locally converge under certain conditions
[6]. However, if these conditions are not met, or a different optimizer is used, we may be making a false
assumption. By visualizing the loss landscape, if the practitioner is able to find any slice that where lo-
cal convergence does not happen, they are able to disprove the assumption. Similarly, many optimization
regimes often assume well conditioned Hessians (second order derivative of the parameters). If the loss a
slice of the loss landscape reveals a valley shape or saddle point instead of a bowl shape [10], the practitioner
has visual evidence of ill-conditioning. This appears to be a particular problem with physics informed neural
networks (PINNS) [7].

Figure 1: Loss landscape visualisation from [13].

6 Going beyond 2D

Nonetheless, going beyond 2D slices does not appear to be done in other works. We propose a novel visual
contribution by incorporating Reeb graphs [16]. It should be possible to take a slice of arbitrary dimension
and find critical points by sampling the gradient at those points. If gradient is 0, we can add it to the tree.
This would be a genuinely novel method for going beyond a 2D slice for neural networks.

7 Contributions

7.1 Scientific

The main scientific contributions will be the following

• Apply adaptive sampling algorithms to find the most interesting parts of the loss landscape.

• Investigate other dimension reduction algorithms beyond PCA [8] to find the most interesting 2D
slices.
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Figure 2: Example of a Reeb graph [5].

• Apply our tool to physics informed networks (stretch goal) to understand conditioning.

Where we define interesting as areas that have unstable gradients.

7.2 Visual

• Interpolate between slices to gain a more complete picture of the landscape

• Use Reeb graphs to visualize critical points beyond 2D.

7.3 Evaluation

7.3.1 Quantitative

Gradviz [8] is the most similar tool to ours currently available. Our aim to build a tool which also takes
as input a Pytorch model and produces loss landscape visualisations. In this case, GradViz is used as a
post-training tool. Our hope to to use adaptive sampling and engineering speedups to allow us to generate
similar landscapes during training. Gradviz would be our main benchmark of comparison. [15] solve the
opposite problem, — rather than trying to visualise a landscape, they try to shape the landscape to some
image. If time permits, we hope to apply this technique as a sense-check to confirm that our tool is working
as intended. Finally [14] present Adaptive, a method of sweeping through parameter space and sampling the
most interesting parts. We aim to use this algorithm along with just-in-time compilation to make our tool
fast enough to be used during training.

7.3.2 Qualitative

Our qualitative evaluation will involve a pilot user study of a up to five learning experts. The goal will be to
use the tool to design a better neural network architecture to solve a toy problem like MNIST [3]. The aim
will be to use the loss. The pilot will see if the users can improve their score on the test set only using the
visual tool to inform their neural network architecture.

8 Research Plan
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Week Task Description Deliverables/Outcomes

Week 1 Re-implement [13] as a baseline Working prototype

Week 2 Integrate Adaptive [14] Speed benchmarks against [8, 13]

Week 3 Speed improvements Improved benchmark results

Week 4 Implement change of basis vectors feature Improved Benchmarks and new feature

Week 5 User study and PINNS -

Week 6 Final review and project closure Final report

Table 1: 6-Week Project Plan
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Abstract

We describe a novel approach to visualizing the time-varying unfolding of representations in the
residual stream of a transformer. The method allows a joint viewing of the layer-by-layer dynamics
of the residual stream rather than attention heads, and plots a trajectory in an independently-defined
reduced dimension space enabling cross-stimulus comparisons.
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File: /home/aalok/brown/classes/vis…athe_response_to_reviewers.txt Page 1 of 5

October 10, 2024: response to reviewers
 
We thank the reviewers for their time spent reviewing this proposal.
 
================================================================================================
Reviewer: apraka15
================================================================================================
 
             Overall: 6. 
ack
 
    Interdisciplinary: 6. The interdisciplinary aspect was not really discussed, apart from a
breif mention of congative science. 
we will discuss the emerging sub-field of AI, and discuss why it merits studying on its own
 

   Scientific: 2. Adding to the interpretability of transformers would be very
helpful to the deep learning community. 
ack
 
        Visualization: 7. The proposal didn't mention any concrete plans for visualizing the
residial stream. It seems the first 2 weeks of 
        the project
        are didicated to figuring out which tools and methods should be used which doesn't
leave much time for the rest of the project. Some 
        pictures of the related work would help.
Agreed; making the plan more concrete would be a help. The final proposal will include more
concrete methods.
 
   Significant: 6. It's unclear what the specific contribution is which makes it hard
to evaluate. 
We will clarify the specific contribution in terms of what will be visualized and how.
 

        Novel: 5. It's unclear what the specific contribution is which makes it hard
to evaluate. 
See above.
 

 Goals clearly stated:
 I think the goals are quite vauge beyond visualizing the residual stream. There was

good discussion on the meachnisitc interpretability literature, but less on 
 specific visualizations. 

We will include more specific details on the nature of the visualization.
 
 
Likelihood of Success: 4/10
 
 

Strengths:
Interesting domain
Good understanding of exisitng techniques

 
Weaknesses:
unclear what the visualization might look like
timeline seems ambitious. 

 
Other comments for discussion:
Some reference visualizations would be helpful. 
How will this be evaluated?

reference visualizations not available at the time of proposal.
evaluation will be based on
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================================================================================================
Reviewer: bbutaney
================================================================================================
 
 
Score the proposal on the following criteria.  For each criteria,
provide an NIH-style score from 1 to 9.  Refer to the descriptions
of scores in the shared google doc "board."  Briefly justify your
scores under each.
 
 
 
 
             Overall: 3
 
 
 
 
    Interdisciplinary: 2; proposal is substantially interdisciplinary, with relations to
cognitive science and neuroscience
ack
 
 
 
           Scientific: 3; While the questions about transformer interpretability are grounded
and informed 
           (based on my knowledge of the literature surrounding transformers, at least), 
           this could be explained better in the proposal
we will provide more background on the motivation behind transformer interpretability
 
 
 
        Visualization: 3; Strong idea, but vague explanation of how they will actually create
interpretable visualizations
agreed; in the final proposal we will be more concrete about how the visualization will be
created
and why it would be interpretable
 
 
 
           Significant: 2; transformers have been highly relevant in NLP and this proposal 
           demonstrates high potential impact on the field of cognitive science.
ack (see above)
 
 
 
                Novel: 3; Idea is innovative with a focus on residual stream and alternative 
                ways to improve interpretability, but this could be elaborated on more
ack (see above)
 
 
 

Goals clearly stated: 2. Goals clear, but the final outcome desired could be
clarified a bit more
ack (see above)
 
 
 

Likelihood of Success: 3; while this seems promising, dealing with high dimensional
data can be 

tricky and interpretability is always hard to evaluate.
this comment is generally of the nature 'this may be hard'. we take this to interpret it is 
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hard but
within the realm of being possible. 

 
Strengths: Very focused goals for residual stream which makes scope feel less

daunting. Merging transformers with cognitive science is interesting and could yield very
impactful results
 

Weaknesses: Vague in aspects related to implementation, which decreases my 
confidence in the proposal as a whole. Also vague in regards to evaluation metrics.

agreed; we will aim to be more concrete in terms of specific goals in the final proposal.
 

Other comments for discussion: What are some specific methods that could be used for
visualization? How would they differ from 

standard methods like PCA?
we will likely use PCA.
 
================================================================================================
Reviewer: bleahey
================================================================================================
 
 
Score the proposal on the following criteria. For each criteria,
privide an NIH-style score from 1 to 9. Refer to the descriptions
of scores in the shared google doc "board." Briefly justify your
scores under each.
 
             Overall: 5;
 
 
    Interdisciplinary: 5; Relates to large language models. Implies significance in cognitive
science but does not elaborate.
we will connect to the background as it relates to mechanistic interpretability and 
the implications of studying representations of language in cognitive science.
 
    Scientific: 2; Transformers are extremely novel and significant—improving visualization
represents a strong contribution.
ack
 
    Visualization: 7; presentation demonstrates traditional visualization techniques and a
strong understanding of the literature,
    but there is no suggested methodology for the proposed visualization of the residual
stream.
agreed; in the final proposal we will be more concrete about how the visualization will be
created
and why it would be interpretable
 
 
    Significant: 6; Significance is implied and not elaborated upon.
we make some connections but will make more connection with literature explaining the
necessity of interpreting
the workings of artificial neural network models.
 
    Novel: 5; It's unclear what the specific contribution is which makes it hard to evaluate.
see the two responses above
 

Goals clearly stated:
I think the goals are quite vauge beyond visualizing the residual stream. 
There was good discussion on the meachnisitc interpretability literature, but less on
specific visualizations.

we will aim to be more specific in terms of contribution in the final proposal
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Likelihood of Success: 7; Proposal is somewhat vague and only allots two weeks for
implementing

computational methods which strikes me as ambitious.
we will readjust the proposed time allocation to spend 3-4 weeks on the computational aspects.
 
 

Strengths:
Strong understanding of previous work on transformers
Great potential for novel machine learning contribution

 
Weaknesses:
Lack of specificity in goals
Lack of clarity on the specific contribution

ack; addressed above
 

Other comments for discussion:
 
 
================================================================================================
Reviewer:  Yang Xiang 
================================================================================================
 
Score the proposal on the following criteria.  For each criteria,
provide an NIH-style score from 1 to 9.  Refer to the descriptions
of scores in the shared google doc "board."  Briefly justify your
scores under each.
 
 
             Overall:  3
 
 
    Interdisciplinary: 3  Generating visualization for certain transformer block
interpretability 
    is a typical combination of visualization and ai research. 
    (by the way, 3 of the 4 proposals I review have similar topics like this...)
ack
 

   Scientific:  3  The project seems to try getting new insight for transformer model
with 

   visualization, which may help ai researchers build better transformer structure.
ack
 
        Visualization:  4  The author did not provide too much detail about visualization,
yet did 
        a great survey with many related papers.
agreed; we will provide specifics of how we plan to visualize the residual stream of
transformers
 
   Significant:  3   Generating new insight from visualization of a single block is
hard. 
   However the tool may have great discoveries if the author finds a novel way for
visualization.
ack
 

        Novel:  3  While there are tons of tools doing the similar topic, this
project focuses 

        on a small and new direction. Transformer is relatively new and studying a
certain block 

        inside it is a quite novel direction.
ack
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Goals clearly stated:  3 There is a brief plan. Maybe more detail is needed for each
2 weeks.
agreed. more detail will be provided in the final proposal.
 
 

Likelihood of Success:   3   The goals need to be clearer. However, it is a really
good practice to 
do enough survey before actually starting coding.
 

Strengths:
 

1. do a lot of survey
2. choose a good sub direction

 
Weaknesses:
1. goals a bit unclear
2. hard to produce significant insight with the tool

1. goals will be made clearer
2. a project so small in scope is unlikely to provide significant insight. we will make the
limitations clear 
in our proposal.
 

Other comments for discussion:



Figure 1: Levels of abstraction relate to levels of understanding. Whereas the implementational details of
artificial neural network models are known, and some the computational goals pre-defined in terms of task
constraints, their algorithmic workings are unclear. The goal of the current work would be to enable visual-
ization that may provide insights into the algorithms supporting an artificial neural network’s computational
goals. (Figure taken from ‘Levels of biological plausibility’, Love (2021)).

1 Aims

Transformers (Vaswani & et al, 2017) form the basis of modern language models, including large language
models (LLMs). The parameters of a transformer can be fully inspected, and the dynamics of any given
stimulus fully and deterministically computed: something that would be a dream come true for neuroscience
if this were true of the human brain. Despite their fully accessible structure, their complexity is unlike any
neural network model before them, which eludes their understanding at a level of abstraction above their
raw weights and mathematical operations. The lowest-level explanation of a system of interest is a full
description of the system itself, and provides little to no insight into the workings of it (Figure 1).

In this work, we propose to visualize one component of the transformer model, namely, its residual
stream. The residual stream forms the basis of transformations to an input token, and tracks how it evolves
over time up until its output, in the form of next-token prediction.

Traditional visualizations of transformers focus on attention as the primary object of interest (Figure 2).
However, despite its allure towards interpretability, the role of attention in shaping representations in an
interpretable way is questioned. For instance, Jain & Wallace (2019) note that there is no necessary connec-
tion between attention patterns and posited mechanisms that might be the cause of a behavior, and in fact,
attention does not correlated with gradient-based feature-importance maps derived directly from an explicit
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Figure 2: Traditional visualizations of transformer attention (Vig, 2019).

Figure 3: Architecture of a transformer model
(https://poloclub.github.io/transformer-explainer).
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error signal.
Instead, we look to the residual stream as an object of interest, and study how the representations of

inputs may be evolving over time. It is widely known that neurons in biological and artificial systems
engage in multiplexing and construct distributed representations that are more expressive, efficient, and
robust to noise (Fusi et al., 2016). Despite this distributedness, there is nevertheless rich structure in how
they represent their inputs. Neuroscientists have a long history of studying neural populations of interest and
attempting to find structured representations in their activity Khona & Fiete (2022); Chung & Abbott (2021).
Such models of neural activity allow an interpretable explanation at an algorithmic level to be described: for
instance, keeping track of the position of one’s head is ecologically relevant, as it can help make sense of
visual sensory inputs and build a model of the surrounding world. What might be the best implementation
for such a circuit? Neuroscientists recording neural activity from the fly brain found evidence of a ring-
attractor network where a point in the ring-like activity-space represents a physical instantiation of the head
position Vafidis et al. (2022).

Similarly, despite the vastly high-dimensional nature of representations in an artificial neural network,
there may nevertheless exist structure that points to algorithmic-level explanations of its behavior (Chung
& Abbott, 2021; Langdon et al., 2023). We propose to look at the residual stream (Figure 3) in response
to linguistic inputs in the form of sentences or phrases. Since the residual stream is high-dimensional, we
plan to use a dimensionality reduction method, such as PCA, to reduce it to 3-dimensional space. Compared
to traditional, static, means of visualizing representations at a particular layer, we will use the same PC-
space across layers, allowing for a longitudinal geometric view into the evolving activations of the residual
stream. In order to independently construct such a space and not be biased by the data at hand (to avoid
double-dipping), we will come up with two different datasets, D1 and D2, one of which will be used strictly
towards learning the general properties of variance in this space, and to construct a transformation into a
low-dimensional space. The second dataset, D2, will be used towards actually constructing visualizations
in this space, assuming sufficient variance overlap with D1 so that the PC-transform is still faithful to the
representational properties of the transformer with respect to D2.

To evaluate the success of our visualization methods, we will compare them with literature in com-
putational and systems neuroscience on gleaning traces of behavior and mechanisms from neural activity
(Figure 4) and qualitatively evaluate whether our method is able to produce any such early signatures of
explainability. Furthermore, we will evaluate the usefulness of the current method in relation to traditional
visualizations of attention in transformer models (Figure 2).

2 Significance

The success of transformers in modeling real-world language use, which had so far eluded artificial models,
makes them a compelling target of interpretability work, with potential upshots to both, the field of machine
learning as well as cognitive neuroscience. For the joint purposes of understanding these models better,
and consequently, understanding the implications for cognitive neuroscience, it is necessary to develop new
methods to aid their understanding (Cao & Yamins, 2021a).

Artificial neural network models arose from neuroscience-inspired model-building. Nevertheless, their
implementational details have vastly diverged from our understanding of biological neural networks. How-
ever, ANNs have also demonstrated, for the first time in history, proficiency in processing language in a
human-like way.
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Figure 4: Chung & Abbott (2021) provide examples of manifolds as an explanatory tool in behavior and
brain sciences.
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Figure 5: Why is studying the workings of a neural network model important? In Cao & Yamins (2021b),
the authors propose the effect of increasing constraint on the solutions intelligent systems come up with to
solve the constrained task. Given a complex, high-level task such as language processing, it is possible that
two systems of vastly different implementations nevertheless converge on their algorithmic solutions owing
to similarity in computational goals: prediction. For this reason, understanding neural network language
models has the potential to inform theory in cognitive neuroscience. (Figure taken from Cao & Yamins
2021b).
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3 Related Work

Molina (2023), use a geometric approach to understanding a specific operation within the transformer archi-
tecture, namely, normalizing. Our approach would use similar methods to look at the residual stream rather
than the effect of a particular operation like normalization.

Chung & Abbott (2021) Neural population geometry: An approach for understanding biological and
artificial neural networks. Authors provide a compelling call to action for using geometric methods to un-
derstand the complexities of biological and artificial neural systems. Relationship to your project: Provides
a comprehensive review of methods so far and a philosophical perspective motivating such work.

In another work (Sanford et al. (2024)), authors review key properties of representations of inputs in
transformers. In our project, this will be relevant in deciding what properties would be most informative to
visualize, and to know any limitations of the attempted visualization beforehand.

The authors of Valeriani et al. (2024) study the geometry of hidden representations of large transformer
models. Authors consider factors such as ’intrinsic dimensionality’, a property of the representation space,
and study its unfolding over time (over layers). This is a useful example of studying a particular property
rather than all of the representation space in raw form, and then visualizing its unfolding. Furthermore, au-
thors highlight similarities across two very different tasks: protein modeing and image modeling. Similarly,
authors Hosseini & Fedorenko (2024); Hénaff et al. (2019) study another key property, ’curvature’, of the
representation space. In our work, we would be able to use their method to consider displaying some form
of aggregate or epiphenomenal property to visualize along with the visualization of the representations of
data.

A method we won’t be able to get to in our work, but that provides inspiration for an alternative visu-
alization framework, is a developmental framing of the same question: rather than ask how representations
evolve over the time-course of processing, the authors Saxe et al. (2019) ask the same question over devel-
opment, or training.

Merullo et al. (2024) Uses singular value decomposition (SVD) on neural network weights as a way
of predicting how representations might evolve over time. Relationship to your project: There could be
alternate ways of visualizing the dynamics, without even using any input data, but by doing network analysis
on its own. Our work may use some methods from this work.

Piantadosi et al. (2024) Posits mechanisms behind a harmony in observed properties of representations
so far and our understanding of concepts in the human mind. Posits that despite the mechanistic nature
of artificial neural networks, they may have rich conceptual spaces. Provides possible ways this might be
realized. Relationship to your project: Useful inspiration for what ways of looking at high-dimensional
representation spaces can help inform theory in allied fields such as cognitive science.

4 Research Plan

Weeks 1-2 Narrowing down of what set of stimuli should be used as an example use case of the proposed
tool. Constructing a PC-space. Constructing two datasets, D1 and D2 as materials supporting visualization.

Weeks 3-4 Development of tool. Fine-tuning of parameters. Construction of visual imagery.

Weeks 5-6 Testing, evaluation, comparison with prior methods, and writing of report.
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Abstract

We present a novel method for visualizing genotype matrices that uses admixture data and measures of
uncertainty to improve standard UMAP visualizations. The method overcomes the tendency of tradi-
tional visualizations to exaggerate genetic differences among populations. By incorporating visualized
measures of individual ancestral history, our method better prevents misinterpretation and misuse of the
data, as will be evaluated through a qualitative user study.
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Dear Editor and Reviewers,

We appreciate the constructive feedback on the manuscript, and we have prepared a revision accordingly.
Please see below for an itemized list of your feedback and a brief description of how each will be addressed
in the revised proposal.

Reviewer 1: asathe1
Reviewer 2: bleahey
Reviewer 3: apraka15

Reviewer 1
[R1.1] Overall: 4
[R1.2] Interdisciplinary: 2. target domain is genomics visualization
[R1.3] Scientific: 5. aids the scientific interpretation of genomics data by adding uncertainty estimates to
the visualized UMAP points. adds admixture data, increasing our understanding of the data
[R1.4] Visualization: 3. figuring out visualization of admixture on top of points in UMAP space as well as
annotating uncertainty is a complex visualizaiton problem, and a solution would be considered a visualiza-
tion contribution.
[R1.5] Significant: 3. has significance in terms of aiding the understanding of the visualized data to avoid
controversy
[R1.6] Novel: 3. novel solution to an existing and important problem
[R1.7] Goals clearly stated: 4-5. yes, at a high level. clear description of the methods needed.
[R1.8] Likelihood of Success: 4. likely
[R1.9] Strengths: good problem identification, good identification of what needs to ha[pen as a solution to
said problem.
[R1.10] Weaknesses: Needs more discussion of specifics of how the problem will be solved
Response: We have clarified our approach to merging admixture visualizations with UMAP displays in our
Aims sections.
[R1.11] other comments: - what other areas could your solution be applied to, where you need to visualize
uncertainty?
Response: Although we no longer intend to visualize uncertainty (due to time constraints), we have added
an explanation of how our visualization solution could be applied to external applications. In particular,
we have described how UMAPs have been used in galaxy cluster analysis our Significance section, there-
fore demonstrating that an improvement in UMAP technology can inform a variety of external disciplines.
Generally speaking, researchers in any discipline that use UMAPs could benefit from knowledge on whether
informational overlays provide context to their data or if this extra information confuses the viewer more.
[R1.12] Other comments for discussion: n/a

Reviewer 2
[R2.1] Overall: 3
[R2.2] Interdisciplinary: 1; strong relation to genomics, sociology, and visualization with potential applica-
tions to other visualization domains
[R2.3] Scientific: 5; Mentions scientific goals as more of an aside on insights into genetic diversity. Empha-
sis on how this improves education and understanding of genetic diversity is understated and could improve
this score.
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Response: You are correct. We have improved the Significance section to highlight how the project will
educate viewers and aid them in understanding genetic diversity holistically. We have also included an ex-
ample graphic that I presented in class directly from Sohini’s paper (the graphic about the spike in misuse
of genetic data on social media following controversial socio-political events).
[R2.4] Visualization: 2; uncertainty visualization is novel and overall task is well framed in how it ties into
visualization and understanding of genetic data.
[R2.5] Significant: 3; has significance in terms of aiding the understanding of the visualized data to avoid
controversy
[R2.6] Novel: 4; Uses somewhat dated and known methods. Incorporating more generalized frameworks
or approaching this as a proof of concept for other visualization methods (besides umap) and tasks (besides
genomics) could make this extremely novel, but also is quite an ambitious goal.
Response: You are correct that an application of our methods in other contexts is ambitious given the 6 week
timeframe. We have incorporated an optional milestone towards the end of our 6-week plan, so that (should
time permit) we can try to create a more generalized framework that also works for other dimensionality
reduction methods (like t-SNE or PCA).
[R2.7] Goals clearly stated: 2; well defined methods of umap and admixture
[R2.8] Likelihood of Success: 2; umap and admixture are well established methods, and the project lays out
a good timeline for incremental goals with these tools.
[R2.9] Strengths: strong interdisciplinary connections, well defined methods, achievable with clear timeline.
[R2.10] Weaknesses: without a strong discussion section or attempt at a more generalized framework, this
may fall short on novelty
Response: To improve the strength of our Significance section, we have included a more thorough dialogue
regarding the ways in which our framework and results from the user study can be useful to researchers in
fields outside of biology. For example, data from the user study on whether interactively merging data with
a UMAP display is beneficial or obscuring can be useful for any discipline that deals with dimensionality
reduction (ie, physics). We have also given a concrete example of how dimensionality reduction is used in
a physics context (galaxy cluster analysis) in order to better highlight this use case. Regarding the more
generalized framework, see our response to [R2.6] above.
[R2.11] Other comments for discussion: n/a

Reviewer 3
[R3.1] Overall: 2
[R3.2] Interdisciplinary: 1. The work is clearly interdisciplicary bringing together genomics, statistics and
computer science
[R3.3] Scientific: 2. The proposal aims to visualize an interesting scientific question
[R3.4] Visualization: 2. The proposal aims to combine umap and adamixture and measures of uncertainty.
[R3.5] Significant: 2. The signficiance is clearly motivated.
[R3.6] Novel: 2. Combining UMAP and admixture is interesting, but there is quite a lot of potential in
visualizing the uncertainty.
Response: We are glad that the uncertainty visualization idea was of particular interest. Unfortunately, due
to the nature of a tight 6-week schedule, we determined that we will not be able to visualize measures of
uncertainty as well as admixture data. Further, we decided that doing both might clutter the display. Future
work might address the potential with visualizing uncertainty.
[R3.7] Goals clearly stated: Yes
[R3.8] Likelihood of Success: 8/10
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[R3.9] Strengths: clear aims, clear plan, clear visualizations and contributions
[R3.10] Weaknesses: The document could be tidied up - it still has some of the default fields visible from
the template. Reference images would be helpful.
Response: The mentioned default fields have been removed. A reference image demonstrating trends in ex-
tremist social media posts that use genetic data has been incorporated into the final proposal to aid readers
in understanding the significance of misuse by extremist agents.
[R3.11] Other comments for discussion: - How will this be evaluated?
Response: We have included more details regarding our user study in our Aims section. Specifically, we
will be using mechanical turk to gain insights into the interpretability of our improved visualizations. Users
will be asked to misinterpret a traditional UMAP baseline as well as our improved UMAP with interactive
admixture displays. Users will then rank how difficult it was to obscure the findings of each visualization,
and these ratings will be tallied.
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1 Aims

The overarching goal of this project is to design a nuanced approach to UMAP-based visualizations of
genotype matrices by visually incorporating individual ancestry data, referred to as admixture throughout
this proposal. Specifically, we aim to create an interactive visualization allowing users to hover over dif-
ferent segments of an admixture bar plot, which will then highlight the distribution of individuals from the
corresponding region within the UMAP display. More broadly, we hope for this novel approach to help
prevent the misinterpretation and misuse of population genetics data. Though a UMAP visualization alone
may highlightat that individuals may appear in distinct clusters based on one metric, our aim is to emphasize
that this does not imply they belong to entirely separate populations. In reality, all individuals have complex
ancestral backgrounds involving multiple populations, and these ancestral distributions cannot be fully cap-
tured by the discrete clusters shown in a UMAP visualization.

Our technical aims are therefore three-fold. First, we aim to develop a streamlined code base that simulta-
neously performs UMAP dimensionality reduction and computes ancestral admixture proportions for each
individual, enabling researchers to see the ancestral origins of individuals within each UMAP cluster. The
data of these individuals will be taken from the 1000 Genomes Project’s public dataset [7]. Second, we plan
to integrate these visualizations—UMAP clusters and admixture bar plots—into an interactive display that
demonstrates how individuals cannot be genetically categorized as belonging to distinct, isolated groups. Fi-
nally, we will evaluate the effectiveness of our new visualizations by conducting a user study and getting the
opinions of experts. Our plan is to use Amazon’s Mechanical Turk platform to conduct a study where users
are asked to create malicious tweets using both traditional UMAP visualizations and our new interactive
UMAP/admixture visualizations. Users will then give a rating on how difficult they found it to manipulate
each visualization. We will generate ”misuse scores” from the resulting data, which will be compared to
develop an evaluation of our results. The opinions of Dr. Diaz-Papkovich and Dr. Ramachandran will also
be used to qualitatively evaluate the success of our new method.

2 Significance

Given the ever-growing polarization that has defined the socio-political landscape of the 21st century, it is
crucial to be able to properly and responsibly visualize the genetic relationships between human individuals,
with extra emphasis on providing adequate context for the relationships demonstrated. Without sufficient
techniques to do so, misinterpretation and misuse of population genetics data has shown to fuel the discrim-
inatory arguments of extremist groups [4]. Carlson et al. showed how rises in social media references to
population genetics visualizations increase following divisive social events (see Fig. 1). Current methods
for dimensionality reduction of large genotype matrices frequently exaggerate the genetic differences among
populations, producing visualizations that are ripe for misinterpretation and misuse. Improving upon these
methods provides strong educational merit, with the potential to improve our understanding of complicated
population structures and our communication of these structures to a broader audience. By educating a
broader audience on the nuance behind human genetic diversity, we can help combat the work of extremists
to mislead their viewers with out-of-context population genetics research.

Our project satisfies the need for nuanced and context-driven visualizations of genotype matrices by al-
lowing individuals to explore the data underlying a UMAP display on their own. Having a method that
provides this visual context to the complicated genetic relationships represented by genotype matrices will
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Figure 1: The Spread of a Meme [4]

allow for more accurate and responsible visualizations of genetic diversity within and between human pop-
ulations. From a visualization standpoint, our project introduces a new approach for presenting complex,
high-dimensional data in a way that is accessible to the general public. These enhanced visualizations have
applications beyond population genetics, as high-dimensional modeling of complex relationships is also es-
sential in fields such as anthropology, physics, and more. For instance, UMAP visualizations have been used
to explore datasets as different from ours as data on the properties of galaxy clusters [8], underscoring the
broad need to improve UMAP interpretability. From a science perspective, our project demonstrates unique
insights into the role of individual ancestry on genetic diversity. Our results will also provide insight into
the complex genetic relationships underlying the genetic data from the 1000 Genomes Project [7]. Finally,
results from our user study evaluation will provide insights for researchers across many disciplines who use
UMAP. Particularly, we hope to learn more about whether providing extra context to UMAP displays in
the form of interactive visualizations is helpful or hurtful to overall interpretability. Though we predict the
former, if our results show the latter, this might be evidence that researchers should look for other methods
of improving interpretability outside of interactive visualizations.

3 Related Work

First proposed in 2018, UMAP has served as the standard for nonlinear dimensionality reduction and has
been applied to a plethora of fields [9]. In particular, UMAP allows for researchers to maintain the majority
of the structures present in the original data while significantly reducing its dimensionality. Yet, UMAP
visualizations do not display any external context, which are a necessity when analyzing the results of any
study. In comparison to other dimensionality reduction methods, like t-SNE and PCA, UMAP has been
demonstrated to be better in regards to run time and the organization of its generated clusters [2].

6



Since the introduction of UMAP, the technology has been shown to be able to generalize to different types
of biological data. For example, UMAP has been demonstrated to be able to distinguish between biological
groups and to differentiate batch effects in single-cell RNA sequencing (scRNA-seq) data [10], although it
was not able to demonstrate the significance of these relationships or the context behind them.

More recently, UMAP has been shown to provide unique insights into population genetics data as well [6].
In particular, it was in 2021 shown to be able to visualize complicated population structures and relation-
ships while also finding lower level demographic insights. Similar to the authors of the original UMAP
study, however, Diaz-Papkovich et al. found that UMAP visualizations lacked outside context. Further,
their methods lacked any notion of ancestral genetic history.

In 2009, ADMIXTURE was presented as a method to evaluate ancestry proportions of individuals in or-
der to aid researchers in understanding the different source populations of individuals [1]. When used
alone, however, ADMIXTURE does not provide clustering or dimensionality reduction to high-dimensional
datasets. Though other methods, such as PONG [3] admixture bar plots, have since come out to improve
admixture visualizations, they have not been applied or integrated with other forms of population genetics
visualizations. Our project addresses this limitation by incorporating UMAP visualizations along with these
PONG bar plot visualizations in order to simplify the data in a visual context. In particular, users will be
able to interact with bar plots that show the proportions of each population from which individuals come
from. When hovering over a bar from a specific ancestral population, individuals who come from those
populations will be highlighted within our UMAP display. This will show that individuals who discretely
fall into one ancestral population are actually distributed across multiple UMAP clusters, minimizing the
notion of discrete genetic differences between human beings.

Since the introduction of ADMIXTURE in 2009, efforts have been made to use admixture data to con-
textualize UMAP displays. In a separate paper to their work in 2021, Diaz-Papkovich et al. worked to
color-code UMAP clusters by ancestral proportions in a separate paper [5], the authors mention that these
newer visualizations still suffer from the limitation that they have more adjustable parameters than other
traditional dimensionality-reduction methods. This means that the data can be presented in many different
ways depending on how these parameters are shifted, making it easy to exaggerate the genetic variation
of populations [5]. As such, there is still a demonstrated need for a more approachable and interpretable
method of combining admixture insights with UMAP displays.

4 Research Plan

1. Week 1: Data Preparation

(a) Genotype data will be downloaded from the 1000 Genomes Project, a public database for geno-
type matrices.

(b) The data will be then converted into a format suitable for use with ADMIXTURE, a common
software tool that allows for admixture analysis.

2. Week 2: Initial UMAP baseline and ADMIXTURE familiarity
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(a) A UMAP will be generated to reduce the dimensionality of and visualize the data from the 1000
Genomes Project to show population clustering. This is the standard method currently used, and
will be utilized as a baseline for interpretability in the later user study.

(b) Familiarity with ADMIXTURE’s PLINK format will be developed to support Week 3’s goals.

3. Week 3: Admixture Analysis and Bar Plot Generation Via PONG

(a) The Admixture tool will be run on the 1000 Genomes Project data to acquire ancestry propor-
tions for all individuals that were used to make the UMAP from the prior week.

(b) Data will be entered into PONG [3] to generate admixture bar plots

4. Week 4: Merging Admixture Display With UMAP.

(a) Admixture/PONG bar plots will be merged with the UMAP visualizations made in Week 2.
Interactive feature will be implemented, allowing for individuals to be highlighted in UMAP if
they have ancestry from the bar plot that the user’s mouse is hovering over.

5. Week 5: Finalizing Visualizations and Running User Study

(a) Interactive display will be finalized if it is not completed by the end of Week 4.

(b) If time permits, the code will be organized into a general framework combatible with other di-
mensionality reduction methods (t-SNE, PCA). This milestone will be ignored if the interactive
display from Week 4 is not finished by the start of this week.

(c) Mechanical Turk user study will be conducted to generate the ”misuse scores” of both our new
visualization as well as the basic UMAP.

6. Week 6: Presentation and Abstract

(a) Develop abstract and final presentation.

(b) Practice presenting and ensure all materials are submitted.
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Abstract

We aim to enhance cancer treatment understanding for patients by converting regimens on the HemOnc
database into a user-friendly calendar format using the Google Calendar API. After implementing visual
encodings such as color, saturation, opacity, and density and fuzzy scheduling techniques, we evaluate
visual and oncology contributions through user studies and surveys.
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1 Response to Reviews:

We appreciate the time and effort put into reviews and have included responses to reviewers’ feedback on
the attached proposal.

1.1 Aalok Sathe

Overall: 3-4
Interdisciplinary: 2; target domain is cancer therapeutics
Scientific: 6; this is not intended to be a scientific contribution; though it is definitely aligned with the
longer-term translational goal of science: treatment. Additionally, enabling better patient tools for treatment
will someday enable better administration of clinical trials, etc.

Response: We hope that patient interaction with the browser will be seen as a novel contribution to-
wards oncology (and other medical fields with similar regimens). We have received feedback from health
professionals we have previously worked with that a personal calendar approach to treatment regimens is
appealing. As such, we have detailed more concrete methods to evaluate this interaction in our proposal
and timeline and will continue to develop these methods with our collaborators and their patients.
Visualization: 3; the primary contribution of this project. The authors propose to intuitively visualize a
calendar of cancer treatment timelines.
Significant: 3; seems to be very important work.
Novel: 4-5; it will involve the exploration of some visualization techniques well suited to a tabular and
temporal format, including exploration of color schemes to display data.

Response: To emphasize the novelty of these techniques, we have added a discrete set of novel visual-
ization methods and their combinations as part of our aims section. We have also detailed a comparison
trial with a baseline visualization of a Google Calendar and HemOnc to evaluate the effectiveness of our
visualization methods.
Goals clearly stated: 3; yes.
Likelihood of Success: 3; highly likely.
Strengths:

• Concrete goals

• Clear significance

• Good identification of prior work to compare to

Weaknesses:

• Authors may want to hypothesize or propose some minimal extensions for future work that may be
scientific contributions and simply mention them in the proposal to woo funding agencies.

Response: We have elaborated on the aims section, adding a future work/discussion section to the
proposal. This details the collaborator’s future goals of integrating an even more generalized pipeline for
the treatment browser, encompassing practitioner views, hematology treatment regimens, and comparative
visualization methods.
Other comments:

• Could you do a human study contrasting a few approaches to find out what is more intuitive?

Response: In response to this concern, we have added greater detail to our mention of ”user study.”
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1.2 Byron Butaney

Overall: 3
Interdisciplinary: 1; mix of visualization with healthcare and patient care is highly interdisciplinary.
Scientific: 4; while meaningful, further clarification is needed for how the visualization can be used in
current clinical settings.

Response: We have added greater detail to our background section to clarify the current clinical set-
tings. We have also added greater detail in our aims section to how both ourselves and our collaborators
see this being used by patients and how it can be properly evaluated for its effectiveness in a clinical setting.
Visualization: 3; novel methods, but visual elements of the visualizations are not as clear as they could be.

Response: See the novelty response to reviewer 1—we have detailed which specific visualization meth-
ods we hope to explore after further consulting the literature.
Significant: 2; enhancing patient care is highly significant, and integration could impact many people from
many backgrounds.
Novel: 3; visualization method and overall idea of treatment planning is unique, but the inclusion of life
milestones and experimental visualizations could be better fleshed out.

Response: We have discussed with our collaborators the level of detail that should be included on
life milestones. One potential solution we have discussed, using the Google Calendar API, will allow us
to integrate a patient’s personal calendar into the treatment browser. We will proceed for now using this
method as our primary option and will build out on wrapping around their API as we explore further
methods.
See previous response on experimental visualizations.
Goals clearly stated: 1
Likelihood of Success: 3; project seems mostly feasible, but the 3D visualizations and integration of user
feedback seem a bit challenging. . . maybe focus on more manageable methods first?

Response: In concurrence with this feedback, we have pushed off heightened 3D visualization methods
and some of the more experimental visualizations to future work. Getting detailed feedback from users
on more basic visualizations while experimenting with factors like color and layout will be our priority to
establish a concrete baseline for future work.
Strengths: Patient-centered scope yields a very meaningful proposal. Highly interdisciplinary and novel
visualization methods.
Weaknesses: Some details are lacking for the calendar layout and for evaluation. Feasibility of 3D visual-
izations is questionable.

Response: Addressed in previous responses.

1.3 Key points from Prof. Laidlaw

Significant: 8; the “Time-permitting” phrase on the evaluation greatly reduced the potential significance.
Even if patients cannot be surveyed, some kind of evaluation is essential. Non-patients could provide feed-
back. So could the collaborators. This score would be much higher with more evaluation specifics and
commitment. The proposal claims the approach will be “approachable” and “relatable.” Also, that a cal-
endar framework is “novel” and “approachable.” Those are further claimed to constitute a novel scientific
contribution. Can you measure those properties? Do they really constitute a novel scientific contribution?
There were other claims that might suggest evaluations: accessible, effective, understanding.

Response: This was a key point when looking at feedback overall. This contributed greatly to our deci-
sion to cut back on some of the more experimental visualizations and focus on a more concrete evaluation
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plan. As stated, we have detailed more concrete visualization methods we will use and have explored lit-
erature in order to best evaluate significance through questions about whether the visualization is more
“approachable” and “relatable” than the wiki format of HemOnc or a plain Google Calendar.
Novel: 6; is “Calendar-based” novel? I thought that was one of the ways that the collaborators already use.
Other approaches mentioned appear to be combinations of earlier research. Combinations can be novel,
even of known approaches.
Response: As far as we know, collaborators have not previously explored a calendar-based approach to
this specific regimen dataset, just the browser and network visualizations shown previously. However, we
have more concretely outlined which methods we plan to combine in hopes of building on specific points
discussed in previous user studies.
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2 Aims

We will transfer key treatment plans from the extensive cancer treatment database, HemOnc, into an easy
to navigate calendar view, a step towards a patient-focused, generalized framework for displaying treatment
plans. Utilizing the Google Calendar API, we incorporate patient’s life milestones towards a more relat-
able understanding of regimens. Finally, we implement and combine visualization methods overlaying the
calendar for displaying longitudinal clinical data. This include proven methods such as color saturation,
density, and opacity of datapoints. Further, we employ novel calendar visualization methods such as “fuzzy
scheduling” (see Related Work) with respect to factors like occlusion, priority, and workload limits which
have not been implemented in an oncology context.

To evaluate these methods, we will carry out a user study of patients beginning treatment and a survey
of patients who have gone through treatment already. This evaluation is carried out in terms of the scientific
and visualization impact. A comparison study with HemOnc and a baseline calendar view will assess our
contribution to the task of patient experience in cancer treatment regiments. We evaluate all permutations
of our visualization methods in terms of its accessibility and practicality. Through this user study, we
hope to gain key insights on improving patient’s understanding of their cancer treatments and visualizing
longitudinal data in a calendar format.

3 Significance

Cancer treatment regimens are structured plans of cancer treatment, including factors like chemotherapy
drugs, surgeries, radiation, and various other treatments. The selection of regimen has been shown to have
significant affects on the quality of life and cognitive function of breast cancer patients, often requiring
multidisciplinary support [1]. Further, a survey of patients showed their strong interest in knowing avail-
able treatment options, timing and risks, as well as having multiple modes in which this information is
presented [2]. Typical information presentation varies, but can include discussion with doctors, pamphlets,
and video/audio sources. This also includes treatment calendars, which are generally created by nurses or
advanced practitioners [3]. A survey of these patients found approximately 95% indicated the creation
of digital calendar generation software to be “moderately to extremely helfpul” [3]. We hypothesize
that a calendar based approach will be particularly effective in personalizing a patient’s understanding of
these regimens. Automatically synthesizing these personalized calendar visualizations from the HemOnc
database represents a novel contribution (see Related Work). Further, by providing a generalized framework
that may be updated with future clinical data, we can allow for continued accessible communication in the
future.

Calendar or scheduling visualizations have, in general, been used for a variety of applications such
as personal health, job planning, and more. Exploring and combining previous visualization methods then
collecting feedback from a user study can allow for continued progression of digital calendar and scheduling
applications (see Related Work for specific methods and applications). In particular, the visualization of
“fuzzy scheduling” in the context of healthcare is a novel presentation of a growing logical approach to
regimens and treatments.
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(a) HemOnc Wiki View (b) HemOnc Table View

Figure 1: Native HemOnc visualization methods

4 Related Work

4.1 HemOnc

HemOnc is an ever updating database of novel cancer treatment regimens developed by our collaborators
[4]. Shown in Figure 1, HemOnc currently has native wiki and data browser displays for the data. Wiki
displays include consistent presentation of regimens as cards, with a general form and example shown in
Figure 1a. This structured and generalized form allows for new regimens to be incorporated through their
entry tool in an organized fashion. The data browser views are much more sparse. Instructions provided
with the table view, such as counting the number of trials or determining the number of publications for
a regimen, indicate that it is intended for larger scale data querying rather than patient interaction. Mean-
while, trialist and temporal data browsers provide information on studies and data collection over time. This
information may be useful for a practitioner to develop a visualization tool or any user to assess the existing
information from certain studies, but provides little information about the regimen process. Evaluating the
current HemOnc visualization methods through the lens of a patient is significant in itself, providing infor-
mation the editorial board can use to improve the reach of their database. Further, our proposed methods
aim for pointed improvement to this patient interaction, which will be clearly evaluated on their accessi-
bility and practicality through our user study. If well received by patients, we will have successfully built
upon HemOnc’s database to an extent that can be contextualized with the feedback on HemOnc’s current
visualizations.

Previous work by our collaborators has been done to automatically synthesize comparative networks of
treatment regimens [5]. They used color, size, and opacity used to represent outcome, number of uses, and
recency of evaluation. Providing these networks to our patients as part of the user study, we can build on
their work by allowing it to serve as a baseline for our experiment and get feedback on the best uses of the
HemOnc database. We will also continue to develop the pipeline of data utilized within this experiment. It
is likely the different representations have different strengths, as this work focuses on presenting risk due
to toxicity of treatment. Thus, we can also work on tying visual elements and methods to incited effects on
users as a general visual contribution.
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4.2 Healthcare Calendars

Calendar or longitudinal approaches exist to map factors like genomic features alongside cancer treatment
regimens. For example, the cBioPortal visualizes changes in protein and other longitudinal data over years
of treatment using color coded data [6]. Manual entry calendar approaches specific to patient regimens
also exist [7, 8], but remain underexplored with strong patient desire for more accessible software [3]. We
may use existing methods cBioPortal as a loose framework for effective existing methods specific to cancer
regimens. However, applying more sophisticated vizualizations, as well as contexts that steer away from
the single cell and protein applications, we provide an extremely desired patient contribution and a basis for
future automated calendar softwares.

4.3 Visualization Methods

Figure 2: Gantt Chart for Fuzzy Scheduling Visualization

Other existing calendar visualization methods have been explored within the context of personal health
calendars, which have been evaluated more formally. User tests from a dissertation provide a framework for
effective use of visual encodings such as color, saturation, hue, slope, and density [9]. Effectively applying
these results will be necessary to build upon previous developments in calendar-based visualization. Further,
visualization methods for fuzzy scheduling (detailed below) remain untested within a personal calendar or
healthcare context. Incorporating some of these methods and receiving user feedback from patients will be
both a visualization and oncology contribution.

“Fuzzy Scheduling” relates to the broader concept of fuzzy logic, which deals with imprecise infor-
mation using ranges. Fuzzy scheduling in particular refers to scheduling without a fixed start or endpoint.
Recent novel applications in chemotherapy have used fuzzy scheduling alongside controllers, which are
mathematical models that help guide treatment [11]. In general, it presents an excellent way for treat-
ments to handle uncertainty in patient responses and model adaptive treatment. Other applications of fuzzy
scheduling, such as for shipyard management, have displayed it within a Gantt chart to display uncertainty
in ship arrival as shown in Figure 2 [15]. Other applications of fuzzy scheduling for time series data include
shop management, algorithm timing, and construction [12, 13, 14]. To our knowledge, there is no existing
visualization of fuzzy scheduling for cancer treatment regimens, especially not in calendar format. Applying
fuzzy scheduling and receiving user feedback may represent a significant improvement over other calendar
based methods. Additionally, better understanding how users interact with fuzzy scheduling visualizations
can have significant reach into the applications described above and more.
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5 Research Plan

5.1 Timeline

Task Time Estimate
HemOnc/Raw Regimen data to generalized data type pipeline 1-2 weeks
Base Calendar View 0.5-1 week
Implement Novel Visual Elements 1-2 weeks
Write up method results and novel technological contributions
Concurrent small scale user study comparing visualization methods 2 weeks

Table 1: Timeline for Project Tasks

5.2 Visualization Methods

Key visual encoding methods we will explore include color, saturation, density, and opacity, motivated by
previous works [5, 9]. Color will be used to represent categories of dates, the saturation will represent its
relative impact, density will represent relative importance, and opacity will model certainty of information
based on previous clinical trials. We will also include fuzzy scheduling, which we have motivated above.
These methods will be implemented incrementally on a plain Google Calendar representation of our data.

Google Calendar’s API allows us to interface with a patient’s existing calendars, given permissions, as
well as create predefined event and calendar visual objects [16]. These objects allow us to specify color
saturation, but we will have to implement opacity and size changes wrapping around these objects. Further,
the Google Calendar API does not provide “fuzzy” start and end times, so we will implement a novel class
wrapping around their API. We will experiment with exploiting the “all-day” event or the “parent event”
features built into their library to create these fuzzy events.

5.3 Evaluation

With our collaborators, we will obtain as many current cancer patients and previous patients as possible to
survey during our 2 week window. This may include those with personal relationships to the PI, for which
we will document conflicts of interest. Motivated by previous literature on calendar assessment surveys,
we will include a pointed 1-5 survey on the practicality and clarity of whether the calendar improved their
understanding of desired information such as [2, 9]:

1. treatment options (chemotherapy, radiation, surgery, hormones etc.)
2. tests and results
3. impact of treatments (timing, aftereffects)
4. clinical trials
5. treatment duration
Further, we will include a general interview of current and previous patients to establish visualization

significance. These will be more open ended questions such as:
1. Which visualization method do you prefer? why?
2. Would you see yourself using the calendar during your treatment (or would you have for previous

patients)?
3. What visual elements stood out to you the most? how did they make you feel?

8



Between these two sub-studies, we hope to get a better sense of the calendar’s merit and how it could be
improved in the future (if found to be as desirable as in previous surveys).

5.4 Facilities

For our calendar implementation, we use the Google Calendar API, a free service. Some API usage quo-
tas and operational limits are imposed, but we do not anticipate reaching these limits or requiring a paid
subscription through the user testing stage [16].

The HemOnc Knowledge base has been provided by our collaborators, which has been detailed below
in the Note From Collaborator (6).

No additional computational resources should be required for this project.
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Abstract

Through automated high-quality feature detection, SAEs promise a more complete understanding
of how language models function. This paper proposes a novel method for visualizing SAE feature
contexts using probabilistic syntactic trees. Through the replacement of linear text-based activation
contexts with probabilistic syntax trees, the method simplifies feature comparison and grouping. Among
other applications, this visualization enables higher-level investigations of universality, and facilitates
the identification of occlusion and oversplitting within SAE training. The resulting visualization of
”language-conditional functions” will also be compatible with any set of activating contexts, making it
a long-lasting contribution to interpretability beyond specific techniques.
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1 Response to Reviewers

We appreciate the constructive feedback on the manuscript, and we have prepared a revision accordingly.
Please see below for an itemized list of your feedback and a brief description of how each is addressed in
the revised manuscript.

[ChatGPT.1] The experimental nature of the proposed visualization method presents some risk in
terms of feasibility and success.
Response: We acknowledge that there are several failure cases in which visualizations fail to have a measur-
able impact on interpretability research. However, we believe that there are measurable improvements, such
as context scope tagging, re-organizing of contextual text, and activation frequency in relation to linguistic
properties which can be developed which do not depend on feasibility of contextual visualization.

[Laidlaw.1] How will tree knowledge be incorporated into the visualization? Will you augment fig
1 with fig 2? The opposite? Something else? It is also unclear how the claims will be evaluated. What
will be done and how it will be evaluated is insufficient to understand if the proposed work will realize
any potential significance.
Response: We aim for the probabilistic syntax tree to be a direct replacement for text contexts. As a fun-
damental improvement to Anthropic/Neuronpedia’s exploratory feature browser, we envision this enabling
new kinds of theories about features. For instance, it should be possible to identify input sequences that
don’t seem to activate any features identified with syntactic processing. At minimum, this should serve as
an effective diagnosis of sparse coverage in SAEs, but ideally it should also enable insights about the LM’s
processes themselves.

[Laidlaw.2] Related work does not state the relationship of the literature to the proposed work, it
seems to only summarize the related work and the conclusions drawn. That is motivational but does
not anchor or define the proposed work.
Response: The revised related work section will make connections between the literature and proposed work
clearer. However, the related works will still primarily be defining problems which the proposed work may
help with. There are no taxonomically close works except the parent work, Monosemantic Features.

[Byron.1] mentioning how the results could improve interpretability (how this improved interpretabil-
ity could help researchers) might improve the scientific contributions of the work.
Response: The reviewer was correct in pointing out that the work assumed mechanistic interpretability was
an inherent contribution. The revised work point to the many practical domains in which interpretability can
useful, including controlling model outputs, ablating bias and discrimination in models, correcting responses
by LLMs, making models smaller, faster, and more efficient, and robust guardrails for model behavior.

[Byron.2] Needs more details for evaluation and for the specific visual implementation details (ie,
how is the graph layed out?). Task could also be too computationally intensive for 6 weeks.
Response: The revised work will contain more comprehensive breakdowns of a range of features, as seen in
the slideshow. It will also include mentions of milestones that can be implemented in the event that there is
insufficient time to create useful graph visualizations.

[Jasmine.1] The proposal would benefit from defining evaluation methods of both the probabilistic
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trees and effect of different design principles.
Response: As stated in response to ChatGPT.2, user studies comparing comprehension of activation contexts
as opposed to syntactic visualizations will almost certainly lead to better scores for the latter. The revised
work will likely not define evaluation methods for the visualization, but it will focus on user feedback on
whether the visualization enables two goals: 1. effective comparison between features in order to identify
larger patterns, and 2. grouping of features at a larger scale.

[Kevin.1] I’m somewhat skeptical that trees will be a big help in visualizing these features. (Are
trees really that understandable?) Do we anticipate this to be helpful for all features or a subset of
them? What about features which activate on tokens which are not entire words?
Response: The concerns of the reviewer are valid, and its possible that syntax visualizations will not be
useful with the current set of SAE activations. Indeed, Anthropic in their original paper chooses to focus
exclusively on token-level features, which identify foreign languages, dates, and other special characters [2].
However, there also exist features extracted which exhibit syntactic patterns in their contexts, and these will
likely be able to be captured by the proposed visualization. Because our implementation will be suitable
for any set of contextual inputs, we expect syntactic visualizations to be useful in conjunction with other
methods of feature extraction.

2 Aims

Figure 1: Examples of SAE contextual features and syntax trees at the word, phrase, and sentence level. We
propose replacing activating contexts with syntax tree representations of contributions, reducing information
load while enabling the critical tasks of feature comparison and grouping.

This project proposes visualizing feature contexts for language models by syntactic representation, with
the goal of facilitating comparisons, making searches more accessible, and introducing formal structure.
Features are learned from intermediate layer activations through training sparse autoencoders (also known
as SAEs). Due to the large quantity of monosemantic features extracted through an automated process,
SAEs are considered the state-of-the-art in understanding how large language models function [15]. Some
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features are core notions which exclusively co-occur with single concepts or ideas, but can also be far more
complex, e.g. exclusively modifying final tokens of relative clauses across sentences. The varying scope of
features extracted – from token to paragraph level – point to the possibility of obtaining a more comprehen-
sive formal understanding of the factors leading to a language model’s output.

Consequently, the goal of this project is to investigate the applicability of syntax structures in abstracting
over activating contexts for individual SAE features. The critical issue with the current feature visualizations
is that it displays list of linear text contexts. While this can work for giving a general notion of a feature, it is
not simple, elegant, or readily accessible. Text is not inherently linear, and readers do not treat it as such [9].
Consequently, a list of contexts is far from the ideal format for highlighting the abstract qualities of a feature.

We draw interdisciplinary inspiration from linguistics, where syntax trees are commonly used to reveal

Figure 2: The current activation dashboard to display activations does not effectively display the contexts in
which this feature activates. This feature activates only on past tense physical actions, and might have an
even more restrictive patterns over contexts which are hard to see.

deeper internal structure. We plan to explore this paradigm applied to activation contexts. In order to do
this quickly and effectively, we will employ traditional natural language processing on contexts to gener-
ate parse trees, and combine them into a probabilistic model. These trees, as aggregate representations of
feature contexts, lend themselves to comparison and grouping methods.

3 Significance

In recent years, large language-based models such as ChatGPT have undergone an explosion in interest and
applications[5]. A large part of the success of these models have been due to their emergent ability to utilize
contextual information, and output coherent and structured language. Yet due to their complex nonlinear
architecture, it is still unclear how they achieve either of these capabilities. The field of mechanistic inter-
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Figure 3: As pictured above, a single probabilistic tree of common activating contexts could greatly simplify
the representation of any particular feature, e.g. for past tense physical actions. We envision this unified
representation replacing the textual activating contexts on the right of Figure 1.

pretability strives for a precise understanding of model behavior through identifying mechanisms carried
out by neural networks. This is crucial to developing models which are trustworthy, beneficial and effective
[1]. To date, the field has led to the development of a variety of demonstrably useful techniques such as
correcting factual recall through activation patching [14], steering model outputs through task vectors [7],
and mitigating bias from training data [3].

One recent approach to mechanistic interpretability has been training sparse autoencoders on transformer
weights in order to learn features [2]. This automated feature discovery uncovers an exceptionally large
number of features with context-specific characteristics. However, SAE feature dashboards lack the capa-
bilities to identify syntactic patterning, while LLMs clearly learn syntax to a degree [10]. Additionally, the
sheer number of features learned by SAEs has consistently been a critical issue with their interpretability
[15]. An appropriate visualization with two critical properties, comparison and grouping, would enable a
taxonomic model of transformer features.

Through identifying consistently activating contexts, visualization can lead to clearer evaluation of the de-
gree of monosemanticity for particular features. As stated in Anthropic’s SAE decomposition of Claude 3
Sonnet, the current optimization for reconstruction accuracy and sparsity is only a proxy for what we really
are interested in, interpretable features [15].

As a new kind of data, feature-specific activating contexts lend themselves to novel visualization research.
Probabilistic, usage-based models of language such as exemplar theory have accumulated a large body of
supporting evidence in recent years [4]. This raises the question of how probabilistic notions of linguistic
structure be most effectively conveyed. Specifically, in the context of large language models, an interesting
problem is how the functional contribution of many features could be aggregated visually over a sentence.
We plan to explore this question by experimenting with formal design principles, including continuity, prox-
imity, color, and contrast.
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4 Related Work

Our work relates to current research being published in the mechanistic field. Many of these are announce-
ments of SAE feature and contexts being trained on larger and more capable models, such as Gemma Scope
[12] and Claude 3.5 Sonnet [15]. However, establishing monosemantic features only lay the foundations
for interpretability research [2]. Crucial to utilizing features in interpretability is a way to understand the
roles features serve within models. Our visualization method provides two distinct advantages over existing
approaches: the ability to compare and group features.

One key concept within interpretability is the universality of features. More precisely, this is the notion
that features identified for one model can be compared across others, and some can be generalized. Work
has been done on universality of neurons across GPT-2 models [6]. This work was able to identify consis-
tently activating neurons on punctuation, date, and medical terms. Our approach would enable researchers
visually compare decompositions coming from several SAEs for higher-level features. For example, it might
lead to the identification of a phenomenon where all language models implement a feature for keeping track
of a temporal deictic center, as utilized in expressions such as yesterday, last week, and tomorrow, but only
some have this feature within relative clauses.

Other papers in interpretability which utilize SAE features do so through identifying groups of features
which work together. Over the Indirect Object Identification task for GPT-2, both supervised and unsuper-
vised dictionary learning were employed, where unsupervised learning is equivalent to SAE reconstruction.
This comparison led to the identification of issues with feature occlusion and over-splitting [13]. Through
syntax visualization, features could be grouped by shared modifying contexts. This would lead to increased
understanding of the specific kinds of features which exhibit occlusion and over-splitting in SAE training.

Finally, the probabilistic analysis of feature contexts draws on successful approaches in generative linguis-
tics to syntax. Hidden Markov Models were used effectively in early approaches to Part-of-Speech tagging
[11]. Probabilistic context-free grammars designate a probability distribution over possible derivations[8].
SAE features differ from probabilistic grammars in providing an inverse problem: given empirical data of
feature activations, the goal is to elucidate an underlying model for the feature.

5 Research Plan

Week 1: Data analysis and intake. Activation, context, and explanatory data have been sourced and time
spent looking over it. The collaborator will work with us to identify the plausibility of the approach and
related avenues of research.

Week 2: Prototype. A basic visualization has been created for the data at hand, with some novel fea-
tures added. These will include tagging features by context scope (e.g. token/clause/sentence level), the
reorganization of activation contexts, and activation frequency in relation to part-of-speech. This serves as
an achievable and measurable initial contribution, while enabling the construction of a tree view as below.

Week 3: We rapidly iterate on the project. At this stage, a tree view for custom user inputs should be
fully developed, and some associated features tagged and linked in the overall UMAP visualization.
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Week 4: We continue to develop, with the goal of getting feedback from external users, such as researchers
using Neuronpedia.

Week 5: Finalize iteration and prepare the writeup. At this stage, several novel visualization approaches
have been attempted and their successes and failures characterized. Promising directions for further work
have been identified.

Week 6: At this stage, we will prepare a final abstract and presentation.
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Abstract

We present a proposal to develop visualization tools for analyzing population genomic data, with a
focus on highlighting shared genetic variation while minimizing the risk of misinterpreting such genomic
visualizations. We will integrate measures of uncertainty into uniform manifold approximation and
projection (UMAP) plots, allowing researchers to explore complex patterns of genetic variation, helping
prevent the misuse of genetic data and promoting a more nuanced understanding of population genomics.
Through a small-scale user study, we will evaluate various methods of visually encoding measures of
uncertainty.
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1 Reviews and Responses

Dear Editor and Reviewers,
We appreciate the constructive feedback on the manuscript, and we have prepared a revision accordingly.
Please see below for an itemized list of your feedback and a brief description of how each is addressed in
the revised manuscript.

[R1] Brendan Leahey

Overall: 2
[R1.1] Interdisciplinary: 1; strong relation to genomics, sociology, and visualization with potential applica-
tions to other visualization domains.
[R1.2] Scientific: 2; Strong explanation of scientific background and how visualization techniques improve
understanding of genetic data.
[R1.3] Visualization: 2; uncertainty visualization is novel. clearly explains the impact of visualization
techniques and how they tie into the scientific goals. Elaboration on methods like blurring and examples
could be helpful (presentation provides greater detail), but understandably difficult to define this early on.
Also unclear how users may evaluate these techniques.
Response: We have elaborated on different methods of blur and further explained what sorts of qualitative
and quantitative measures we will obtain from the user study in the Aims section of the proposal.
[R1.4] Significant: 2; clearly defines the significance of the work in population genomics and visualization
techniques. High potential for contributions towards other visualization tasks that can apply uncertainty
for clarity is relatively underexplored, but also fall out of the scope of a 6 week project. elaborating on
something like this in a discussion section of the final paper could be beneficial.
Response: In the Significance section, we elaborated more on the broader impacts of the project, including
the possible application of these methods to other fields and data types.
[R1.5] Novel: 3; Strong overall case study in multiple visualization techniques and how they can be applied
to population genomics. Extending this to other domains can improve novelty. Further, clearly defining the
uncertainty visualization techniques will give a better sense of how this work is novel.
[R1.6] Goals clearly stated: 3; Tools to display uncertainty visualization can use a bit of elaboration. Overall
goals and impact of outcomes are clearly defined.
Response: See response to R1.3.
[R1.7] Likelihood of Success: 2; clearly defined methods and timeline. user study may be unrealistic
depending on the number of participants and if previous work stays true to the timeline.
[R1.8] Strengths:

• strong interdisciplinary connections

• demonstrates strong understanding of scientific context

• achievable with clear timeline

[R1.9] Weaknesses:

• without a strong discussion section or attempt at a more generalized framework, this may fall short on
novelty

• user study may be unrealistic given the timeline
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• could use more detail on the uncertainty visualization techniques and how they may be explored and
evaluated

Response: To adjust to the 6-week timeframe, we will conduct a small-scale user study.
[R1.10] Other comments for discussion:

• would be cool to see demonstrations of blurring etc if you have any!

Response: We have added relevant figures from other papers, as well as our own preliminary sketches.

[R2] Kevin Wang

Overall: 2
[R2.1] Interdisciplinary: 1, The project combines genomics and visualization.
[R2.2] Scientific: 3, This project will produce better genomic visualizations, while reducing potential for
misinformation, which will help with scientific presentation and communication of genomic research.
[R2.3] Visualization: 3, Visualizing uncertainty and effective visualization without miscommunication are
visualization challenges.
[R2.4] Significant: 2, As above, better genomic visualization is significant, as is visualization of uncertainty.
[R2.5] Novel: 2, Uncertainty for genomic data seems novel.
[R2.6] Goals clearly stated: 1, The goals are clearly stated in the Aims section: creation of blurred plots to
represent uncertainty.
[R2.7] Likelihood of Success: 2, The 6-week plan looks feasible.
[R2.8] Strengths:

• Good research plan, concise and limited in scope.

• Proposal is easy to read and clear.

[R2.9] Weaknesses:

• It’s not immediately clear if and how much uncertainty visualization will accomplish the goal of
reducing misinformation. Visuals would have been helpful in the proposal.

Response: See response to R1.10. We have also included more about previous research on uncertainty
visualizations in the Related Works section that describe the possible benefits of using such methods.

[R3] Kei Yoshida

Overall: 3
[R3.1] Interdisciplinary: 1. The proposal is interdisciplinary as it incorporates computer science (visualiza-
tion) and genomics, while borrowing ideas from other fields (dimensionality reduction techniques).
[R3.2] Scientific: 3. With the tool, researchers would be able to explore complex patterns of genetic varia-
tion, and this has a potential to advance the field. The score would improve if it was how this exactly would
be achieved – while there are some descriptions of the visualization, the explanation could be clearer.
Response: We have elaborated more on the scientific contributions of the project in the Significance section.
[R3.3] Visualization: 1. The visualization tool has many implications; (1) researchers would be able to
explore complex patterns of genetic variation, (2) it would prevent the misuse of genetic data, and (3) it
would promote a more nuanced understanding of population genomics.
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[R3.4] Significant: 3. It is clear that many people would benefit from it. But as explained in ”Novel” section,
it is not very clear and convincing what this tool adds to the existing frameworks.
Response: See the response to R3.5.
[R3.5] Novel: 7. It is not very clear what exactly is novel. The related work section somewhat explains
it, but Sun et al. already have a framework that incorporates uncertainty. The novel aspect that was not
included in their work (blurred plots?) should be more explicitly explained and emphasized.
Response: To address the novelty of the proposal, we have made more of a distinction of what the limitations
of DynamicViz are and how we are building on the methods of DynamicViz using blurred plots.
[R3.6] Goals clearly stated: 1. The goal is to integrate measures of uncertainty into visualizations to provide
clarity on the biological significance of clusters, which could help researchers to understand the data and the
public to avoid misinterpreting.
[R3.7] Likelihood of Success: 5. This score would significantly improve if the novelty aspect was made
more explicit, and the research plan was more detailed.
Response: We have added more detail to each week of the Research Plan, including goals/deliverables for
each step.
[R3.8] Strengths:

• Very clear benefits to the research community the society, which creates a high motivation for the
project.

• Good explanations of the techniques that you plan to use (dimensionality reduction).

• Risks of visualization misinterpretation is well described.

• Good description of planned evaluation.

[R3.9] Weaknesses:

• Novelty (the gap in the existing work) is not well explained.

• More related work that leads to this work should be cited to motivate the proposed project.

Response: See responses to R2.9 and R3.5.
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2 Aims

We propose to develop population genomic visualizations that focus on highlighting shared genetic variation
while avoiding misinterpretation of population differences. To do so, we aim to achieve the following goals:

1. Integrating measures of uncertainty into visualizations to provide clarity on the biological context of
clusters.

2. Evaluating the effectiveness and robustness of the developed visualizations.

Figure 1: Preliminary sketch of visualizing uncertainty measures on randomly generated data. The color
indicates the label of each data point, while the size and opacity reflect the variation of each point after
bootstrapping.

We aim to integrate measures of uncertainty into genomic UMAP plots to provide clarity on the biolog-
ical context of clusters. To do so, we will bootstrap over genetic markers to generate multiple resamples
of the data and apply UMAP dimensionality reduction to each resample. This will create several different
embeddings for the same dataset. For each data point, its location in the reduced space will vary slightly
between embeddings, depending on the variability in the original data. Our methods will use the multiple
embeddings generated through bootstrapping to calculate the variation of each data point’s position. This
allows for the visual encoding of these uncertainty measures as blur on the dimensionality reduction plots.
We aim to use multiple visual encoding methods, including varying degrees of transparency, fuzziness, size,
density contours, or a combination of techniques using the matplotlib and seaborn packages in Python (Fig-
ure 1). We will then compare the efficacy of each method with each other, as well as with UMAP plots with
no measures of uncertainty. In the context of genomic studies, we believe bootstrapped blurred plots will
help to emphasize both the overall genetic similarity of populations and the underlying genetic uncertainties.
They offer a powerful visual tool for interpreting complex patterns of genetic variation, showing not only the
genetic similarities among specific populations but also the fuzziness that arises from migration, admixture,
and other evolutionary processes.

To evaluate the effectiveness of our methods, we will conduct a small-scale, task-oriented user study
to obtain quantitative and qualitative measurements of how effective the measures of uncertainty in our
visualizations are for reducing misinterpretation. Our user group will include experts in the field, including
our collaborators Dr. Alex Diaz-Papkovich and Dr. Sohini Ramachandran, as well as some non-experts, such
as our fellow classmates. As a baseline, we will use UMAP plots of genomic data without any measures
of uncertainty. As a secondary baseline, we will compare our methods to the visualizations produced by
DynamicViz [6], which creates animated and stacked plots from bootstrapping. This user study will include
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tasks such as asking participants to purposefully misinterpret the plots. We will then take measurements
such as task completion time and accuracy, as well as user-provided scores and feedback.

3 Significance

Population genetics plays a crucial role in understanding human ancestry, disease risk, and evolutionary pat-
terns. However, current visualization techniques, such as principal component analysis (PCA), t-distributed
stochastic neighbor embedding (t-SNE), and UMAP, often overstate population differences. These visu-
alizations are susceptible to misinterpretation and have been misused to promote harmful narratives about
biological racial differences. This project addresses these challenges by developing visualizations that make
population genetic data more interpretable and inclusive.

By integrating uncertainty into dimensionality reduction visualizations, this project will offer a more
accurate and reliable representation of genetic variation. Researchers will be able to differentiate between
stable, biologically meaningful clusters and those influenced by data variability. This will not only improve
the robustness of genomic analyses but also mitigate the risk of oversimplifying complex genetic relation-
ships, therefore, counteracting harmful narratives that falsely emphasize biological racial differences.

Additionally, by comparing different methods of visualizing these measures of uncertainty, we will fur-
ther visualization research by identifying effective methods of visually encoding measures of uncertainty
in dimensionality reduction plots. Furthermore, these methods can extend to other fields and data types,
broadening the impact across multiple domains of research.

4 Related Work

Recent advancements in dimensionality reduction techniques have significantly impacted population genet-
ics research, allowing for the visualization of high-dimensional genomic data. UMAP [5], in particular, has
been adopted due to its ability to preserve local relationships between data points, making it well-suited for
uncovering fine-scale genetic structures. Diaz-Papkovich et al.’s research applied UMAP to explore cryp-
tic population structures and phenotype heterogeneity in datasets such as the 1000 Genomes Project, UK
Biobank, and Health and Retirement Study [2]. They found that UMAP can reveal previously undetected
subpopulations and fine-scale relationships between genetic variation, geography, and phenotypes. This ap-
proach provides an important framework for identifying subtle demographic and genetic patterns that might
otherwise be overlooked. Building upon this, Diaz-Papkovich et al. further reviewed the use of UMAP in
population genetics, emphasizing its effectiveness in visualizing ancestral composition and subtle genetic
structures within large datasets [3].

However, while methods like UMAP effectively cluster high-dimensional data, they often distort global
genetic structures, leading to potential misinterpretations of population differences. Previously, Sun et al.
introduced DynamicViz, a tool used to assess the robustness of dimensionality reduction visualizations.
DynamicViz uses similar bootstrapping methods to visualize dimensionality reduction plots in either an
interactive, animated, or stacked visualization [6]. Their approach emphasizes the need for dynamic, in-
teractive tools to explore the variability and uncertainty inherent in dimensionality reduction techniques.
Although these methods highlight uncertainty in dimensionality reduction techniques, they do not visually
represent uncertainty directly and become more challenging to interpret as datasets increase in size.

Building upon these methods, the need to effectively communicate uncertainty in scientific visualizations
has been widely acknowledged [4]. A comprehensive review by Bonneau et al. highlights methods of
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visualizing uncertainty, like attribute modification, where uncertainty is conveyed through adjustments in
visual properties such as color, opacity, and size [1].

Our proposal builds on these concepts by not only integrating uncertainty specifically into genomic visu-
alizations but also by visually encoding these measures of uncertainty through the concept of blurred plots.
Additionally, we will compare different visual encoding methods, allowing us to determine what visual-
ization techniques are most effective in this regard. This work directly addresses the challenges posed by
dimensionality reduction distortions, reducing the misinterpretation of population differences while offering
a more comprehensive understanding of the groupings that manifest from these techniques.

5 Research Plan

Week 1

Get familiarized with the biobank datasets and begin performing dimensionality reduction using methods
such as PCA and UMAP. Create plots using DynamicViz. (Deliverables: Baseline UMAP plots without
uncertainty and animated/stacked DynamicViz plots.)

Week 2

Perform bootstrapping and dimensionality reduction and calculate variance score for each point. Begin
trying out visually encoding uncertainty with opacity and size. (Deliverables: Preliminary plots with uncer-
tainty represented through opacity and/or size.)

Week 3

Visual encoding uncertainty through clouds and density contours while fine-tuning previous week’s meth-
ods. (Deliverables: More uncertainty plots.)

Week 4

Continue fine-tuning methods. Define tasks and questions for the small-scale user study. (Deliverable:
Questionnaire for user study.)

Week 5

Conduct task-oriented user study to evaluate the tool’s effectiveness in conveying uncertainty. Gather feed-
back and refine the tools based on results. (Deliverables: User study results.)

Week 6

Finalize the visualizations based on feedback from testing and complete the final report. (Deliverables: Final
report and presentation.)
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Dear Reviewers,
We thank you for your time, and we appreciate all of your thoughtful feedback. We agree with many

of your suggestions on how to improve our preliminary proposal. We incorporated these improvements and
the final proposal is much stronger as a result.

In the following pages, we responded to each piece of feedback in turn.
The final proposal follows.
At the end is a note from our collaborator (Professor Randall Balestriero) stating his participation, and a

copy of my C.V.
-Kevin Wang

Summary of major changes:
Added a new section (Intro and Background) to give context and an example of loss landscape visual-

ization.
Added a new section (Evaluation).
Updated research plan to be scaled down.
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1 Secondary Reviewer (Jasmine Liu)

Overall: 2.7
Interdisciplinary: 3, The project combines deep neural networks with visualizations.

Response: Indeed. To emphasize the interdisciplinary content of the proposal, I will add a
section to the proposal that explicitly states the two fields being bridged (visualization and
geometric deep learning).

Scientific: 3, The proposal has clear scientific contributions toward analyzing model behavior and optimiz-
ing neural networks.

Response: Indeed. And I will add even more specific examples to the Deep Learning Sig-
nificance section about how visualizations help deep learning researchers (including concrete
examples from the collaborator).

Visualization: 2, Producing faster visualizations through adaptive sampling and visualizing high-dimensional
data through 2-D slices are significant visualization contributions.

Response: Thank you for the positive feedback.

Significant: 3, The work is significant, as it has the potential to improve the efficiency and effectiveness of
deep learning research.
Novel: 4, This project improves upon previous work on analyzing loss landscapes.

Response: I will make the Related Works section (and the beginning of the paper) more explicit
about how our work differs from existing visualization tools.

Goals clearly stated: 1, Each of the three goals are clearly stated and well-defined.

Response: Thank you for the positive feedback.

Likelihood of Success: 3, The research plan and goals are well-defined but may be a little ambitious for the
timeframe of the project.

Response: Good point. Nailing all three contributions may be ambitious. I will edit the research
plan to include a “safety” plan wherein we focus on a single contribution, if progress is slow.

Strengths:
- Goals are clear.
- Methods for carrying out each goal are well-defined.
Weaknesses:
- Lacks evaluation methods.

Response: Good point. I will add a section on evaluation methods. We will design an evalu-
ation using our collaborator to measure his performance on a task such as picking good neural
network architectures. We can measure accuracy, speed, and subjective preference on the task.

- Would be helpful to have baseline or preliminary figures, especially for those who are unfamiliar with loss
landscapes.

Response: Great point. I will add figures throughout the proposal. I think they will help a lot.
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2 Tertiary Reviewer 1 (Kei Yoshida)

Overall: 3
Interdisciplinary: 8. Although it can be inferred, it is not explicitly explained how interdisciplinary this work
is outside of computer science. This could be improved by adding the implications (e.g., how this novel tool
can be used by researchers in other fields).

Response: In my view, the project is not interdisciplinary because it connects CS with a non-CS
discipline, but because it bridges the two fields of visualization and geometric deep learning. I
will add a short section to the proposal to make this point clear.

Scientific: 1. The scientific contribution is very clear and well-explained (what researchers can do with this
visualization, and how their workflow would be better.

Response: Thank you for the positive feedback.

Visualization: 4. The visualization contribution could be clearer; this would be improved by describing the
existing work and what the proposal adds to it.

Response: Good point. I will investigate what previous work has been done on visualizing
very high dimensional scalar fields. I’ll add concrete examples to the Visualization Significance
section (Section 4.3), to connect our proposal with other visualization research.

Significant: 1. The contributions are very clearly stated: (1) easier integration into existing workflows, (2)
faster visualizations, and (3) the ability to visualize custom 2D slices.

Response: Thank you for the positive feedback.

Novel: 3. A NOVEL tool for visualizing loss landscapes. The score would be improved by explaining the
novelty in more detail in the related work section – what currently exists and doesn’t exist.

Response: Great point. I will flesh out the Related Works section with a paragraph about the
seminal Li, et al. paper [4], including at least one figure. I will then add a sentence or two to
clarify that all three of our contributions are novel compared to existing work.

Goals clearly stated: 1. The goals are explicitly stated as contributions.

Response: Thank you for the positive feedback.

Likelihood of Success: 3. Clear contributions make this project likely to succeed. This can be improved by
making the research plan more detailed with clear milestones.

Response: Good point – my research plan wasn’t very precise. I will add explicit milestones.

Strengths:
- Very clear contributions with explicit novelty – this also provides clear goals of the proposal and motivates
the work.
- Clear significance in Deep Learning research

Response: Thank you for the positive feedback.
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Weaknesses:
- It would be better to explain a little bit about the exisiting open-source tool (citation [3]), rather than only
referring to the citation so that the readers don’t have to actually check out the reference. You do this in
Related Work section but not in the earlier sections.

Response: Great feedback. I’ll add a short sentence to the abstract introducing the existing
tool. I’ll also add a sentence or two about the existing tool in the beginning of the proposal.

- Related Work could have more details, explaining what is currently there or if there is anything you could
build upon, even if you are not directly following up on them. Are there any similar visualization in other
topics/fields?

Response: I will flesh out the Related Works section with the seminal paper, as well as two
lesser-known, more recent tools I found.

Lacks description of planned evaluation.

Response: Good point. I’ll add a section on planned evaluations.

Other comments for discussion:
- Organization: I like how clear the scientific and visualization significances are. Some parts in significance
could be moved to Related Work with added citations.

Response: I’ll flesh out the Related Works section.
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3 Tertiary Reviewer 2 (Musa Tahir)

Overall: 3/4. Strong and well put together proposal that proposes a novel tool to enhance deep learning
workflows and visualization
Interdisciplinary: 6. Maybe consider emphasizing the specific ways deep learning visualization can be used
in an interdisciplinary manner, since the algorithm is inherently interdisciplinary.

Response: As stated in Review 2, I will clarify the interdisciplinariness in an additional section
of the proposal. Additionally: although it’s not my primary argument for interdisciplinariness of
the proposal, I can also add a sentence about the inherent interdisciplinariness of deep learning
research, as evidenced by two recent Nobel Prizes.

Scientific: 4. There’s a significant scientific contribution this proposal makes (generating novel insights for
deep learning loss landscapes). Be more specific in how this will concretely facilitate deep learning research.

Response: Good suggestion. I will include specific examples of how this helps deep learning
research, including examples from the collaborator.

Visualization: 4. Although there are certainly visual contributions, compare them more to baseline methods
and focus on what practical improvements researchers can expect in terms of any quantifiable metrics if
possible

Response: I’m not sure what quantifiable metrics I can reference here, but as in Review 2, I
will reference the literature for visualizing high-dimensional scalar fields.

Significant: 2. This project has the potential to push deep learning research forward by improving visual-
ization workflows and methods.
Novel: 2. The novelty primarily lies in the custom 2D slices and adaptive sampling, but scientific novelty
would depend on research results

Response: Good feedback. We can improve the claims of novelty even more by giving concrete
examples of the kinds of research results we want to achieve, e.g. by the outside collaborator.

Goals clearly stated: 4. The goals are clearly stated, but the proposal could benefit from more detail explain-
ing the process of achieving them.

Response: I will flesh out the proposal by adding a section between Related Work and Research
Plan that has more detail about the aims.

Likelihood of Success: 4. I think visualization will be quite doable in a six-week timeframe, but both the
adaptive sampling and custom metrics may or may not be feasible depending on potential implementation
issues

Response: Good point. This is probably right. As in Review 1, I will rewrite the 6-week plan
so that the “safety plan” is to focus on just custom metrics, with a “reach plan” to accomplish
both custom metrics and adaptive sampling.

Strengths:
Clearly defined problem with practical applications
While the proposal is built in prior work, the contributions proposed are meaningful and advance the field
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forward
Researcher focused by placing emphasis on workflows and usability
Weaknesses:
Could benefit from more detail on the empirical evaluation of the tool’s effectiveness

Response: As in Review 1, we will add description of an evaluation to the proposal.

Could emphasize the interdisciplinary nature of deep learning itself

Response: Addressed above in this review (Interdisciplinary).

More emphasis needed on the difference between 2D custom slices and existing tools

Response: As in Review 2 (Novel), I will make the proposal more explicit in how our work
differs from existing tools.

Other comments for discussion:
Will the success of the adaptive sampling approach be measured or quantified?

Response: We will add a section to the proposal about evaluations. For adaptive sampling,
we can measure this using (A) the “end-to-end” evaluation proposed in Review 1 (Weaknesses)
where we measure performance on some task, and (B) a specific evaluation of adaptive sampling
using quantitative metrics (how close an adaptively sampled landscape is to the actual, high-
fidelity landscape, as measured by a mathematical metric that captures an aspect we care about,
such as smoothness.)

What will the graphical interface look like, or will it interact with the user through code?

Response: We primarily care about interacting with the user through code. We will amend the
beginning of the proposal, or the new section with details on the aims, to specify this.
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4 Tertiary Reviewer 3: Brendan Leahy

Overall: 3
Interdisciplinary: 5; Relates to deep learning and visualization. Could outline more specific interdisciplinary
connections to other fields that may be implicated by deep learning contributions.

Response: See Review 3 (Interdisciplinary).

Scientific: 2; Clearly demonstrates how visualization insights are important and how this may be integrated
into future workflows.
Visualization: 3; Framing this as a high-dimensional visualization problem without specifying what chal-
lenges are associated with this seemed poorly framed. However, the potential for improving efficiency of
visualization and the custom 2D slices are an interesting visualization problem.

Response: Indeed. See Review 2 (Visualization) for the changes I’ll make.

Significant: 2;
Novel: 2-3. Adaptive sampling and improved visualization speed of loss landscapes are novel contributions.
Similar approaches have been taken but this builds on them nicely, amount achieved will determine novelty.

Response: Thanks for the positive feedback! See Review 3 (Novel) for how I will make the
proposal even stronger in this regard.

Goals clearly stated: 3;
Likelihood of Success: 3. This is a challenging problem, and the three listed contributions are not super easy
to achieve. However, listed PI and CO-PI have a strong background and have worked together on projects
of similar scope.

Response: Indeed. See Review 1: I will rewrite the 6-week plan so that the “safety plan” is
to focus on just custom metrics, with a “reach plan” to accomplish both custom metrics and
adaptive sampling.

Extremely novel practical applications for deep learning
Well laid out conceptual goals

Response: Thanks for the positive feedback!

Weaknesses:
Goals can be more specific in what methods will be used to achieve them (aside from pytorch integration,

which is a strong starting point)

Response: Good point. See Review 3 (Goals clearly stated) for improvements on this front.

Other comments for discussion:
waited on slides for visual insights (which were helpful), and computational methods (which are still

not detailed)
again, really like this project idea overall, and cool to see how Arjun and this proposal took different

angles on things!

Response: Thanks, I appreciate the reviewer’s positive feedback! I’ll add visual insights to the
proposal as well. I will add a little bit of detail to the proposal about how we will achieve the
aims.
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Abstract

We will present a novel tool for visualizing loss landscapes of deep neural networks. The tool will
be based on the current state-of-the-art [4]. Our contributions will include easier integration into existing
workflows, faster visualizations, and the ability to specify custom metrics to pick which 2D “slice” of
the high-dimensional space to visualize.
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1 Introduction and Background

Deep neural networks have millions or billions of real-valued parameters called weights. The “goodness” of
any neural network for a given task is usually measured by a function called the loss. The goal of training a
neural network is to find out how to set all the parameters, in order to achieve the lowest loss.

Although the standard technique for training deep neural networks (gradient descent on training data)
has achieved great results empirically, its success has historically been a mystery to deep learning re-
searchers [5].

Researchers are interested in understanding why neural networks work well, and what makes certain
neural network design choices (such as choice of architecture, or the use of some regularization) easier to
train than others. This understanding can then lead to improved neural networks.

To gain this understanding, researchers such as our collaborator, Randall, often use visualizations of the
neural network’s loss landscape. The loss landscape is the scalar field that maps each possible parameteriza-
tion of the neural network to its corresponding loss. This scalar field is a map from RN to R, where N is the
number of weights of the neural network (e.g. in the hundreds of millions). Since such a high-dimensional
thing is impossible to fully visualize, researchers instead visualize 2D “slices” of such a field. Despite
the infinitesimal size of such a slice compared to the full, high-dimensional field, such visualizations are
widespread and useful in practice.

Figure 1: Figure from the Li, et al. [4] showing that the choice of neural network architecture dramatically
affects the loss landscape

Such visualizations began in the seminal 2018 paper “Visualizing the Loss Landscape of Neural Nets” [4].
Since then, visualizations have been oft-used, and the paper has been cited 2131 times. According to our
collaborator, researchers often use visualizations for understanding during their research process, even when
they may not include visualizations to present their findings to others.

Although such visualizations are widespread and useful, there has been very little follow-up on improv-
ing the visualization tools themselves. Until now, that is!
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2 Aims

We will develop a new tool for visualizing loss landscapes of deep neural networks. We will do this by
extending the existing open-source tool from the seminal work “Visualizing the Loss Landscape of Neural
Nets” [4].

Our tool will allow deep learning researchers to easily visualize the loss landscapes of neural networks
during and after training. Compared to existing tools, it will have the following contributions:

1. Easy integration into existing deep learning workflows: Our tool will be a Python module with a
simple API for popular deep learning frameworks such as Pytorch.

2. Visualizing custom 2D slices: The parameter space of modern neural networks is very high-dimensional
(there may be millions of parameters, known as “weights”). However, we can only effectively visual-
ize over a 2D domain, so visualization tools pick a 2D slice of the high-dimensional space to visualize.
Our tool will allow researchers to pick from a variety of strategies to pick such a 2D slice, such as
“the slice with the smoothest landscape”, or “the slice with the least smooth landscape”.

3. (If time permits) Faster visualizations through adaptive sampling: Sampling the loss at a given point
in the domain can be expensive, and a “2D → 1D” visualization requires sampling the loss at many
(x, y) points. By adaptively sampling points which are more likely to be interesting, we will speed up
the visualization process.

3 Evaluation

As part of our project, we will evaluate our visualization tool. For each of our contributions, we will compare
it against the baseline (the existing open-source tool [4]).

To evaluate the speedup of visualization through adaptive sampling, we can perform a fully quantitative
evaluation. We will first pick a metric or set of metrics which summarize a loss landscape (e.g. the condition
number of the loss landscape). We will calculate the true value of the metric, or a very close approximation
by sampling a very large number of points. We will then pick a threshold value. We will then measure how
many points each approach needs to sample in order to get within the threshold value of the true value. Our
method will be successful if it can reach the threshold with fewer samples than the baseline, for a variety of
threshold values.

To evaluate the custom 2D slices and integration, we must perform an experiment with a deep learning
researcher. We will perform experiments with our outside collaborator. We will pick a task to be performed
using visualization. The task will consist of a set of different neural network architectures. The goal of the
researcher will be to pick the neural network architecture which will train the best. We will measure the
ground truth by training the neural networks. The researcher will perform the task multiple times for our
method and for the baseline, with different architectures each time. The result of the experiment will be the
accuracy of the researcher’s pick, the speed that they perform the task, and their subjective enjoyment using
the tool.
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4 Significance

4.1 Interdisciplinariness

This project is interdisciplinary, bridging the fields of visualization and deep learning. Our proposal (and
previous work) is based on the idea that visualization techniques help deep learning researchers develop
insights and generate novel scientific knowledge about deep learning.

Further, deep learning research is inherently interdisciplinary – it is a field of computer science, but is
frequently applied to other scientific domains, sometimes with great effect [1].

4.2 Significance to Deep Learning Research

Researchers visualize loss landscapes to gain insights into deep learning. For example, by inspecting a loss
landscape, a researcher can gain intuition into why or why not a neural network will reach a global optimum
through training (e.g. if the loss landscape is smooth and has no spurious local minimum, it seems probable
that it will easily reach the global optimum).

Since the popularization of loss landscape visualization in 2018 [4], researchers have used visualizations
to understand and explain a variety of phenomena with neural networks, such as the advantages of a neural
network architecture over another.

Our tool will be easier to integrate with existing deep learning workflows, and will use faster visual-
izations. This reduced friction will enable deep learning researchers to perform more visualizations during
training itself, and to perform more visualizations while iterating and exploring deep neural networks, which
should lead to more insights with less work.

By allowing researchers to choose custom 2D slices such as “smoothest” and “least smooth”, researchers
can gain a richer understanding of the loss landscape than by simply looking at one (random) 2D slice of a
millions-dimensional space. With existing tools, any understanding may be incomplete or misleading due
to this simplification, and our contribution will attempt to ameliorate this.

4.3 Visualization Significance

The neural network parameter space that we truly care about is extremely high-dimensional (millions or
even billions of dimensions). The visualization challenge inherent is thus visualizing a million-D to 1-D
dataset. To simplify the problem, we are reduced to visualizing a 2-D to 1-D slice of the dataset.

Our project will attempt to better visualize this high-dimensional dataset. Primarily, we will visualize
multiple 2D slices, for example by showing the maximum and minimum 2D slices for some aspect that
the user cares about. This should be of broad application to the challenge of visualizing high-dimensional
spaces.

5 Related Work

Visualization research was largely pioneered in Li, et al.[4]. Precursors include work visualizing 1D slices
and theoretic work analyzing loss landscapes [3]. Their work picks a random 2D slice, or picks a 2D slice
using PCA, but does not allow the user to define a custom function and request the slice that maximizes
and/or minimizes the function.
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There has been very little follow-up work on improved visualization methods. A recent work [2] speeds
up visualization for validation loss by simply noting that very few validation samples are needed to get an
accurate visualization, but they do not use adaptive sampling.

6 Research Plan

• Week 1: We will sit down and outline the project in greater detail: What will the API of the software
be? Which contributions do we need to prioritize? We will play around with existing software and
understand how it is used.

Milestone: detailed outline of the project, images generated with existing software

• Week 2: We will create or obtain example experiment training code and completed neural networks
to use for our testing. We will outline our code. We will implement code to show a plot during neural
network training.

Milestone: end-to-end demonstration of code to train a neural network while showing loss landscapes

• Week 3: We will begin work on selecting custom 2D slices, using “smoothest” and “least smooth”
metrics. We will get ideas for other metrics. We will produce a first prototype of it.

Milestone: Code that accepts a custom function and produces a 2D slice that maximizes the function.

• Week 4: We will continue work on selecting custom 2D slices.
If selecting 2D slices is complete, we will integrate adaptive sampling.

Milestone: End-to-end demo – input a custom function and get multiple 2D slices while training.

• Week 5: We will finalize work on selecting custom 2D slices
If selecting 2D slices is complete, we will work on adaptive sampling. We will draft the project report.

Milestone: Project report draft

• Week 6: We will finalize the project report.
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A Note from Collaborator

Hi Kevin,
I confirm that I am participating in the loss landscape visualization project and that we already meet two

times to discuss about it. As mentioned in the last meeting, I am looking forward to working on this together
during the semester as I believe your project answers some important needs for the AI community.

Best,
Randall
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Abstract

We propose to develop synchronized 2D and 3D visualizations of Lassa fever transmission and the ef-
fects of non-pharmacological control measures. This will improve understanding of spatial and temporal
aspects of disease data, making complex information accessible to researchers, public health profession-
als, and the public, aiding infectious disease management.
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Dear Editor and Reviewers,

We appreciate the constructive feedback on the manuscript, and we have prepared a revision accordingly.
Please see below for an itemized list of your feedback and a brief description of how each will be addressed
in the revised proposal.

Reviewer 1: jliu239
Reviewer 2: kawang
Reviewer 3: mtahir1
Reviewer 4: myoon15

Reviewer 1

[R1.1] Scientific: This project aims to make Lassa fever transmission data more interpretable, allowing
users to better understand the spread of the disease and the effectiveness interventions. The proposal could
ellaborate a bit more on how this could further research in this area.
Response: The final proposal addressed the scientific contributions in more detail by emphasizing how this
project can further research in the field of epidemiology. The ability to visualize complex transmission
dynamics in both humans and rats over time and space allows them to intuitively compare the patterns and
trends in both real and simulated data.

[R1.2] Novel: The methods of visualization themselves may not be novel, but the application to this partic-
ular data and context is novel.
Response: I made it more clear in the final proposal that the novelty is not with the idea of ”synchronized
2D & 3D visualization”, but the aspects that our visualization can display. The ability to see the dynamic
interaction between multiple variables in one platform provides new insights, making the tool particularly
novel and useful in this context.

[R1.3] Likelihood of Success: Research plan is well-defined, accompanied by key milestones for each week.
However, the number of aims might be a bit ambitious for the given timeframe of the project.
Response: I reduced the scope of the project in the final proposal to ensure feasibility within the timeline.
Specifically, I removed the aspects related to interactive web-based functionality (keeping as optional),
focusing instead on delivering pre-rendered animations (e.g., GIFs or short videos).

[R1.4] Weaknesses: The proposal would benefit from defining evaluation methods. For example, how does
one measure if a 3D visualization is more interpretable than a corresponding 2D plot? In other words, how
will the new visualizations be evaluating in relation to the baseline?
Response: I included the planned evaluation methods in the final proposal. It includes feedback from
one of the collaborators who is a domain expert in mathematics and modeling of epidemiological data.
Additionally, we will conduct a small-scale user study where participants are asked to interpret 2D and 3D
visualizations of the same data and report on their understanding and insights.

Reviewer 2

[R2.1] Scientific: Scientific understanding of disease spread is significant. However, it’s not intuitively clear
why 3D visualizations are necessary for this topic.
Response: I included how engaging 3D figures are compared to 2D.



[R2.2] Visualization: The project will combine 3D and 2D visualizations, synchronized. Its specific novelty
is not clear.
Response: I clarified that the idea of ”synchronized 2D & 3D visualization” itself may not be novel, but
the specific application of synchronized visualizations for disease transmission dynamics and such dataset
is. Our visualization will show a combination of geographical data, time-series transmission data, and the
impact of control measures in an integrated format. This approach allows users to understand the data in a
way that highlights the spatial spread of the disease alongside the temporal effects of interventions, which
is a novel application in this field.

[R2.3] Significant: The project seems motivated by scientists who think this proposal would be useful, but
as stated above, it’s not clear to the reader in what way a 3D visualization is more useful than a 2D one in
this setting.
Response: I expanded on why the multi-dimensional visualization is more useful than traditional 2D only
representations. 2D visualizations often fail to capture the complexity of interactions between different
variables such as time, geography, and intervention effects. By incorporating all these elements into a single
platform, we can provide a more comprehensive view of the data, allowing researchers to observe patterns
and trends that may not be visible with 2D methods.

[R2.4] Likelihood of Success: The project seems ambitious and it’s not clear if it will all be accomplishable
in 6 weeks. The proposal mentions a web-based tool, but it’s not clear if this is part of the 6-week plan.
Response: To address this concern, I scaled down the project to focus on deliverables that can be realistically
achieved within the 6-week time frame. Please see response to [R1.3].

[R2.5] Weaknesses: It’s not immediately easy to understand the Aims of the proposal. How are the aims
different from each other, and are all of them novel compared to existing work?
Response: I clarified and distinguished between the aims. Each aim will be clearly defined in terms of its
specific goals and contributions to the project. I also highlighted the novelty of each aim, particularly how
they go beyond existing work. For example, I highlighted that the emphasis of the first aim is on the ability
to display over a geo-graphical region, and the second aim on the time-series data.

Reviewer 3

[R3.1] Overall: This project’s proposed tool for interactive and dynamic visualization of infectious disease
spread overall seems quite promising, some more clarity on some techniques would strengthen the proposal.
Response: The final proposal provides more detail on the technical implementation of the visualization tool,
particularly how ParaView will be utilized.

[R3.2] Interdisciplinary: The project combines CS, Public Health, and Applied Math. Project may benefit
from more direct interdisciplinary collaboration with public health experts.
Response: While we do not have existing collaborations with public health experts, we will try to find to
receive insights from experts who are in relevant fields (e.g., public health or medical students) as part of
the user study.

[R3.3] Scientific: The visualization is scientifically valuable by enhancing the understanding of fever spread,
but the proposal would benefit from more discussion on how the tool will specifically help researchers de-
velop novel insights.
Response: The final proposal provides specific examples of how researchers can use this tool to generate
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novel insights. For example, the ability to visually compare the effects of different interventions over time
will enable researchers to identify intervention strategies that may not be apparent from raw data or tradi-
tional 2D plots. Additionally, the exploration of multiple dimensions (e.g., geography, time, intervention)
will enable researchers to generate new hypotheses about the factors driving transmission, improving the
design of new models and response strategies.

[R3.4] Visualization: The interactive visualization is novel, but I am curious how you will ensure the tool is
UI friendly without overwhelming the user. More detail on this point would strengthen the proposal.
Response: The revised proposal includes a mention of how we plan to balance simplicity and usability. This
may be partially solved by removing the interactive feature in the project (please see response to [R1.3]).

[R3.5] Significant: Contributions would improve public health knowledge and better inform experts. Per-
haps more emphasis on validating the tool beyond Lassa fever, potentially referencing other case studies to
broaden the impact.
Response: I mentioned the tool’s potential application to other infectious diseases. I changed the narrative
of the proposal so that Lassa fever is mentioned as one use case, rather than the main application.

[R3.6] Novel: The tool is novel by integrating synchronized 2D and 3D visualizations with live interaction
for infectious disease data. There’s a clear baseline here that I think is identified and incrementally improved
upon.
Response: I reiterated the novelty of integrating synchronized 2D and 3D visualizations, particularly in the
context of infectious disease transmission. I explicitly stated the baseline (existing visualization with 2D or
3D only and no synchronization component).

[R3.7] Goals clearly stated: The goals are all clearly defined, but the proposal would benefit from more
clarity on user testing techniques.
Response: The final proposal includes details on user testing techniques. Please see response to [R1.4].

[R3.8] Likelihood of Success: I think success is probable, but it depends on the technical implementation
issues posed by synchronizing 2D and 3D visualizations.
Response: To ensure technical feasibility, we detail the synchronization method between 2D and 3D visu-
alizations using ParaView.

[R3.9] Weaknesses: Visualizations may be complex for non-expert users, so this must be accounted for in
the design.
Response: I addressed this concern by designing visualizations that balance complexity with clarity. Please
see response to [R3.4].

[R3.10] Weaknesses: Synchronization of 2D and 3D data may be difficult to implement, but certainly pos-
sible depending on progress and technical limitations of ParaView/Trame.
Response: The revised proposal includes more technical details of Paraview related to synchronizing 2D
and 3D data that would make the proposal achievable.

[R3.11] Comment: Will you collaborate with any public health policymakers in the user testing phase?
Response: Please see response to [R3.2].

[R3.12] Comment: How will you accommodate larger datasets that might cause performance issues?
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Response: We will leverage the parallel rendering capabilities of ParaView and use optimized data pipelines
to ensure smooth and responsive visualizations, even with larger datasets. Additionally, we have access to
and plan to utilize high-performance computing resources to support the rendering of large-scale simulations
without compromising performance.

Reviewer 4

[R4.1] Novel: As previously mentioned, this project addresses a gap in visualization methods for Lassa
fever data. As such, I believe it’s novel. However, 3D visualizations of disease transmissions have been
done before.
Response: We agree that 3D visualizations of disease transmission have been done before, but the novelty
of our approach lies in the integration of 2D and 3D synchronized visualizations. Please see responses to
[R1.2] and [R2.2].

[R4.2] Goals clearly stated: Goals are clearly stated, but I would like a little more detail on the implementa-
tion.
Response: In the revised proposal, we provide more detail on the technical implementation of the visual-
ization system, particularly for the use of Paraview.

[R4.3] Likelihood of Success: I believe a potential challenge could be linking the 2D and 3D data to effec-
tively convey data in a way that’s not redundant, but only adds information.
Response: I addressed this challenge by carefully designing visualizations the 2D and 3D views comple-
ment each other rather than duplicate information. Please see response to [R3.4]. For example, 2D views
may focus on time-series data of a particular variable, while 3D views provide a spatial representation of the
disease spread. The synchronization will be done in a way that enhances the user’s understanding of both
aspects simultaneously.

[R4.4] Weakness: It’s not clear how researchers will evaluate the success/efficacy of these new visualizations
and compare them to traditional 2D representations.
Response: Please see responses to [R1.4] and [R3.6].

[R4.5] Comment: I’m just curious how this data is formatted and whether it’s a plug-and-play into ParaView,
or if it needs preprocessing.
Response: We have yet to acquire the full dataset (only a sample dataset), but the data will most likely
require some preprocessing before being imported into Paraveiw. In the final proposal, we incorporate the
preprocessing steps in the research plan, which may include cleaning the data, and converting it into formats
compatible with ParaView for rendering.
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1 Aims

The overall goal of this research is to develop animated visualizations that synchronize a 3D representa-
tion of disease transmission over a geographical region with a 2D time-series view of related variables,
demonstrating the effects of non-pharmacological control measures on disease spread. This novel approach
transitions from traditional 2D visualization methods to a more engaging and intuitive 3D format, which bet-
ter conveys complex information. By combining 2D and 3D visualization, we can represent spatial disease
spread, control measures, and related variables without over-complicating individual figures. The anima-
tions will further enhance the understanding of both temporal and spatial dynamics in disease transmission.
Synchronized views across two panels will allow researchers to explore complicated datasets without miss-
ing key insights, and make the visualizations accessible to public health professionals and the public, offer-
ing significant societal benefits. While this project focuses on Lassa fever as a case study, the approach is
generalizable to other infectious diseases.

To address the gaps in understanding disease dynamics, we propose the following specific aims, each
contributing uniquely to the visualization framework:

1. Develop 3D visualizations of infectious disease data over a geographical region. The 3D visu-
alization will integrate data from both human and rodent populations and map disease transmission
across a geographical region, offering a comprehensive and engaging view of the spatial dynamics
that drive the epidemic.

2. Develop 2D visualizations showing the effects of control measures and other related variables.
We will also employ a traditional 2D visualization, displaying control measures (e.g., quarantine,
isolation, hospitalization, and public awareness campaigns) and other related variables as a function
of time, demonstrating the impact of these variables.

3. Develop animated visualizations of time-series data of infectious disease. With animated visu-
alizations, we can display the temporal evolution of Lassa fever, allowing users to observe how the
disease progresses over time. Additionally, animation allows us to show the effectiveness of interven-
tions as a function of timeobserve how the disease progresses over time.

4. Synchronize a traditional 2D visualization of control measures with a 3D visualization of disease
spread. Animations of synchronized 2D and 3D visualizations can display complex information with-
out making them too inaccessible to non-experts. It can retain the advantage of 2D visualizations to
display detailed and quantitative information, as well as the engaging experience of 3D visualization,
enhancing both spatial understanding and data analysis.

2 Significance

The proposed work addresses significant gaps in current visualization methods for infectious diseases re-
search. Traditional 2D visualizations are suited for presenting detailed quantitative variables, but they can
be difficult for non-experts to interpret. 3D visualizations are often more engaging and better at conveying
complex, multidimensional information, but they are heavily underutilized in infectious disease studies.

Using these traditional 2D visualizations as a baseline, our approach seeks to bridge this gap by offering
accessible, intuitive visualizations that make complex disease data easier to interpret. The key contribution
of this project is the development of animated visualizations that integrate the display of synchronized 2D
and 3D views, integrating multivariate data into a single platform.
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Achieving previously mentioned aims and transitioning from traditional 2D methods to a combined 3D
approach will offer a novel technique for visualizing epidemiological data, offering benefits from multiple
perspectives:

1. For researchers: The visualizations will facilitate deeper exploration of data. Currently, researchers
rely on deductive reasoning from raw data to identify trends, such as seasonal outbreaks, intervention
impacts, or non-compliance consequences. T his process can lead to overlooked details. By visualiz-
ing transmission dynamics over time and across space for both humans and rats, researchers can more
easily spot patterns and compare different data types (e.g., human vs. rodent infections, real-life vs.
simulated data, and the effects of various control measures).

2. For policymakers, healthcare professionals, and the public: The accessible, easy-to-understand
visualizations will enable informed decision-making in disease management, allowing policymakers
and healthcare professionals to base strategies on a clearer understanding of disease spread and inter-
vention effects. Additionally, the public can improve their understanding of infectious diseases and
the effectiveness of control measures.

Ultimately, this project fills a critical gap in infectious disease research by developing a versatile, acces-
sible tool that enhances both scientific exploration and public communication.

3 Related Work

3.1 Background

Lassa fever is an infectious disease transmitted to humans via the rodent multimammate rat. It is endemic
to West African countries, and it has spread to other parts of the world. Rodents spread the virus for their
lifetime, and the virus can cause severe disease in affected humans, leaving significant public health impli-
cations in the impacted regions. Therefore, effective disease management is crucial. Non-pharmacological
approaches, such as quarantine, hospitalization, isolation, and mass awareness, have been used to mitigate
the disease spread.

Our collaborators have been working on developing a mathematical compartmental model that tracks
disease transmission in two hosts (i.e. human and rat populations), incorporating these non-pharmacological
control measures [3]. Effective data visualizations of complex multivariate data are crucial for these re-
searchers to visually identify patterns in the data and better understand different factors that can affect
disease dynamics.

3.2 Existing visualizations

2D visualizations are most commonly used to represent infectious disease data and the effects of control
measures. While, they can be effective in certain contexts [2], they are limited by the lack of spatial depth
and clarity, limiting their ability to fully convey the complexities of disease transmission.

In contrast, 3D data visualization offers several advantages, such as being more engaging, easier to
understand [8], and better at conveying complex information. Some 3D visualization methods are par-
ticularly effective in communicating virus outbreaks over geographical regions [10] [5]. It enhances the
understanding of disease spread in geographical space, improves data interaction, and supports the integra-
tion of multivariate data, visualization of temporal changes, and the use of virtual reality and educational
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tools. Despite these benefits, 3D visualizations are underutilized in infectious disease modeling, with only a
few notable exceptions [6].

However, multi-dimensional visualizations come with their own challenges. As more layers of informa-
tion are added, the visualization can become too complex and hard to interpret. To address this, visualization
researchers have developed hybrid 2D and 3D visualizations where two views display related but differ-
ent information [7, 4, 9]. By integrating these views and keeping simplicity and clarity in each element,
researchers can represent complex data without overcrowding each element of the visualization and over-
whelming the viewers.

Additionally, animated visualizations have proven particularly useful for exploring large spatio-temporal
datasets [1]. These animations enable users to follow the progression of disease transmission over time, en-
hancing both spatial and temporal understanding.

4 Research Plan

4.1 Schedule

Over the course of the 6 weeks, we will continue to work on preparing a final presentation and writing
detailed weekly reports. Additionally, we will frequently get feedback from collaborators as topic experts.

Week Goal Milestones

Week 1 Basic 2D & 3D mapping
in Paraview

(1) Data preparation: gather data & pre-process if
needed. (2) ParaView setup: create two panels &
import data. (3) Spatial representation: import geo-
graphical data and set up the projection. (4) Discus-
sion with collaborators.

Week 2
Static 3D visualization
of disease spread in
space

(1) Implement 3D visualization of a geographical
map. (2) Use color mapping to represent disease in-
tensity in different areas for humans and rodents.

Week 3
Dynamic 3D visualiza-
tion of disease spread in
time

(1) Implement an animation using time-series data.

Week 4

Synchronized 2D & 3D
visualization, showing
the effects of control
measures

(1) Incorporate non-pharmacological control mea-
sures and other demographic factors in the 2D view.
(2) Synchronize between 2D and 3D views.

Week 5 Refinement & user study

(1) Refinement of the visualization. (2) Prepare &
start the user study (over the Thanksgiving break).
(3) Discussion with collaborators (expert evalua-
tion). (4) Prepare presentation & report materials.

Week 6 Processing user study re-
sults & final refinement

(1) Process user study results. (2) Make any adjust-
ments necessary based on the results. (3) Finalize
presentation & report materials.

If time
permits:

Web-based and/or inter-
active application

(1) Utilize Trame to create a web-based application.
(2) Use Paraview to implement interactivity.
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4.2 Evaluation

Our evaluation of the visualizations will rely on both expert insights and user studies to assess the effective-
ness and usability of the visualizations.

First, we will leverage feedback from our collaborators who have been developing a Lassa fever mathe-
matical model. Their expertise will provide valuable insights from a researcher’s perspective, particularly in
terms of which aspects of the visualization enhance or hinder his ability to interpret real-life and simulated
data. Their feedback will help us identify which features are necessary or unnecessary to improve workflow
when exploring complex epidemiological data.

Additionally, we will conduct a user study to evaluate how effectively the visualizations communicate
patterns and trends. This study will likely be conducted through Amazon Mechanical Turk or within the
context of the CS237 class. Participants will be asked to interact with our visualizations, as well as baseline
visualizations, and identify and list the patterns they can observe. Since the goal of our visualizations is to
intuitively convey complex information, the number and diversity of patterns identified by users will be a
key measure of effectiveness.

The baseline visualizations will include traditional 2D visualizations from our collaborators’ previously
published articles, as well as existing 3D visualizations from a select number of studies that utilize 3D
methods for disease modeling.

Furthermore, if possible, we hope to gather additional insights from individuals in public health, medicine,
or policy-making fields. While this may require more assistance from our collaborators, incorporating feed-
back from professionals in these areas will help ensure that the visualization tool can be directly applied to
decision-making processes at higher levels, making it more impactful in real-world scenarios.

4.3 Facilities

For the development of our 3D visualization, we will primarily use the scientific visualizatifon tool Par-
aView, and potentially Trame, both of which are open-source. ParaView allows us to set up multiple view
panels within a single interface, making it ideal for synchronizing different types of visualizations, such as
2D and 3D views.

We may utilize high-performance computing resources provided by the Center for Computation and
Visualization at Brown University (Oscar), the Brown University Department of Computer Science (Hydra),
and the Texas Advanced Computing Center (through allocations from the National Institute of Standards and
Technology).
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Yoshida, Kei <kei_yoshida@brown.edu>

Request for Collaboration and Support Note
Su, Simon M. Dr. (Fed) <simon.su@nist.gov> Wed, Oct 2, 2024 at 1:36 PM
To: "Yoshida, Kei" <kei_yoshida@brown.edu>
Cc: Dachollom Sambo <dasam7@morgan.edu>, "Sherman, William R. (Fed)"
<william.sherman@nist.gov>

Hi Kei,

Thank you for your interest in the project and we are thrilled to have you working on the visualization
part of the project.

Please consider this as confirmation of our involvement and support for the project. We are also
working on different aspects of visualization using ParaView and Trame and would be happy to share
what we have learned. Although not necessary, if you needed any hardware (HPC) access, we can
also look into trying to get you access on TACC HPC systems. NIST has TACC HPC computing
resource allocations that can be leveraged given we have enough time to process the lengthy
governmental paperwork.

Thank you again and we are looking forward to our collaboration

Best

-simon

10/2/24, 13:51
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Abstract

This project presents a method for visualizing genotype matrices using PCA/UMAP to better con-
textualize genetic differentiation. Incorporating uncertainty metrics (e.g confidence ellipses), site con-
tribution overlays, and additional genomic data (e.g RNA, epigenetic), this approach reduces the risk of
overemphasizing genetic differences, offering more accurate and interpretable visualizations.
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1 Reviews and Responses

Dear Editor and Reviewers,

We appreciate your feedback and have revised our proposal accordingly. Because of your feedback, our
proposal addressed many of its gaps and is much stronger as a result. Please see below for an itemized list
of your feedback and a brief description of how each was addressed in the final proposal.

Reviewer 1: kyoshid1
Reviewer 2: jliu239
Reviewer 3: myoon15
Reviewer 4: rhuang79

Review 1:
[R1.1] Overall: 2.14
[R1.2] Interdisciplinary: 1. The proposal is interdisciplinary as it incorporates computer science (visu-

alization) and genomics (biology), while borrowing ideas from other fields (e.g., dimensionality reduction
techniques, uncertainty metrics).

Response: In the final proposal, I am more specific and explained how genetic researchers can incorpo-
rate these methods to safeguard against misinterpretation while advancing the field of genetics.

[R1.3] Scientific: 4. It is stated that ”Other biological researchers will benefit from this analysis and
could implement it in their research to guard against misinterpretation”, but the ”how” part is less clear here.

Response: In the final proposal, I clarified how the methods can be directly applied by other researchers.
[R1.4] Visualization: 1. An urgency for the proposed visualization is well motivated by explaining the

risks of misinterpretation and misuse.
[R1.5] Significant: 4. It is very clear that many people (researchers and the general public) would benefit

from it. It could be improved by different benefits that each objective brings.
Response: In the final proposal, I provided more detailed information on how each target group is

benefited in the significance section (i.e general public/society and scientists).
[R1.6] Novel: 1. A NOVEL method for visualizing genotype matrices. It is clear that the existing work

does not have all the components proposed in this project.
[R1.7] Goals clearly stated: 1. Four objectives are clearly described in the Aims section, and all are

based on existing work and achievable.
[R1.8] Likelihood of Success: 3. The Research Plan is very detailed and achievable, which makes it very

likely to succeed. This could be improved by more clearly describing the planned techniques and evaluation
methods of misinterpretation.

Response: I have revised the proposal to more clearly explain the planned techniques for visualizing
uncertainty and adding site contribution overlays, and explained the evaluation methods, which involve
crafting a user study to measure misinterpretation tendencies.

[R1.9] Strengths: - It is clear what the proposed activity adds to the existing work (using dimensionality
reduction, uncertainty metrics, site contribution overlays, and additional genomic data). - It explains the
issue with the existing visualization. - The Aims section is well-organized and easy to follow.

[R1.10] Weaknesses: - The first sentence in the Related Work section could be explained in more detail
so that readers/reviewers who may not be experts understand the techniques’ importance. - It’s unclear how
current visualizations may be misinterpreted (e.g., Fig 1 in Related Work). - Less description of techniques
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(e.g., uncertainty metrics).
Response: I explained the background of these techniques to help non-experts understand their impor-

tance. I also included specific examples of misinterpretations of existing visualizations.
[R1.11] Other comments: - In Related Work, ”Figure 1.” instead of ”figure one”. - Significance section

could be divided into paragraphs for easier understanding. - Who are the ”users”? (in Significance) - Related
Work could focus more on motivating the proposed work rather than describing it explicitly.

Response: I clarified the meaning of ”users”. The Related Work now focuses on studies that motivate
the proposed approach.

Review 2:
[R2.1] Overall: 3
[R2.2] Interdisciplinary: 2. The project integrates concepts from genomics with dimensionality reduc-

tion and visualization techniques.
[R2.3] Scientific: 4. There are two clear directions for scientific contributions: reducing misinterpreta-

tion of genomic visualization and furthering genomics research. However, it is unclear how these contribu-
tions will be evaluated.

Response: Please refer to [R1.8], where I mention the integration of visualization evaluations.
[R2.4] Visualization: 4. The idea of incorporating site contribution overlays is well-defined, but it is less

clear how the uncertainty aspect will be executed.
Response: In my final proposal, I better define how uncertainty metrics will be executed by using

bootstrapping to output shaded uncertainty regions and density heatmaps.
[R2.5] Significant: 2. If successful, the potential to mitigate risks associated with misinterpreted ge-

nomic data is significant.
[R2.6] Novel: 3. The focus on uncertainty metrics and specific genomic overlays is novel.
[R2.7] Goals clearly stated: 3. There is a well-defined problem, and the goals are clearly stated, but

methods of implementation could be more in-depth.
Response: Please refer to [R2.4].
[R2.8] Likelihood of Success: 3. The research plan is clear, but without defining the uncertainty mea-

sures, it’s hard to gauge feasibility.
Response: Please refer to [R2.4].

Review 3:
[R3.1] Overall: 4.6
[R3.2] Interdisciplinary: 3. This proposal aims to create better visualizations of genotype matrices.
[R3.3] Scientific: 5. This proposal has strong societal contributions, as it prevents data from being

misused by extremists. If it was societal rather than scientific, I would rate this 2.
Response: The revised proposal goes into more depth on the scientific contributions, including better

methods to contextualize genotype visualizations and advancing knowledge through genomic overlay data.
[R3.4] Visualization: 7. Dimensionality reduction of core genomic data has been done, but adding

site contribution overlays and uncertainty metrics is new. The visualization could be stronger if data was
displayed in a new way rather than just adding overlays.

Response: I agree that a more transformative visualization approach could be valuable. I discussed
exploring ensemble methods and plan to mention heat maps and point clouds for uncertainty visualization
in the final proposal.
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[R3.5] Significant: 3. The project addresses misinterpretation risks, which could save lives and protect
people from biases.

[R3.6] Novel: 6.5. Having only 3 sources raises concerns about novelty, though the techniques for
genotype matrices are new.

Response: I included more research in the final proposal and clarified the novelty of applying these
methods specifically to genotype matrices.

[R3.7] Goals clearly stated: 2. Larger goals are clear.
[R3.8] Likelihood of Success: 3.5. High likelihood of success, but unclear implementation details.
Response: Please refer to [R2.4].
[R3.9] Strengths: The broader application is useful and will save lives.
[R3.10] Weaknesses: - Only 3 sources. - Lacks specific methodology. - Ambiguity around development

environment and data preprocessing.
Response: I clarified the use of Python, VSCode, and libraries like Pandas, NumPy, and Scikit-learn,

with preprocessing steps for normalization and data preparation.

Review 4:
[R4.1] Overall: 2
[R4.2] Interdisciplinary: 2. Combines scientific visualization with genetic data and motivations from

social sciences.
[R4.3] Scientific: 4. The main impact can’t be directly measured, since you can’t measure how many

shootings are avoided.
Response: While we can’t measure this directly, we can measure how well the method guards against

misinterpretation through a user study.
[R4.4] Visualization: 2. The visualization has a clear goal in what users should take away.
[R4.5] Significant: 2. This project could save lives, though it’s hard to prove.
Response: Please refer to [R4.3].
[R4.6] Novel: 2. The visualization is novel for this data type with a unique motivation.
[R4.7] Goals clearly stated: 1. Goals are clear but could be more specific.
[R4.8] Likelihood of Success: 3. Visualization execution is likely, but evaluation method remains un-

clear.
Response: Please refer to [R1.8].
[R4.9] Strengths: Clear aims and vision, well-motivated.
[R4.10] Weaknesses: - Lacks discussion of evaluation method. - Difficulty in evaluating social impacts,

as you can’t survey extremists.
Response: Please refer to [R1.8].
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2 Aims

Although current PCA/UMAP visualizations are useful for dimensionality reduction, they often lack key
contextual information, which can lead to misinterpretation—particularly the overemphasis on genetic clus-
ters, potentially reinforcing harmful narratives and biologically deterministic conclusions [1]. This project
aims to improve traditional PCA/UMAP visualizations by making them more transparent, nuanced, and
resistant to misinterpretation by users (i.e., genetic scientists and the general public). To achieve this, we
will add genomic context (e.g., site contribution and environmental data overlays) and uncertainty measures
(e.g., confidence ellipses, shaded regions, point clouds). We will validate these techniques through a user
study and expert feedback. Specifically, this research focuses on three key objectives.

1. Integrate Uncertainty Metrics: We will add uncertainty regions (e.g confidence ellipses, point
clouds) to indicate areas of the data that have less reliable differentiation. To determine such re-
gions, we will use bootstrapping techniques, which will entail generating multiple subsamples of the
data and performing PCA/UMAP on each one. By observing how the clusters shift across samples
and projections, we will be able to quantify variability. Using bootstrapping, we can also generate
ensemble visualizations to further inform the stability and consistency of our PCA/UMAP models.

2. Incorporate Data Overlays::

• Environmental Data Overlays: We will add environmentally influenced data (e.g RNA, epige-
netic data) overlays on top of our existing PCA/UMAP visualizations. Using color gradients or
heatmaps, we will visualize how environmental data varies across clusters, demonstrating that
different clusters are not biologically predetermined but dynamic and shaped by more than just
inherited DNA.

• Site Contribution Overlays: We will add site contribution overlays, which indicate specific
genomic regions that contribute to clustering. In order to represent each site contribution, we
will use color coded markers to signify how much specific genomic sites contribute to each
cluster in a PCA/UMAP plot.

3. Optimize based on User Study and Expert Feedback: In order to ensure that these improvements
effectively reduce misinterpretation, we will conduct a user study as well as gather expert feedback.
Based on the results from both the user study and expert evaluations, we will refine and enhance the
visualizations accordingly.

• User Study — Misinterpretation Detection Testing: Using crowdsourcing platforms like
Amazon Mechanical Turk or surveying our classmates, we will ask participants to interpret both
traditional baseline visualizations and enhanced visualizations to identify potential misinterpre-
tations and insights. User feedback will help us assess whether our enhanced visualizations
reduce misinterpretation. We will iterate and revise designs based on this feedback and the pat-
terns of misinterpretation we notice from the study, using metrics like task completion time and
user scores to quantify results [2].

• Expert Feedback: Our collaborators, Dr. Diaz-Papkovich and Dr. Ramachandram, will be
consulted to evaluate the enhanced visualizations as well. Their expertise in genetic visualization
will help ensure that the visualizations prevent misinterpretation while maintaining scientific and
research value.
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3 Significance

Figure 1: Example of proposed PCA visualization plotted with confidence ellipses, demonstrating variation
and population overlap between groups

Visualizations in any field can be misinterpreted, but the repercussions for genotype visualizations are es-
pecially severe. Misinterpreted genetic data, as seen in the 2022 Buffalo shooting, can fuel extremism and
domestic terrorism [3]. This is not an isolated issue, as this type of misuse of genomic data fuels extrem-
ist ideology [3]. To counter this, incorporating context-driven visualizations with overlays and uncertainty
metrics is critical. Uncertainty regions will highlight overlap and variability, making it harder to draw de-
terministic conclusions. By explicitly showing uncertainty with confidence ellipses and point clouds, we
enhance clarity and reduce the risk of extremist distortion, ensuring responsible scientific communication.

From a scientific perspective, this project will address the gap in existing visualizations in literature
by proposing a novel visualization method that better contextualizes genetic diversity. Other genetic re-
searchers will incorporate these methods proposed in this paper. Specifically, by integrating uncertainty
metrics and incorporating data overlays, genetic researchers can better safeguard against misinterpretation
while advancing their field forward. Furthermore, by incorporating site contribution overlays, users will
gain a clearer understanding of the genetic drivers of clustering, enhancing scientific nuance and preventing
oversimplification. More specifically, researchers will be able to pinpoint specific genomic regions that are
driving genetic differentiation. Understanding which genetic markers drive clustering adds significant value
to medical and genetic research, as different diseases and conditions may correlate with geographical groups
[4]. This overlay also serves to combat misinterpretation by highlighting how localized genomic differences
rather than broad genetic differences are what is driving clustering, contradicting extremist narratives of
biological distinction. Lastly, environmental data overlays will help highlight how clusters are dynamic and
reduce biologically deterministic overinterpretations. This will give users an enhanced understanding of how
gene expression and environmental factors influence genotypic diversity, offering more nuanced, less rigid
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insights. Ultimately, from a scientific, visualization, and broader perspective, this project will significantly
advance the way genetic diversity is represented and understood.

4 Related Work

Genotype matrices are data structures that represent genetic variation across individuals in a population. Due
to its high dimensional nature, Principal Component Analysis (PCA) and Uniform Manifold Approximation
and Projection (UMAP) are both widely used dimensionality reduction techniques to visualize genotype data
from massive genetic datasets [5] [6]. While PCA is a linear transformation that preserves global structure,
UMAP is a non-linear technique that preserves primarily local structure [5]. By drawing on both PCA and
UMAP techniques, our analysis will be more comprehensive and robust than existing methods which only
use one visualization per study. We will gain better insights into broad trends (PCA) and detailed groupings
(UMAP) depending on which one we use, leveraging their different strengths to strengthen our analysis.

Figure 2: PCA plots of genotype data for different geographical groups under different sampling conditions
[1]

However, existing approaches using these algorithms have significant limitations in terms of inter-
pretability and uncertainty representation. For example, as seen in figure two, the PCA visualizations lack
any uncertainty representations or additional genomic context. These current approaches tend to overem-
phasize clusters without any consideration for other types of contextual genetic data. In fact, none of these
approaches directly address how environmental data or specific genomic regions influence clustering out-
comes. Therefore, our visualizations are both more transparent by showing confidence in clustering and
more scientifically robust by highlighting specific genomic contributions as opposed to vague, generalized
groupings.

Based on these visualizations, clusters can be over-interpreted as biologically determined when, in re-
ality, the boundaries between geographical groups are often fluid and more influenced by sampling, envi-
ronmental factors, and statistical noise than rigid biological data [1]. In figure two, PCA results show that
arbitary sampling parameters can lead to African data plotted separately in its own section, leading to misin-

7



terpretations that reinforce racial hierarchical narratives. While mathematically valid, this can lead to cherry-
picked interpretations. By integrating uncertainty metrics and using bootstrapping to generate PCA/UMAP
ensemble visualizations, we aim to provide a clearer picture and avoid these misinterpretations. Previous
studies have used bootstrapping for confidence intervals, supporting our bootstrapping methodology [7].

Many visualizations fail to follow standards that prevent misinterpretation. Some suggest that journals
should require annotations indicating the proportion of genetic variation explained by the analysis, but this
is rarely adopted [3]. Our method will include not only these annotations but also visual techniques like
overlays and bootstrapping to better contextualize the data.

To implement PCA/UMAP, we will use tools like scikit-learn for machine learning and Plotly for inter-
active visualizations, which can handle overlays such as environmental or genomic data, making it ideal for
our project [8] [9].

5 Research Plan

Week 1: Data Preparation
Clean and integrate genotype and environmental data (e.g., SNPs, RNA) from 1000 Genomes Project.
Tools: Python, Pandas, NumPy.
Deliverable: Ready-to-use datasets for dimensionality reduction.

Week 2: PCA/UMAP and Bootstrapping
Apply PCA/UMAP to data and begin generating bootstrapped samples for variability.
Tools: scikit-learn, umap-learn.
Deliverable: Initial projections and bootstrapped data.

Week 3: Uncertainty Visualization
Add uncertainty metrics (confidence ellipses, point clouds) to visualizations.
Tools: matplotlib, seaborn.
Deliverable: Uncertainty-enhanced plots.

Week 4: Environmental Data Overlays
Incorporate environmental data overlays into PCA/UMAP visualizations.
Tools: Plotly, matplotlib.
Deliverable: Visualizations with environmental layers.

Week 5: User Study & Expert Feedback
Conduct user study (e.g. MTurk/Class Participants) and gather expert feedback.
Tools: Google Forms.
Deliverable: Quantitative/qualitative feedback on visualizations.

Week 6: Final Presentation & Report
Finalize visualizations, complete the report, and prepare the presentation.
Deliverable: Final report and presentation incorporating feedback.
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Abstract

We propose developing a Unity-based 3D visualization tool for NASA GEDI Lidar waveforms. By
transforming them into spatial rotational meshes, this tool will allow interactive analysis of Relative
Height metrics and enhance ecology research.
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Response to Reviewers

Thank you everyone for the reviews. This is very valuable insight on how I can make my final

proposal stronger.

Reviewer 1: David Laidlaw

Reviewer 2: SamMusker

Reviewer 3: Kei Yoshida

Reviewer 4: Richard Huang

Reviewer 5: Musa Tahir

[R1.1] The broad scientific goals are compelling, although there is not much

meaningful evaluation of them.

Response: I agree that the goals are lofty and they lack a proper evaluation framework. I will

significantly narrow down the proposal focus and include clear methods of evaluating the

effectiveness of my system (e.g., user studies, comparisons with 2D systems). I have many

ideas and will speak to David for further discussion.

[R1.2] The broad visualization goals are similarly impressive, although vastly too

large and insufficiently clearly evaluated.

Response: See R.1.1

[R1.3] There are no clear research contributions that seem likely to emerge as

proposed

Response: Our current approach is too broad and unspecialized to yield meaningful research

results for experts in the field. We’ll focus on specific visual elements and their evaluation and

downplay the haptic/audio components.

[R1.4] Haptics and sound are novel partly because they haven't been very useful

compared to visuals. So, while they help with a novelty score, they lower several

other scores.

Response: See R1.3

[R1.5] A feature list for software is articulated reasonably clearly. It is probably

many months of work, at the very least. It also does not appear to have sufficient

evaluation in the context of the value to scientists of the proposed features. A

revised proposal with just the visual elements and their evaluation would likely

score much better. The value of haptics that are possible today seems quite low,

although it is certainly an intriguing concept. Sound could augment visuals, but

the literature suggests that visuals are much higher bandwidth and probably the

main channel to use.

Response: See R1.1 and R1.3. The proposal includes many inspirational papers, but lacks a

baseline comparison (why my idea is better). On top of adjusting my research goals, the

revised proposal will include more papers that create a baseline and will explain why it’s

better than that baseline.



[R1.6] This proposal is way too large to complete even a small portion. Focusing it

significantly and pivoting it toward specific research evaluations clearly described

would greatly increase enthusiasm.

Response: See R1.3

============================================================

[R2.1] Interesting and ambitious but utility could be low and risks to successful

implementation.

Response: I agree that utility could be low, considering this tool is meant for experts in the

field. Research contributions will be adjusted (one current idea is shifting focus to evaluation

methods)

[R2.2] Does auditory and haptic data representation support scientific inferences

effectively or is it just overwhelming?

Response: To answer your question, literature suggests that sound operates on top of space

and can be effective in identifying variance or hidden patterns in the data. However, the raw

utility of this is dubious and will be subject to further review before the final proposal.

[R2.3] Auditory and haptic data representations may be neglected for good

reasons.

Response: See [R1.3]

[R2.4] Howmuch is being built from scratch?

Response: Agreed that the scope of the project is too large. See [R1.1] and [R1.5]

[R2.5] It is unclear that haptic and auditory representations of data are useful. Is it

easy to compare levels of haptic and auditory representations across different

locations in the data? Are these representations stable across users? Is the

representation overwhelming? Is it difficult to communicate about haptic and

auditory representations? I suspect that there are good reasons why auditory and

haptic representations of data are not commonplace, in humans these senses are

serial and low precision.

Response: I agree. One of the papers admitted that a large part of their research was in

evaluating users to figure out their parameters. This proposal lacks that evaluation

framework that’s essential to creating a useful tool. This will be addressed.

[R2.6] I also have concerns about the scope of the project and whether it is feasible

in the short period, especially since the proposal states that the visual

representation will be built in Unity and the first item on the work plan is to get

familiar with Unity. It could easily take six weeks just to learn Unity.

Response: See [R1.1]

============================================================



[R3.1] The scientific contributions can be made more clear. How exactly ecological

researchers would benefit from this new visualization that the existing methods do

not offer? One paragraph in the Introduction ("Traditional 2D...") explains this,

but this could be explained more in detail with more emphasis.

Response: The final proposal will address this issue and pivot focus towards creating an

evaluation framework. See [R1.1]

[R3.2] Three goals stated make this work significant. The score could be improved

by more clearly explaining the novelty and how exactly that helps researchers.

Response: Please see [R1.3].

[R3.3] The novelty can be inferred, but it is not made explicit as there are no

references for existing work visualizing such representation.

Response. I agree, there lacks explicit baseline comparisons for this specific implementation.

This will be addressed. See [R1.5]

[R3.4] Some of theWeek 1 activities could be done before, as Week 2-6 activities

may be somewhat ambitious. It is hard to gauge how achievable it is, and this could

be improved by describing the work that has already been established previously.

Response: Scope will be narrowed down to make it more achievable in 6 weeks. Please see

[R1.5]

[R3.5] This is good, so it could be explained more to motivate the study: "Even

advanced 3D visualizations may not properly represent the multi-dimensional

relationships between data points, often limited by user interface and screen

immersion."

Response: Thanks for pointing this out! I think this could be a foundational idea in my

evaluation framework (optimizing UI and screen immersion in VR).

============================================================

[R4.1] It wasn't clear to me what the scientific contribution or evaluation methods

were besides this being a cool visualization.

Response: Please see [R1.3]

[R4.2] Similarly to the scientific criteria it wasn't clear to me why this should be

made and who would benefit most from using it.

Response: Please see [R1.3] and [R1.5]

[R4.3] The methods don't seem novel but they are applied to new data.

Response: Please see [R2.1]



[R4.4] Not sure how this is being evaluated or what the author hopes users can

measure or learn/take away from the visualization.

Response: Please see [R1.3] and [R2.1]

============================================================

[R5.1] The paper proposes a promising approach to visualizing complex ecological

data with scientific and practical applications. The project is ambitious, so a

methodical plan will be important to ensure its completion within six weeks.

Response: I agree that the current plan is very ambitious for 6 weeks. The focus will be

narrowed down significantly, likely towards user evaluation methods.

[R5.2] The scientific contribution is strong, but the proposal would benefit from a

more in depth explanation of how this tool would improve pattern recognition

beyond traditional methods. The proposal could also more directly tie the tool to

impacting ecological research outcomes.

Response: This proposal can definitely benefit from head-to-head comparisons to existing

work to explain how this tool would improve recognition. This will be included for the final

submission.

[R5.3] The visualization techniques are innovative, combining 3D visualizations

with auditory and haptic feedback. I’m curious, however, what specific steps will

be taken to avoid overwhelming the user. Furthermore, the proposal could benefit

frommore details on how the auditory and haptic feedback would function in

practice.

Response: This will be addressed. One paper that implemented a similar system included a

large part for user studies to ensure there’s no overstimulation, and I believe shifting focus to

evaluation could provide a large contribution.

[R5.4] The proposal would have a significant impact on ecological research. A

more thorough analysis on how the system’s effectiveness would be measured

would also strengthen its significance. Furthermore, more emphasis on how this

tool would be utilized by the broader scientific community would improve the

proposal.

Response: Please see [R5.3]

[R5.5] The novelty lies in the way the tool combines auditory, visual, and haptic

feedback to represent complex data. The proposal could provide more details on

the technological challenges of integrating all these components together and

potentially shed light on why this combination hasn’t been attempted or

overlooked.

Response: Please see [R2.1]

[R5.6] Limited discussion on evaluation/validation method for how system will

improve data comprehension. Proposal would benefit frommore detail on how



feedback will be incorporated in the iteration process to design and refine the

system

Response: Please see [R5.2] and [R1.1]



1 Aims

The Global Ecosystem Dynamics Investigation (GEDI) mission by NASA has revolutionized how we ana-
lyze Earth’s ecosystems. By scanning the Earth’s surface using Lidar, GEDI data captures detailed vertical
profiles of forest canopies and other information about vegetation structure, biomass distribution, and eco-
logical habitats

Currently, ecology researchers at Brown University use 2D maps to display scalar values such as canopy
height and Relative Height metrics like RH98 (the height where 98% of the waveform energy is returned).
They also compare individual Lidar waveforms in isolation. While these visualizations provide valuable
information, they have notable limitations:

1. Lack of spatial context: analyzing individual waveforms and 2D maps separately disconnects the data
from its spatial environment, which makes it hard to perceive patterns across a geographical area.

2. Dimensional constraints: 2D representations of high-dimensional data struggle to effectively display
critical ecological features, like under-canopy habitats or canopy layering.

3. Combining attributes: 2D tools make it difficult to effectively integrate multiple data attributes (differ-
ent RH levels, terrain features, scalar values like contropy) into a cohesive visualization. This places
a ceiling on how much information a 2D visualization can convey.

The lack of a 3D environment that spatially places NASA GEDI Lidar waveforms limits researchers’
ability to analyze important spatial patterns within the data, which could hinder advancements in ecological
research and applications like wildlife conservation and fire spread analysis.

The aim of this proposal is to develop a Unity-based platform that visualizes GEDI waveforms inside an
immersive virtual reality environment. Specifically, we have the following goals:

1. Create 3D representations of Lidar waveforms. We will transform individual Lidar waveforms into 3D
generalized cylinders by revolving the waveform data around a vertical axis. This produces detailed
meshes that accurately represent wave amplitude at various RH levels.

2. Visualize RH metrics. We plan to compute and interpolate multiple RH metrics to create wireframe-
esque continuous surfaces for each height. For example, RH50 would have a surface that reflects
mid-canopy structures relevant to animal habitats.

3. Incorporate detailed terrain models using scalar value texturing. Our model will apply textures to the
ground surface to display additional scalar data such as entropy or soil moisture.

4. Evaluate the efficacy of this tool. Because of its novelty, we will collect input from ecology researchers
to make sure this platform is useful.

We hope that by creating a new 3D visualization tool that spatially places GEDI Lidar waveforms,
researchers are able to better understand forest structures and improve data interpretation.

2 Significance

Scientific Contributions
The development of such a platform holds substantial significance in ecological research and environ-

mental studies. We address critical limitations in current data analysis by opening new avenues for scientific
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research. Specifically, spatial representation of Lidar waveforms allows for a more comprehensive under-
standing of forest structures. This includes detailed information about canopy height, density, and layering,
which are essential for analyzing climate modeling, biodiversity conservation, and sustainable resource
management [1].

Additionally, by spatially visualizing different RH metrics, researchers can identify and analyze crucial
habitats for various species. For example, RH50 can show mid-canopy spaces that act as shelters or migra-
tion paths for animals, which can aid wildlife conservation efforts. Similarly, analyzing vegetation density
through RH metrics can improve models predicting fire spread to mitigate wildfire risk.

Visualization Contributions
From a visualization perspective, this proposal introduces novel techniques to represent high-dimensional

waveform data. The use of generalized cylinders to represent Lidar waveforms is a novel approach that trans-
forms abstract data into tangible spatial structures. Additionally, implementing filters for different RH levels
and opacity will allow researchers to interact with the data dynamically, increasing engagement and deeper
analytical insights.

Most importantly, the methodologies developed can be adapted for other types of spatial or environmen-
tal data, making this proposal significant beyond the direct scope of this project.

3 Related Work

Rendering Lidar point cloud datasets in virtual reality is a well-established practice in the field of 3D vi-
sualization and spatial data analysis. Many studies have focused on optimizing data pipelines to efficiently
process and render Lidar data that allows display of both minimally and additionally processed point clouds,
as well as developing mechanisms to render more accurate physical aspects of spaces [5]. These efforts have
significantly improved the rendering of physical spaces by improving performance, handling large datasets,
and developing specialized algorithms to increase realism of 3D reconstruction from point clouds.

Current literature emphasizes techniques for managing large amounts of data generated by Lidar scans.
For example, methods have been developed such as data decimation, level-of-detail rendering, and spatial
indexing to optimize rendering performance while minimizing compromise [4].

However, the visualization of raw Lidar waveforms, representing the returned energy as a function of
distance, is pretty unexplored. Most existing tools and techniques focus on returning discrete Lidar data by
simplifying waveforms into individual points. Although this simplification is helpful to many researchers, it
results in loss of detailed structural information contained in the full waveform [3][2]. Specifically, the raw
waveform data provides a continuous signal return, which captures subtle variations in vegetation structure
like tree density, branching patterns, and undergrowth characteristics [2].

Currently, researchers resort to analyzing individual waveforms in isolation without spatial context. The
gap in literature shows a clear need for visualization tools that can display raw Lidar waveforms with 3D
spatial information. By working with raw data, researchers can directly interact with the complete dataset
and potentially find hidden relationships that may be otherwise hidden.

4 Research Plan

I will need access to the visualization lab, VR headsets, and VR-ready computers.
Week 1: Acquire and preprocess NASA GEDI Lidar waveform data. This includes studying the struc-

ture and format of GEDI data, and developing scripts to parse and preprocess the waveform data. We will
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also convert data into a format for Unity such as CSV or JSON.

Week 2: Unity environment setup and basic 3D visualization. We will create basic waveform represen-
tation by using simple 3D objects such as vertical bars to represent individual waveforms at their geographic
locations, and map amplitude to color or height as a preliminary proof-of-concept. Also implement camera
and navigation controls.

Weeks 3-4: Implement advanced 3D waveform visualizations. Here, we’ll use mesh generation for
waveforms, interpolate RH metrics, create top surfaces, and adjust textures for data attributes such as reflec-
tivity or entropy.

Week 4: Collect feedback from ecology researchers and implement relevant changes.

Week 5: Add interactivity, additional layers, and incorporate feedback. We will develop UI controls to
filter and display various RH levels (RH98, RH50, etc) and opacity controls. Also importing terrain eleva-
tion data and generate a terrain mesh using tesselated triangles.

Week 6: Documentation and presentation. This includes final testing and optimization.
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• Developed programming proficiency in differentiable rendering and optimization in the context of geometric texture
analysis, leveraging Mitsuba3 renderer and Dr.Jit compiler

• Conducted literature review on 3D mesh generation and hand-object interaction to guide research on inverse
grasp synthesis for extended reality applications

Undergraduate Researcher Oct. 2021 – June 2022
Virginia Tech Blacksburg, VA

• Built a lightweight data processor using Matplotlib, pandas, and NumPy to efficiently analyze thousands
of empirical data points, resulting in substantial time savings for 20+ researchers

• Investigated electrochemical effects of niobium pentoxide cathode coating on reaction kinetics, rate capability,
and coulombic efficiency of Li-NMC-532 cells

Projects

Flight Simulator | React, TypeScript, Three.js, CSS December 2023
Built a React and Three.js-based flight simulator with infinite procedurally-generated terrain, accurate physics, and
raycaster interactions

Implemented Perlin noise landscape and chunk generation/deletion for an efficient and dynamic environment

Designed flight mechanics and physics for realistic plane movement, including forward vector interpolation based on
z-axis rotation

Ray Tracing Engine | C++, OpenGL October 2023
• Engineered a GPU-accelerated ray tracer featuring implicit shape definitions, UVs, transformations, and texturing

• Shot per-pixel rays for intersection and reflection calculations, employing Phong lighting model for realistic
illumination

• Calculated surface normals and implemented UV coordinate mapping for photorealistic lighting and texturing

Skills

Languages: Python, Java, C++, C#, Typescript, MATLAB
Frameworks/Libraries: React, OpenGL, Three.js, PyTorch, pandas, NumPy
Tools/Skills: Unity, CI/CD, Git, Linux, Bash, PowerShell, real-time rendering, full-stack, back-end
Soft: Exceptional communicator, meticulous attention for detail, execution-focused, and robust organization skills
—–
Extracurriculars: Brown Cycling Team, Hack@Brown, Brown Outing Club
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Abstract

We propose to develop visualization methods for neural network subnetwork identification tech-
niques, aiding experts in scientific discovery. By revealing and visualizing the internal subcircuits re-
sponsible for specific tasks, our work will enhance understanding of neural networks and support ad-
vances in neuroscience and cognitive science.
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1 Response to reviewers

Response to reviewers
Reviewer 1, Matthew Yoon
R 1,1: I’m not too familiar with neural networks, so I’m unsure about this claim: ”research is interdisci-

plinary due to the clear relevance to neuroscience and cognitive science.” However, from the proposal, this
seems like a cross-disciplinary project between visualization and machine learning, which are both CS. I
could be wrong, but the fact I’m uncertain indicates that this could be an area of clarity in future proposal
drafts.

Response: The proposal has been updated to make clearer the connections between the project and dis-
ciplines such as neuroscience and cognitive science, and to make clear what research questions in cognitive
science can be answered using the proposed tool.

R 1,2: It’s not clear exactly how these subnetworks will be visualized.
Response: The proposal has been updated to clarify what visualizations will be produced.
R 1,3: It’s not exactly clear what the new ”interpretability tools” will be for subnetwork identification
Response: The proposal has been updated to clarify that new tools for subnetwork identification won’t

be developed. Rather, existing nascent tools for subnetwork identification will be used as inputs to a new
visualization tool.

R 1,4: I’m unsure if the scope of this proposal can be completed in 6 weeks.
Response: The proposal has been amended to include a research plan that clarifies how the project goals

can be reached within the given timeframe.
R 1,5: Considering NSF will have experts reviewing this, this is not necessarily a weakness, but you

assume the reader already knows a lot about NNs, which makes this difficult to read.
Response: The proposal now includes two survey articles on neural network interpretability and visual-

ization respectively to provide background to a broader audience.
Reviewer 2: Richard Huang
R 2,1: This project combines visualization with AI research. It felt more like CS vis + CS ai; I’m

missing the deeper connection with cog sci/neuro besides neural nets representing real brain processes.
Response: Please see the response to R 1,1 above.
R 2,2: I feel like lots of AI research already involves plotting and visualizing data, which is what this

proposal proposes to do.
Response: The proposal has been updated to emphasize what features of the visualization will be novel

and what insights can be generated from such visualizations that cannot be derived from existing visualiza-
tion tools.

R 2,3: I think the author should argue more about what needs to be improved by Lepori et al. and why.
Response: The proposal has been updated to more clearly characterize the shortcomings of the (very

preliminary) visualization work included in Lepori et al.
R 2,4: The research plan was missing, hard to judge
Response: The proposal has been updated to include a research plan.
R 2,5: The usability of the tool is fairly limited to neural net researchers, possibly not accessible to

others.
Response: The proposal has been updated to explain how the tool could be useful for non-experts (for

example, in pedagogical applications).
Reviewer 3: Thais Del Rosario Hernandez
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R 3,1: It’s a bit unclear if the proposed visualization tool aims to aid in identifying and extracting
subnetworks, improve the interpretability of already extracted subnetworks, or both.

Response: See the response to R 1,3 above.
R 3,2: The related work section does a great job at outlining the current state of visualization for neural

networks. However, the proposal seems to draw inspiration from each citation without going in depth about
how the proposed tool will be built as a whole to solve a specific problem. This score could be improved by
compiling the differing aims from each citation into a concise set of aims (2-3) in the aims section.

Response: The proposal has been updated to more clearly synthesize project aims and relate these to
prior literature.

R 3, 3: the approach to tackle the problem is not oulined either in the aims nor research plan.
Response: The proposal has been updated to more clearly describe the visualization approach and

methodology.
R 3,4: Likelihood of Success: Difficult to estimate without a research plan.
Response: See the response to R 2,4 above.
Reviewer 4: Yang Xiang
R 4,1: If achieved success, the tool will push the ai theory a large step. May be really hard though. [...]

The final goal seems too hard
Response: The proposal has been updated to clarify that existing tools for subnetwork identification will

be used. This significantly increases the likelihood of success of the project.
R 4,2: didn’t see the tool and steps detail [...] Maybe more specific weekly plans and tool feature design

should be added.
Response: The proposal has been amended to clarify the steps involved in tackling the problem and to

more clearly characterize the the envisaged output.
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2 Aims

New neural network interpretability techniques have emerged in recent years, providing the opportunity to
build associated visualization tools that help researchers to derive insights into neural networks.

One such development involves techniques to identify the part of a neural network that is active in solv-
ing a particular task or subtask. These techniques involve training a mask over neural network parameters to
ablate a certain functionality. For example, if a neural network is trained to identify object shape and color,
then a mask can be trained such that with the mask applied the neural network is still capable of identifying
object color but is no longer able to identify object shape. The masked parameters then can be reconstructed
into a subnetwork that is responsible for shape identification alone. One such technique is introduced by
Lepori et al. [2023]. A need exists for better tools to visualize the subcircuits that are identified by nascent
tools as being responsible for particular task components.

The proposal is therefore to develop visualization methods to operate with new interpretability tools,
in particular subnetwork identification techniques. No new subnetwork identification techniques will be
developed. Rather, existing nascent subnetwork tools will be utilized, on top of which new visualization
tools will be developed.

The approach is to visualize the neural network at the parameter level as a graph structure with nodes
and edges representing neurons and their connections. All connections will be shown in the visualization,
with the subnetworks corresponding to different subtasks shown in different colors. The shading of the
subnetwork colors will increase through training as the subnetworks become more entrenched, and this
will be shown diachronically as a GIF or animation through training. Overlap between subnetworks will
be shown as the color produced by the mixing of the different subnetwork colors. This methodology will
ensure that users can view the formation of subnetworks through time during training, including the overlap
between subnetworks.

The specific visualization aims are as follows: 1. Visualize subnetwork structure at the parameter level
(this is not present in Lepori’s visualization). 2. Visualize multiple subnetworks simultaneously. 3. Visualize
the overlap between subnetworks. 4. Visualize the change in subnetworks over time during training (this is
not present in Lepori’s visualization).

The visualization tool will be compared to the rudimentary visualization present in Lepori et al. [2023].
Due to the novelty of subnetwork analysis in general, we are not aware of other subnetwork visualization
tools. Those authors present a visualization that shows what proportion of parameters in each layer of a net-
work is dedicated to one subnetwork, another subnetwork, their overlap, and neither subnetwork. However,
this visualization does not show subnetwork strength and structure and does not show any changes over
time during training. Such information is necessary for drawing substantive conclusions about the nature of
the subnetworks. For example a highly disparate subnetwork may indicate a learned solution that patches
together various heuristics that may not generalize, whereas a compact subnetwork structure may indicate a
more integrated solution mechanism. Such structure is not visible in Lepori’s existing visualization. We aim
to present a visualization that is better than the existing benchmark due to providing the above information
that is not visible in existing visualizations. A sketch of the proposed visualization is shown in Figure 1 and
an output of the visualization tool due to Lepori is shown in Figure 2.

The evaluation methodology will utilize an insights-based approach, using the framework and definition
outlined by Saraiya et al. [2005]. In particular, we will seek to learn whether expert users are able to derive
insights into neural subnetworks that are qualitatively different or more informative than the insights that can
be derived from using the visualizations presented by Lepori et al. [2023]. This will be done through a three-
part process, in which users are taught how to use the tool, encouraged to use the tool on a learning task, and
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Figure 1: A sketch of the proposed visualization, representing frames of a GIF or animation. Created using
Dall-E and Adobe Firefly.

Figure 2: The rudimentary visualization due to Lepori et al. [2023].

then interviewed by the PI and co-PI. The interview process will seek to establish what insights the user has
gained into neural subnetworks, and these insights will be coded according to various metrics (e.g. novelty
and scientific value). The coded insights will be compared to the insights that can be derived from using
the existing subnetwork visualization tool. Expert users to be assessed will include the sponsoring faculty,
being Roman Feiman (Psychology) and Ellie Pavlick (Computer Science / Linguistics). Expert users to
be assessed will also include graduate students from Brown’s Language Understanding and Representation
(LUNAR) lab.

The research is interdisciplinary due to the clear relevance to neuroscience and cognitive science. A
better understanding of neural subnetworks and their changes over time during training can inform a better
understanding both of how neural mechanisms emerge to solve different tasks, and how different tasks are
related to each other by virtue of being solvable with shared underlying mechanisms.

5



3 Significance

The development of advanced visualization methods for subnetwork identification techniques holds substan-
tial significance for both the field of artificial intelligence and its interdisciplinary applications. As neural
networks become increasingly complex and are deployed in critical sectors, the need to understand their
internal workings becomes increasingly important.

Firstly, enhancing interpretability directly addresses one of the paramount challenges in deep learning:
the “black box” nature of neural networks. By visualizing the specific subcircuits responsible for distinct
tasks or functionalities within a model, researchers can gain insight into how information is processed and
represented. This transparency is crucial for diagnosing and mitigating biases, understanding decision-
making processes, and ensuring that models behave as intended.

Secondly, the proposed work has the potential to accelerate scientific discovery by facilitating cross-
disciplinary collaboration. The ability to map and visualize subnetworks aligns closely with neuroscientific
methods of studying brain functionality. By drawing parallels between artificial neural networks and bio-
logical neural systems, this research can contribute to understanding in neuroscience and cognitive science.
For example, a cognitive scientist could use subnetwork visualization methods to identify that two diverse
tasks can be solved by a network using a common subnetwork or two largely overlapping subnetworks, thus
supporting hypotheses regarding the relatedness of those tasks.

Moreover, from an engineering perspective, these visualization tools can aid in optimizing neural net-
work architectures. Identifying and extracting subnetworks dedicated to specific tasks can lead to more
efficient models that require fewer resources, which is particularly valuable for deployment in resource-
constrained environments. It can also inform the development of modular AI systems, where components
can be independently analyzed, tested, and improved.

Last, the subnetwork visualization tool can help to build confidence in the reliability of the underlying
subnetwork tool - or to aid in discovering ways in which these methods are not reliable. If the subnetwork
identification tool “invents” a subnetwork that does solve the task but is not used by the original network to
do so, then evidence of this should be available through our visualization tool. In particular, we hypothesize
that if the subnetwork identification tool is unreliable in this way then the subnetwork visualization will
show large frame-by-frame differences between the identified subnetwork, corresponding to a different non-
utilized subtask “solution” being discovered each time.

In summary, the proposed visualization methods are significant because they enhance the interpretabil-
ity of neural networks to promote knowledge and trust, they may yield insights for neuroscienctists and
cognitive scientists, and they may potenitally contribute to optimizing AI systems and stress-testing the
relied upon subnetwork identification tools. While the tool is primarily intended for expert users in a sci-
entific discovery context, the tool might be appropriate for a secondary use case as a pedagogical tool for
demonstrating how neural networks learn subtask solutions.

4 Related Work

Enhancing neural network interpretability is an important aim that may support scientific, engineering, and
safety goals [Zhang et al., 2021]. Numerous visualization techniques have arisen to aid researchers in un-
derstanding the internal processing mechanisms in neural networks [Matveev et al., 2021]. Such techniques
include, for example, the early decoding of intermediate layers of a convolutional neural network (CNN) to
allow a user to view a read-out of a processed image at a certain stage of the network [Wang et al., 2021].
New interpretability tools have arisen which provide the opportunity to develop corresponding visualization
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tools.
Interactive visualization tools have been developed to help users understand neural networks at different

levels of expertise. For instance, Wang et al. [2021] introduced CNN Explainer, an interactive tool designed
for non-experts to better understand the inner workings of CNN models. Their work focuses on pedagogical
purposes and is tailored to CNN architectures. In contrast, our work is intended for an expert audience and
is not limited to specific neural network architectures.

Recent advances in subnetwork identification have provided new avenues for neural network inter-
pretability. Lepori et al. [2023] introduced NeuroSurgeon, a toolkit for identifying the subnetworks involved
in a neural network solving a particular part of a composite task. This technique enables the extraction of
subnetworks responsible for specific functionalities, offering a granular view of neural network operations.
Our proposed visualization tools aim to complement such analysis tools, facilitating the exploration and
understanding of these identified subnetworks.

Visualization of parameter changes during training has also been explored to enhance interpretability.
Schneider et al. [1997] presented methods for real-time visualization of interactive parameter changes in
image processing systems. Their approach allows users to observe how parameter adjustments affect pro-
cessing outcomes dynamically. Similarly, although applied to image processing systems, their methodology
informs our intention to include methods for visualizing diachronic parameter changes within subnetworks
of neural networks, thereby aiding in understanding how subnetworks evolve during training.

Attention mechanisms in neural networks, particularly in transformer models, have been a focus of
visualization efforts to understand model activations in response to specific inputs. Vig [2019] developed
a multiscale visualization of attention in transformer models, providing insights into how models process
input data. However, their work centers on activations, which are input-specific. Our work differs by
concentrating on visualizing the learned weights of neural networks, which are input-agnostic parameters
that define the network’s behavior irrespective of specific inputs.

Feature visualization is another approach that has been employed to interpret neural networks. Olah
et al. [2017] provided techniques for visualizing the features learned by a neural network as intermediate
representations. This line of work sheds light on what features a network learns at different layers, enhancing
understanding of the network’s hierarchical feature extraction. Our focus, however, is on identifying and vi-
sualizing the circuits or subnetworks that extract particular features, thus moving from feature representation
to the structural basis of feature extraction within the network.

Dimensionality reduction techniques have been utilized as visualization tools for data analysis. Nasser
et al. [2006] explored the use of Kernel Principal Component Analysis (KPCA) for visualizing data clusters,
aiding in the identification of the number of clusters within datasets. Their work emphasizes visualization of
features of the data rather than aspects of the model itself. In contrast, our project aims to visualize features
of the trained network, specifically the subnetworks responsible for particular tasks, thereby contributing to
model interpretability rather than data analysis.

Beyond neural networks, subnetwork identification has been examined in the context of complex net-
works. Gao et al. [2023] proposed a method for identifying key nodes in complex networks based on
subnetwork feature extraction, utilizing graph convolutional networks. While their work addresses general
complex networks and focuses on key node identification, it highlights the broader applicability and im-
portance of subnetwork analysis. Our project is aligned with this perspective but is specifically tailored to
neural networks, aiming to visualize and understand the subnetworks within these models.

Subnetwork analysis has also found significant applications in biological networks. Su et al. [2010]
identified diagnostic subnetwork markers for cancer in human protein-protein interaction networks, demon-
strating how subnetwork identification can aid in disease classification and understanding of biological pro-
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cesses. Although our work is focused on neural networks, the methodologies and motivations share common
ground with such biological network studies, emphasizing the utility of subnetwork visualization in complex
systems analysis.

In summary, there is a rich body of work on neural network interpretability and visualization, ranging
from educational tools for non-experts to advanced techniques for visualizing features, activations, and pa-
rameter changes. The exploration of subnetwork identification in both artificial and biological networks
underscores the importance of understanding the internal structures that underpin complex functionalities.
Our proposed work seeks to build upon these efforts by developing visualization methods tailored to emerg-
ing subnetwork identification techniques in neural networks, thereby providing experts with powerful tools
to facilitate scientific discovery and deepen our understanding of neural network architectures and their
functionalities.

5 Research Plan

Week 1:
Create and train a neural network to solve a task that can be broken down into two sub tasks Retrieve

parameter values and create a static visualization of the final parameter values for the full network
Week 2:
Modify final parameter visualization into a dynamic visualization of parameter values as they change

through training
Week 3:
Apply existing subcircuit identification methodology to identify subnetworks responsible for each task

component
Week 4:
Layer subcircuit identification onto the parameter visualizations to introduce different shadings for dif-

ferent subcircuits, changing through the course of training
Week 5:
Conduct pilot user study with expert users (Ellie and Roman) and assess the insights derived
Week 6:
Write final report Create final presentation Submit final report and give final presentation
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Fwd: Course project concept for CSCI 2370, Visualization External Inbox ×

to me

David Laidlaw

---------- Forwarded message ---------
From: Roman Feiman <roman_feiman@brown.edu>
Date: Wed, Sep 18, 2024 at 11:44 AM
Subject: Re: Course project concept for CSCI 2370, Visualization
To: David Laidlaw <laidlaw.david@gmail.com>
Cc: Ellie Pavlick <ellie_pavlick@brown.edu>

Hi David,

Sam has mentioned this to us, and absolutely -- I think this would be a valuable visualization tool that I'd be interested in usin

Best,
Roman

On Wed, Sep 18, 2024 at 10:02 AM David Laidlaw <laidlaw.david@gmail.com> wrote:
Hi Ellie and Roman

Sam Musker, a student in my visualization class, has proposed a class project to use visualization to aid neural network int
interested in the project's results -- a user.  I've attached his more detailed summary of the project idea.  Would the two of y
Please let me know if any more info would help in deciding.

Thanks for considering!

Cheers,

-David

--
David Laidlaw, Professor, Brown Computer Science
Box 1910, Providence, RI 02912, +1-401-354-2819
http://www.cs.brown.edu/~dhl
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Thomas J. and Alice M. Tisch Assistant Professor
Department of Cognitive and Psychological Sciences
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Brown University
Room 241, 190 Thayer St., Providence, RI
p: 617-834-7008

--
David Laidlaw, Professor, Brown Computer Science
Box 1910, Providence, RI 02912, +1-401-354-2819
http://www.cs.brown.edu/~dhl

to me

David Laidlaw

---------- Forwarded message ---------
From: Pavlick, Ellie <ellie_pavlick@brown.edu>
Date: Wed, Sep 18, 2024 at 4:01 PM
Subject: Re: Course project concept for CSCI 2370, Visualization
To: David Laidlaw <laidlaw.david@gmail.com>
Cc: Roman Feiman <roman_feiman@brown.edu>

Absolutely! Our lab would definitely use something like this. (I told Sam to do it...he is my student...not sure if that is against th
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1 Response to Reviewers

Dear Editor and Reviewers,

We are grateful for the time and effort that you have dedicated to providing feedback on our proposal.
We have prepared a point-by-point response to your comments and suggestions, which can be found below.

1.1 Reviewer 1: Richard Huang

Overall: 3

Interdisciplinary: 2
The project combines sci vis with cardiac anatomy.

Scientific: 3
The project provides the first non-invasive visualization method for certain areas of the heart. I am curious
what makes this non-invasive.
Response: We have elaborated on the protocol used to obtain this data in the Biological Reference section.

Visualization: 2
They apply a technique (tractography) mainly used in brain anatomy visualization, but has also been used
in the heart anatomy. This project’s visualization will be the first of QSI atrial images.

Significant: 2
It is significant in that it not only visualizes an important organ of the body but does so in a non-invasive
way. This makes the techniques transferrable beyond mice.

Novel: 3
(As stated previously) The project provides the first non-invasive visualization method for certain areas of
the heart. The techniques seem to not be novel.

Goals clearly stated: 3
The 3 aims are clearly stated at the beginning with the necessary tools. I think it would help to write more
on the motivation for these goals at the beginning before stating them.
Response: We have expanded on our motivations and hopes for this project in the Aims section.

Likelihood of Success: 3
I am wondering if the author needs a specific facility to perform the visualization? I.e. do they need to be at
a lab where the mouse hearts are in person? This wasn’t clear to me. The weekly plan is well-defined and
has a baseline to reference.
Response: We have provided more details about the generation of the data (see previous response address-
ing Scientific Contributions)

Additional Comments:
”Maybe a brief discussion on animal experimentation ethics would be helpful.”
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Response: We have added more references regarding the use of animal models in heart disease research.

”More can be said about how this impacts human health research.”
Response: We expand on the future implications of our proposal in the Significance section

1.2 Reviewer 2: Samuel Musker

Overall: 3

Interdisciplinary: 1
Clear medical application

Scientific: 3
Diagnosing heart conditions is important but is the macrostructure of the heart understudied?
Response: We have added more references outlining how both the macro- and micro-structures within the
atria (and atrioventricular connectivity) have yet to be properly defined to our Related Works section

Visualization: 6
“Our project will produce the first visualization of atrial images acquired using QSI. We will use tractog-
raphy software DSI Studio [3] and TrackVis [4] to determine and optimize tractography parameters that
capture macrostructures and substructures in different regions of the atria and their surrounding vessels.”
Is the project relying too heavily on DSI Studio and TrackVis to create visualizations of the data?
Response: We thoroughly agree with the reviewer on this comment, and have adjusted our methodology
to 1. evaluate other available tools and 2. more thoroughly describe a novel visualization interface that
combines the most appropriate features from these tools. We have also outlined the current limitations of
existing tools, especially regarding cardiac fiber visualization and using small animal models.

Significant: 3
If the tool can support insights into heart disease diagnosis then it would be very significant but I don’t know
how much this will improve relative to current understanding.
Response: We have expanded on future implications of our work.

Novel: 4
New data used for a heart visualization but there are several existing heart visualizations with other data
Response: We have emphasized how our data differs from previously published data, especially in the con-
text of atrial visualization.

Goals clearly stated: 1
Good clarity breaking it down into three

Likelihood of Success: 1
Well scoped project
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1.3 Reviewer 3: Yang Xiang

Overall: 2

Interdisciplinary: 2
The project is combining visualization and biology in a great way, utilizing the research results of both sides
to create a new interdisciplinary finding.

Scientific: 3
Assessing the myoarchitectural patterns of mouse atrium is scientific and interesting, may be used to extract
some insights from the complex raw data.

Visualization: 3
The first visualization of atrial images acquired using QSI. Some softwares are also used during the visu-
alization, which may enhance the visual quality while keeping good efficiency. A new interface will be
created too.

Significant: 4
The application may not have so many real-world applications, as it is restricted in a small field.
Response: Refer to previous response to Reviewers 1 (Additional comments) and 2 (Significant contribu-
tions).

Novel: 3
The method is novel, combining QSI with advanced visualization techniques. While MRI has been studied
a lot, the project chooses a subdirection and aims to create a new tool for it.

Goals clearly stated: 1
Plans are detailed and clear.

Likelihood of Success: 2
With careful planning and clear knowledge of the project, it is highly likely to succeed.

1.4 Reviewer 4: Arjun Prakash

Overall: 2

Interdisciplinary:
Combines biology and imaging

Scientific: 2.
The scientific contribution doesn’t seem as clear since it is applying this exisiting technique on a new sub-
ject? although maybe the hope is to find something significant with this technique. I thi k this is aim 3.
Response: The reviewer’s assessment is correct - we have made the goals and outcomes of aim 3 more clear
throughout the proposal.
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Visualization: 2
the visdualization objectives are very clear in the Aims.

Significant: 2
Well motivated and clear articulation of the gap

Novel: 1
Seems like this is a new use of this diffusion tractography which could lead to new insights

Goals clearly stated: Yes

Likelihood of Success: 8/10

Additional Comments:
”Not clear what the benchmark or evaluation would be”
Response: Refer to previous response to Reviewer 2 (Visualization Contribution).

1.5 Reviewer 5: Eric Xia

Overall: 4

Interdisciplinary: 4.
The research is interdisciplinary, utilizing high-resolution imaging techniques in a new setting. The com-
putational contribution is very minimal. The proposal elects to focus primarily on the novel application of
existing software to data. The multimodal interface is only briefly mentioned in Aim 2, and not elaborated
upon.
Response: We have expanded the description of our computational contributions - namely, optimization of
tractography parameters and building a visualization interface capable of interpreting and combining data
from multiple sources (i.e. exported data from current visualization tools), incorporated as part of aims 1
and 2, respectively.

Scientific: 3.
The identification of architectural features in the atrial region of the heart could have widespread applications
in diagnosing disease-related structural changes. The combination of the tractogram model with anatomical
renderings could allow for identification of architectural patterns, furthering our understanding of mammal
anatomy. This section of the heart is known to be highly complex, which motivates the development of
novel visualization methods to aid understanding its structure. However, there is no justification provided
for the proposed interface as an improvement over previous methods.
Response: Refer to previous response to Reviewer 2 (Visualization contribution).

Visualization: 6.
The proposal will primarily use existing software, DSI Studio and TrackVis to visualize the atrial chamber of
the mouse heart, specifically with a focus on atrial fibrillation. It proposes the development of a multimodal
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interface with overlaid anatomical renderings in order to study the atrial region ex vivo. This would be a
novel visualization application, as QSI tractography can achieve higher resolution imagery than previous
techniques. The overlay interface could be described in more detail. In particular, the extensibility of the
interface to other problem domains is unclear.
Response: We have provided a more detailed description of the interface, as well as some comments on
possible future use cases. We thank the reviewer for this insightful suggestion.

Significant: 3.
The primary visualization contribution would be in the interface. It would potentially allow for the identifi-
cation of patterns beyond the scope of the scientific contribution outlined. However, it is not especially clear
what anatomical renderings would add to the visualization, as the goal seems to characterize novel architec-
ture in the atria region. For the scientific contribution here, the use of the mouse as a model organism may
complicate generalizations to the human body.
Response: We appreciate the reviewer’s concern - we believe that anatomical renderings contextualize and
provide an important ”ground truth” to visualizations. Additionally, most of the cited papers in this pro-
posal make use of anatomical models to complement other visualization methods.

Novel: 5.
The analysis would be a novel application of QSI to an understudied region of the heart. However, the
proposed interface overlay does not noticeably benefit from the technology being employed: the anatomical
models, assuming they are from existing sources, will not provide additional information. The focus of the
proposal is clearly on the application of existing technology.
Response: We further emphasize the benefits of our proposed interface by identifying the shortcomings
of current tools in processing and visualizing our type of data. See also previous response to Reviewer 2
(Visualization contribution).

Goals clearly stated: 1.
The goals are clearly stated and well defined: the first visualization of atrial images acquired using Q-space
diffusion MRI.

Likelihood of Success: 2.
Assuming that the software supports QSI imagery, the visualization of the data does not seem to be problem-
atic. However, the development of a multimodal interface with anatomical overlays seems to be tangential
to the focus of the proposal.
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Architectural Analysis of the Mouse Atrium using Q-Space MRI

Thais Del Rosario Hernandez
PI

thais del rosario hernandez@brown.edu

Richard Gilbert, MD
Collaborator

rjgilbert12@gmail.com

October 14, 2024

Abstract

We propose to utilize imaging data obtained with high geometric resolution Q-space MRI (QSI) to
assess the intricate myoarchitectural patterns of the mouse atrium. Our approach seeks to address the
limitations of lower-resolution imaging frameworks, offering a novel perspective on the spatial organi-
zation and connectivity of cardiac tissue.
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Figure 1: Fiber architecture of the ventricular wall in a mouse heart [1].

2 Aims

The atria are the upper chambers of the heart responsible for receiving blood from the veins and distributing
electrical signals throughout the heart. Our goal is to derive a preliminary atlas that optimally maps fiber
tracts to disease-relevant regions of the atria. We will use mouse hearts imaged ex vivo using QSI to accom-
plish three main goals:

Aim 1: Generate diffusion tractography images of the mouse atrium employing raw diffusion DICOM
files obtained from previously imaged normal mouse hearts (n=10 hearts).
Aim 2: Develop a multimodal interface to visualize tractogram models overlaid with anatomical renderings
of the heart.
Aim 3: Assess dominant architectural patterns in the right/left atria of the mouse hearts in the vicinity of
the major vessels, and in relation to the anatomical locations of the sinoatrial & atrioventricular nodes.

This data has been previously analyzed in the context of the ventricular regions of the heart (Figure 1),
which have a well defined helix structure. The atrium displays a higher degree of architectural complexity,
making it more difficult to characterize as a single-patterned structure. Our hope is to define a set of relevant
architectural features that can be later used to detect disease-related structural changes.
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Figure 2: Examples of different masking and thresholding parameters for processing data in DSI Studio.

3 Significance

3.1 Biological Reference

Atrial fibrillation (AF) is the most common clinical arrhythmia, affecting more than 33 million people
around the world. AF is characterized by aberrant electrical signaling and disorganized waves. Fiber ori-
entation is an important factor in electrical propagation in the heart, which is divided into four chambers
and further sectioned into the upper (atria) and lower (ventricles) chambers. While the ventricles have been
extensively studied with a wide range of imaging techniques - including QSI [1] -, the atria remain mainly
studied by destructive methods such as tissue sectioning. Non-invasive imaging methods prove difficult due
to the thinness of the atrial wall and the high complexity of fiber organization. This project seeks to fill this
gap by first investigating atrial architecture in the mouse - a well established model organism used to study
AF [2]. Moreover, mouse hearts are easier to acquire and image than human hearts while still providing
relevant findings for clinical applications [3, 4]. The main data for this project was obtained from excised
mouse hearts imaged using high resolution QSI.

3.2 Tractography Optimization

Our project will produce the first visualization of atrial images acquired using QSI. The raw data (DICOM
files) will be processed using three software widely used for diffusion MRI data: Diffusion Toolkit [5], DSI
Studio [6], and Quantitative Imaging Toolkit (QIT) [7]. The processing parameters have been well defined
for white matter (i.e. brain) studies, but not yet explored in the context of cardiac imaging. Specifically, we
will investigate reconstruction parameters such as manual and precomputed masking, image thresholding,
reconstruction methods, and diffusion sampling length ratio (Figure 2). We believe it is paramount to first
evaluate and establish a method for processing our raw files, particularly when brain and heart structure are
notably different in terms of tissue composition and functional dynamics.
We will then use tractography software TrackVis [5], and the visualization tools in DSI Studio and QIT to
determine and optimize tractography parameters that capture macrostructures and substructures in different
regions of the atria and their surrounding vessels (Figure 3). We will also highlight tract clusters of interest
and investigate their anatomical connection(s) by overlying tracks with histology slices and 3D morphology
models. Selected models and data files will be exported from each corresponding software and compiled in
a comprehensive interface using Paraview and/or Dipy. Altogether, this novel visualization will allow us to
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Figure 3: Preliminary visualizations of raw data (a), 2D reconstruction results with fiber orientation overlay
(b), fiber microstructure (c), and macrostructure (d) using our mouse heart data.

extract meaningful insights from the intricacy of high resolution tract data.

4 Related Work

Tractography is a technique mainly used to explore brain structure - specifically, white matter tracts. How-
ever, it has been previously used in the context of the heart, though mostly to investigate ventricular architec-
ture. There is still a prominent need for further research in the upper region of the heart and its mechanistic
effects, especially in the context of AF [8]. Previous work exploring the atrium suffers from limitations
regarding the resolution of the imaging methodologies [9, 10]. In contrast, QSI tractography is sensitive
to microstructural changes occurring at the subvoxel scale, allowing us to demonstrate fiber tracts at the
scale of single myocytes in rodent models, and therefore should possess the geometric resolution needed to
resolve atrial myocardial architecture.
Furthermore, tractography analysis has been used to quantify differences in cardiac fiber alignment in a
mouse model of of congenital hypertrophic cardiomyopathy [11]. We strive to institute a useful reference
for comparison between healthy and pathological models of cardiac disease.

5 Research Plan

• Week 1: Process DICOM files and generate tractography data; document optimized parameters.

• Week 2: Compare and validate the tract generation parameters with the previous analysis in the
ventricular wall [1].
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• Weeks 3-4: Implement overlay interface showing tracts over anatomical 3D renderings of the heart.
Highlight anatomical regions of interest based on prior literature.

• Week 5: Identify and annotate regions of inter-sample variation. Begin documenting findings.

• Week 6: Finalize presentation and write-up.
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[2] D. Schüttler et al. “Animal Models of Atrial Fibrillation”. In: Circulation Research 127.1 (2020).
DOI: 10.1161/CIRCRESAHA.120.316366.

[3] Breckenridge R. “Heart failure and mouse models”. In: Disease models mechanisms 3.138–143
(2010). DOI: 10.1242/dmm.005017.

[4] Hasenfuss G. “Animal models of human cardiovascular disease, heart failure and hypertrophy”. In:
Cardiovascular research 39.60-76 (1998). DOI: 10.1016/s0008-6363(98)00110-2.

[5] R. Wang and V.J. Wedeen. TrackVis. URL: https://trackvis.org/.

[6] F. Yeh. DSI Studio. URL: http://dsi-studio.labsolver.org.

[7] Ryan P Cabeen, David H Laidlaw, and Arthur W Toga. “Quantitative imaging toolkit: software for
interactive 3D visualization, data exploration, and computational analysis of neuroimaging datasets”.
In: ISMRM-ESMRMB Abstracts (2018), pp. 12–14.

[8] O. Berenfeld et al. “Animal models of human cardiovascular disease, heart failure and hypertrophy”.
In: Cardiovascular research 39.60-76 (1998). DOI: 10.1016/s0008-6363(98)00110-2.

[9] F. Pashakhanloo et al. “Myofiber Architecture of the Human Atria as Revealed by Submillimeter
Diffusion Tensor Imaging”. In: Circulation. Arrhythmia and electrophysiology 9.4 (2016). DOI: 10.
1161/CIRCEP.116.004133.

[10] R. Kamali et al. “Contribution of atrial myofiber architecture to atrial fibrillation”. In: PloS one 18.1
(2023). DOI: 10.1371/journal.pone.0279974.

[11] T. T. Wang et al. “Resolving myoarchitectural disarray in the mouse ventricular wall with diffusion
spectrum magnetic resonance imaging”. In: Annals of biomedical engineering 38.9 (2010). DOI: 10.
1007/s10439-010-0031-5.

11



Thaís Del Rosario Hernández 
123 Packard St. Cranston, RI 02910  

(401) 837-9992 ●   t.delrosarioh@gmail.com   ● www.linkedin.com/in/thaís-del-rosario-59b13114a/ 
 
EXPERIENCE 
 
Senior Research Assistant, Department of Molecular Biology, Cell Biology and Biochemistry, 
Brown University, Providence, RI.                                                           July 2021 - Present  

● Acquired and analyzed high-throughput behavioral data for a research program on the 
discovery of novel treatments for neurodegenerative disorders. Developed and revised 
new methods for behavioral tracking and classification. Performed drug exposure 
experiments in zebrafish larvae using commercially available, large scale drug libraries.  

● Prepared manuscripts and generated figures for multiple scientific publications.  
● Mentored undergraduate and graduate students. Assisted them with the development, 

data acquisition and analysis, and materials for their specific research projects. 
Instructed them about laboratory safety, experimental guidelines, and kept track of their 
progress with regular meetings and opportunities to present and discuss their data. 

● Maintained zebrafish and mice colonies, keeping track of experimental groups and 
transgenic lines. Managed project supply inventories and communicated with vendors 
about the best solutions for our laboratory needs.  

● Constantly ensured bio-chemical and radiation safety compliance, as well as IACUC-
compliant animal use for research. 

Research Laboratory Technician, Department of Neurology, University of Massachusetts 
Medical School, Worcester, MA.                                                       August 2020 – June 2021  

● Worked on the development of AAV based gene therapies for neurodegenerative 
diseases using small animal models. Performed tasks at each step of this cycle, from 
experimental design to production and administration of viral vectors, molecular and 
behavioral data collection, analysis, interpretation, and presentation of results. 

● Performed downstream procedures for the acquisition of outcome measures – in 
experiments both in vivo and in vitro –, such as collection of tissues, RNA/DNA isolation, 
RT-qPCR/qPCR, and imaging assays.  

● Maintained mouse colony and managed corresponding colony records, encompassing 
various transgenic mouse strains. Trained staff on colony management software usage. 

● Created and maintained a cross-platform, relational database software for the 
synchronous collection of behavioral data. 

Undergraduate Research Assistant, Carleton College Biology Department, Northfield, MN.  
January - August 2019 

● Assembled, annotated, and queried metagenomic data from deep sea hydrothermal 
vents using various bioinformatic tools. 

● Analyzed processed data to investigate the abundance of mobile genetic elements in 
taxonomically classified deep sea samples. 

Undergraduate Research Assistant, Carleton College Computer Science Department, 
Northfield, MN.  
June - August 2018 

● Implemented a pipeline for the generation of simulated next-generation DNA sequencing 
data for heterogeneous cancer tumors using online databases of somatic and germline 
mutations as templates. 



 
 
SKILLS 
 
Laboratory Techniques: Behavioral testing, Mammalian cell culture, Competent cell 
preparation, Plasmid engineering, DNA assembly and cloning, AAV vector production, 
Fluorescence microscopy. 
Programming Languages: Proficient in Python, Java, C#, C. 
Data Analysis and Visualization: RStudio, GraphPad Prism ● EthoVision XT ● Fiji, ImageJ.  
Technological Experience: Microsoft Office (Word, Excel, PowerPoint, and Outlook) ● SQL, 
JUnit, HTML, CSS, JavaScript ● Bash ● DeepLabCut ● FileMaker Pro. 
Computer Graphics: Blender ● Adobe Photoshop, Adobe Illustrator. 
Computational Biology: BLAST, Bowtie2, IGV, IDBA-UD, Prokka, Samtools, Virsorter. 
 

 
 
PUBLICATIONS 
 
 Del Rosario Hernandez T, Joshi N, Gore SV, Kreiling JA, Creton R. Combining 

supervised and unsupervised analyses to quantify behavioral phenotypes and validate 
therapeutic efficacy in a triple transgenic mouse model of Alzheimer’s disease [preprint]. 
2024 June. Available from: https://doi.org/10.1101/2024.06.07.597924 

 Abrams KB, Wilson A, Del Rosario Hernandez T, Choate A. Virtual Reality-Based 
Simulated Hallucinations to Enhance Empathy Toward Individuals With Schizophrenia. J 
Nerv Ment Dis. 2024 Jun 1; 212(6):312-316. doi: 10.1097/NMD.0000000000001772 

 Gore SV, Del Rosario Hernandez T, Creton R. Behavioral effects of visual stimuli in 
adult zebrafish using a novel eight-tank imaging system. Front. Behav. Neurosci., 2024 
Mar 10; 18:1320126. doi: 10.3389/fnbeh.2024.1320126. 

 Zhong J, Osborn T, Del Rosario Hernandez T, Kyrysyuk O, Tully BJ, Anderson RE. 
Increasing transposase abundance with ocean depth correlates with a particle-
associated lifestyle. mSystems. 2024 Feb 21; 9(3):e0006724. doi: 
10.1128/msystems.00067-24 

 Del Rosario Hernandez T, Gore SV, Kreiling JA, Creton R. Drug repurposing for 
neurodegenerative diseases using Zebrafish behavioral profiles. Biomed Pharmacother. 
2024 Feb 17;171:116096. doi: 10.1016/j.biopha.2023.116096 

 Del Rosario Hernández T, Joshi NR, Gore SV, Kreiling JA, Creton R. An 8-cage 
imaging system for automated analyses of mouse behavior. Sci Rep. 2023 May 
19;13(1):8113. doi: 10.1038/s41598-023-35322-1. PubMed PMID: 37208415; PubMed 
Central PMCID: PMC10199054. 

 Gore SV, Kakodkar R, Del Rosario Hernández T, Edmister ST, Creton R. Zebrafish 
Larvae Position Tracker (Z-LaP Tracker): a high-throughput deep-learning behavioral 
approach for the identification of calcineurin pathway-modulating drugs using zebrafish 
larvae. Sci Rep. 2023 Feb 23;13(1):3174. doi: 10.1038/s41598-023-30303-w. PubMed 
PMID: 36823315; PubMed Central PMCID: PMC9950053. 

 Tucker Edmister S, Del Rosario Hernández T, Ibrahim R, Brown CA, Gore SV, 
Kakodkar R, Kreiling JA, Creton R. Novel use of FDA-approved drugs identified by cluster 
analysis of behavioral profiles. Sci Rep. 2022 Apr 21;12(1):6120. doi: 10.1038/s41598-
022-10133-y. PubMed PMID: 35449173; PubMed Central PMCID: PMC9023506. 



 
 

 
EDUCATION 
 
Carleton College- Northfield, MN. September 2016 - June 2020 
Bachelor of Arts in Computer Science, Bachelor of Arts in Biology 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 



Interative Cancer Regimen Visualization and Analysis

Yang Xiang
PI

yang xiang@brown.edu

Brendan Leahey
Co-PI

brendan leahey@brown.edu

Warner Jeremy
Collaborator

jeremy warner@brown.edu

October 14, 2024

Abstract

Cancer treatment regimens are highly complex, involving a combination of anti-cancer drugs given
in numerous routes (eg, oral, IV, intramuscularly) and supportive therapies administered over specific pe-
riods. An interative regimen visualization tool would give healthcare providers, patients, and researchers
a way to visually explore the details of specific regimens, making complex treatment plans more acces-
sible and easier to communicate.Thus, we present a novel tool to automatically visualize cancer regimen
from databases, User only need to select an regimen or input some query text, the tool will deal with the
input, find the related regimen and visualize it for the user. The user can then interact with the regimen,
and see its details and ask questions about it. The system supports automatic visualization for the graph
structure of the regimen and question-answering for regimen details and regimen selection, which is
through analysis of the regimen data with finetuend LLM models.
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1 Response to reviewers

1.1 Reviewer 1: Arjun Prakash

1. Overall: 4

2. Interdisciplinary: 1. Clearly combines medicine with NLP and visualization

3. Scientific: 5. Not clear what the scientific contribution is other than the use of the dataset.

Response: the original dataset are unorganized and do not have a uniform format; so using llm for
uniform format processing helps visualize them uniformly

4. Visualization: 4. Seems ambitious to figure out the best visualizations during the first week

5. Significant: 4. Having an LLM being able to wrangle a complex dataset is interesting.

6. Novel: 4. Unclear what the novelty is if the authors are not planning on pretraining.
Response: Pretraining is hard and cost a lot, so currently the strategy is to use fine-tune

7. Goals clearly stated: Yes, but they might be ambitious

8. Likelihood of Success: 5/10

9. Strengths:
Good presentation. Well motivated.
Clear timeline.
Weaknesses:
Probably too ambitious.
Not clear what the evaluation will be, or how to prevent hallucinations.
Response: This is very correct, and I will add the detailed evaluation and hallucination-prevention
methods in the final proposal.

1.2 Reviewer 2: Sathe, Aalok

1. Overall: 4

2. Interdisciplinary: 2
Target domain is cancer therapeutics.

3. Scientific: 6
This is not intended to be a scientific contribution; though it is definitely aligned with the longer-term
translational goal of science: treatment. Additionally, enabling better patient tools for treatment will
someday enable better administration of clinical trials, etc.
Response: Yes, this is more like a tool rather than something that directly generates insight for a
domain. Maybe insight generation feature will be added, but it is hard and currently not planned.

4. Visualization: 5
The primary contribution of this project. The authors propose to use LLMs to parse textual data into
structured formats and visualize these using intuitive graphs. The nature of these contributions is a bit
vague.
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Response: The preliminary proposal indeed is not clear about this point. I think the contribution will
include generating uniform visualization for some messy data with several given inputs, so that it can
be also used in other similar scenes.

5. Significant: 3
Seems to be very important work.

6. Novel: 3-4
Using LLMs to parse medical data would reduce burden from patients and avoid an overload of
information. However, how this information will be visualized is not clear.
Response: I will add images in the final proposal I think

7. Goals clearly stated: 5
Some goals are clearly stated (target domain, the nature of the tool, its purpose, some components of
it such as LLMs for parsing and graphs for viewing), but others are not (methods for visualization;
what data will be visualized, etc.).

Response: The detail of methods will be added in final proposal.

8. Likelihood of Success: 4
Likely to succeed, but unclear in the absence of information about methods of visualizing, and what
data will be visualized and why.

9. Strengths:
- Well motivated domain and purpose.
- Novel additional use of LLMs for an appropriate purpose.
Weaknesses:
- Could be more specific in its methods.
Other comments:
- LLMs might omit information from the data and cause fatal problems with patients’ treatment.

Response: This is a very good review, pointing out the problems correctly: lack of detail and
inaccuracy of LLMs. I will add them in final proposal, like the images of the visualization method,
the ways of avoiding hallucination, etc.

1.3 Reviewer 3: Eric Xia

1. Overall: 3

2. Interdisciplinary: 2. This work is highly interdisciplinary, as it involves utilizing computer science
and human-centered design techniques to visualize an accumulation of scientific knowledge relating
to cancer treatment. I think this could be improved with more integrated biochemical visualizations,
e.g. of the specific effects and interactions of treatments, but this may not be as practical for an
end-user application.

Response: I think it will be combined with the patient’s conditions to customize a calender for them,
so yes!
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3. Scientific: 3. This approach would clearly benefit cancer patients in allowing them to compare po-
tential treatment plans and make better decisions about their healthcare. There does not seem to be a
substantial scientific component in the health sciences. As a design intervention, there is the possibil-
ity of performing studies comparing the visualization design or LLM to existing plans.

4. Visualization: 4. Using LLMs or retrieval techniques could lead to better parsing of cancer treatment
regimens. I’m not convinced that it will allow for consistent visualization or more flexible accommo-
dation. The goal of developing a universal approach for cancer regimen visualization should ideally
specify more on the visual techniques being used. Are there novel ways of visualizing time intervals
for medication, comparing different medications, appointments, checkups? The LLM contribution
seems somewhat distinct from this: the approach appears to be using LLMs to generate visualizations
e.g. svg flowcharts, while simultaneously manually implementing a framework. In the research plan,
they outline the usage of visual techniques e.g. node-link diagrams, gantt charts, and process flow
diagrams. Both approaches seem like they would require user studies early on to be effective.

Response: This reminds me of some vague ideas that I had when designing the proposal. I had
wanted to do visualization for almost structures automatically, like most strurctures can be represented
in some kind of graph, and most of them can be represented in tree without losing too much info. I
think I will consider more about this and try to find something useful in a more general way.

5. Significant: 2. This would be a very significant contribution in improving wellbeing and making
healthcare more accessible. Care should be taken to ensure that the visualization is actually providing
a benefit, and not rehashing text information in an unclear or misleading manner. Visual interfaces
lend themselves to comparisons and exploration in particular. I do not think this interface would be
particularly generalizable.

Response: Comparison is important and also a great idea. It can be integrated by comparing the
original paper infos of 2 different regimen. A great idea I did not come up with...

6. Novel: 4. If the visualization component succeeds in being usable, it would be a novel contribution
and has a very clear benefit for patients. I have some concerns on the practicality of the visualization;
some demos sketching out visualizations would be helpful.

Response: Sure, talk is cheap and demo is important.

7. Goals clearly stated: 1. The goals are very clearly stated, and the research plan is extremely compre-
hensive.

8. Likelihood of Success: 3. I think there is a reasonable chance of success. The two different direc-
tions outlined of using LLMs to automate regimen visualization and designing a visual language for
modular construction may be somewhat contradictory.

9. Strengths:
- Very comprehensive research plan
- Solves a real and important problem
- Widely available base of data
- The problem seems like it would benefit from visualization
Weaknesses:
- Not clear what the novel visualization contribution is; dynamic visualization as opposed to static?
- The 0.5-1 week allocated to visualization design is frighteningly short
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- Somewhat overlapping goals with LLM and manual visualization design.

Response: Thanks to the help of gpt, the framework can be built quickly.

1.4 Reviewer 4: Thais Del Rosario Hernandez

1. Overall: 3

2. Interdisciplinary: 1. The proposal is highly interdisciplinary. It proposes to tackle complex (and often
variable) oncology regimen data and provide the user with an accessible interface to visualize their
treatment plan(s).

3. Scientific: 3. This visualization tool’s user base is both patients and care providers (i.e. doctors and
other medical staff). Reducing the complexity of the tasks required to browse through the regimen
database might facilitate the discovery of patterns in patient response to certain treatments. The pro-
poser draws parallels between other fields where the same time-dependent and divergent nature of the
data (e.g. epidemiology) reduces interpretability, suggesting that this tool could also be applicable in
that context.

4. Visualization: 3. The database that this proposal will use as a data source is entirely text-based and
hard to navigate, especially in the case of oncology non-experts (i.e. recently diagnosed patients and
their families). The score could be improved with a more detailed description of how the visualization
will improve on current visual paradigms.

5. Significant: 2. A visualization tool for this data will increase accessibility and ease communication in
patient care. It will also aid clinicians and researchers in discovering patterns in the data. Since the
proposed database mostly contains clinical trial data, recognizing what works is important in order to
establish more concrete treatment protocols.

6. Novel: 4. The proposal mentions previous visualizations of cancer regimen data, but does not go in
depth about what will make the proposed visualization novel, nor how it will be evaluated against the
previous work (i.e. baseline).

Response: There are not many works doing this, so finding a baseline is hard...

7. Goals clearly stated: 3. Goals are mostly clear, but are wide-reaching and evaluations are not included
at each step.

Response: True. I will add them separately for each feature.

8. Likelihood of Success: 4. Research plan and number of proposed methods seems ambitious.

9. Strengths:
- Proposal is thorough and aims are well connected to the overall problem.
- Highly relevant to a wide user base.
Weaknesses:
- The proposal to use LLM as a way to filter data seems overly ambitious and prone to more problems
than its worth. It could be replaced with a simpler but more stable filtering algorithm for the data
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(perhaps using metadata from the existing regimen database, if available).
- Data collection involves reducing the amount of regimens, but then mentions ”exploring additional
databases”. Given the timeline of the project, it would be more reasonable to focus on a small subset
within one database, and optimizing the visualization for that type of data.
- The research plan timeline is very tight, and does not include time for preparing the final write-
up/presentation for the course.

Response: The data are somewhat messy and do not have a uniform format, that’s one of the reasons
I use an LLM. It indeed is reansonable to just explore some certain database, and now I plan to use
just hemonc.org. The timeline may be altered — I did not save time for presentation as I thought it is
something to be done quickly after finishing the project, but saving some time for it surely would be
better.

1.5 Reviewer 5: David Laidlaw

1. Overall: 7

2. Interdisciplinary: 5
Good

3. Scientific: 7
The proposal mentions some positive properties of the proposed system and its use. Will your system
be better in those ways? If so, how will you measure that and what will the system be better than?

Response: I will meansure them with accuracy + user study, and for user study I plan to design a
multi-choice survey form to collect data. Maybe this is a bit simple and I will add more user study
methods...

4. Visualization: 7
How will you establish the value and contributions of the proposed system? You list a number of
positive properties, like user-friendly, consistent, and accurate. As above, will your system be better
in those ways? If so, how will you measure that and what will the system be better than?

Response: This can be organized by comparing the acc/time results between experts, non-experts
and llms.

5. Significant: 7
See the previous two criteria

6. Novel: 7
Not clearly articulated. The proposal lists some other approaches, but it isn’t clear how the proposed
work will differ.

7. Goals clearly stated: 7
At a high level, the goals are impressive and valuable. At a more detailed level of methodology and
evaluation, they are insufficient to evaluate.
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8. Likelihood of Success: 8
The LLM element seems like it is unlikely to fit in the time we will have. It seems like it is very
important to all of the aims, however, so having it optional seems like it is a problem. It also seems
like it could take a very long time.

Response: I have some previous experience related, so I can save some time for it, and can at least
give a version with not-bad performance.(compared to perfect)

A revision focusing on the evaluation and user study would score much better.

Response: Yes, this is the most important part.

9. Other:
- Don’t know what RAG is in the abstract.
- The proposal needs a title.
- Collaborator(s) not listed.

Response: Will surely add them in final proposal! And delete RAG because I think it may not be
used.

1.6 Reviewer 6: ChatGPT

1. Overall: 2
This proposal presents a novel approach to visualizing complex cancer treatment regimens using
LLMs and data retrieval techniques. The project addresses a critical need in healthcare for better
communication and understanding of treatment plans.

2. Interdisciplinary: 1
The project bridges healthcare, data science, and AI, making it highly interdisciplinary.

3. Scientific: 2
The scientific merit is strong, particularly in the application of AI to healthcare and the potential to
improve patient outcomes.

4. Visualization: 1
Visualization is central to the project, and the proposed use of interactive graphs and diagrams is both
novel and impactful.

5. Significant: 2
The potential impact on healthcare, particularly in improving communication between healthcare
providers and patients, is significant.

6. Novel: 1
The integration of LLMs with data visualization for cancer treatment regimens is a novel and timely
approach.

7. Goals clearly stated: 1
The goals are clearly articulated and aligned with the project’s objectives.
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8. Likelihood of Success: 2
The project is likely to succeed, though there may be challenges in ensuring the accuracy and real-time
updating of cancer regimen data.

9. Strengths:
The proposal addresses a critical need in healthcare with a novel and impactful approach.
The research plan is well-structured and achievable within the given timeframe.
Weaknesses:
The project may face challenges in integrating real-time updates and ensuring the accuracy of the
LLM-generated visualizations.

10. Other comments for discussion:
Collaboration with healthcare professionals and oncologists could further enhance the accuracy and
relevance of the tool.

Response: The suggestion for collabration indeed is great... For other parts I think gpt is just giving
praise. Maybe the prompt should be changed to let gpt give more criticism.

2 Aims

1. Develop a novel approach for visualizing cancer regimens: The tool will establish a flexible frame-
work that can accommodate the diverse structures of cancer treatment regimens, including various
drug combinations, delivery methods, and time frames. By leveraging LLMs and retrieval methods,
the system will dynamically analyze regimen data, allowing for consistent visualization of even the
most complex regimens.

2. Achieve accurate and visually compelling regimen representations: The tool will utilize LLMs to
parse text input related to cancer regimens and automatically convert this information into an intuitive
visual format. The aim is to ensure that healthcare providers, researchers, and patients can easily com-
prehend complex treatment protocols through user-friendly, interactive graphs and diagrams, reducing
the potential for misinterpretation.

3. Integrate a dynamic question-answer system: The tool will incorporate a QA system that allows
users to ask specific questions about their disease or a selected node within the regimen. Leveraging
LLMs, the system will provide contextually relevant treatment information based on the latest medical
guidelines and research data. This feature aims to enhance user engagement by offering personalized,
real-time answers, empowering patients and healthcare providers to make informed decisions while
navigating complex treatment options interactively.

4. Enable real-time updates for cancer regimen knowledge: The system will support real-time inte-
gration of new and updated cancer regimen data. By fine-tuning the model with the latest develop-
ments in cancer treatments and utilizing retrieval-based augmentation, the tool will maintain accuracy
and ensure that users always have access to the most current information.

3 Significance

Cancer treatment regimens are inherently complex, often involving intricate combinations of anti-cancer
drugs, supportive therapies, and individualized treatment plans based on patient-specific factors. These
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regimens are challenging to interpret due to the diversity in drug combinations, delivery methods (oral, in-
travenous, intramuscular), and timing schedules. As a result, healthcare providers, researchers, and patients
face difficulties in understanding and communicating these plans effectively. Visualizing cancer regimens
in a structured, clear, and interactive way will significantly improve the accessibility of this information.

The proposed tool is not only a valuable asset for healthcare professionals who need to quickly grasp and
communicate treatment plans, but it is also essential for researchers looking to analyze treatment patterns
and their outcomes. Patients, often overwhelmed by complex medical information, can benefit from a
more intuitive understanding of their treatments, leading to better engagement and adherence to prescribed
regimens. By simplifying the interpretation of these regimens, the tool can improve communication between
doctors, patients, and caregivers, ultimately contributing to better patient outcomes.

Furthermore, the framework developed for this tool has the potential to be adapted beyond cancer regi-
men visualization. Many fields in biology, social sciences, and beyond encounter similarly complex datasets
that are difficult to analyze and visualize in an accessible manner. For example, in genomics or epidemi-
ology, researchers deal with large datasets that require detailed exploration and representation. The same
visualization approach can be used to streamline the analysis of these datasets, saving researchers time in
developing manual visualization codes and allowing them to focus on the scientific questions at hand. This
framework can therefore serve as a generalizable solution for various disciplines, reducing the need for
field-specific visualizations and promoting cross-disciplinary innovations.

4 Related Work

Some previous works have made attempts for cancer regimen visualization [3] [9]. Some database collect
and validate existing cancer regimen, including a large amount of valuable data [10]. However, the database
do not give a intuitive visualization of the regimen, leaving the complicated and unorganized long text to
users. This is because cancer regimen data is complex and diverse, and merely organizing and validating
the regimen in text form is already a huge amount of work, let alone analyzing and organizing them into
a unified structure. Due to this, some current visualization methods for cancer regimen [3] [9] utilize of a
processed dataset with fixed structure.

In a broader view, there exist systems that automatically generate visualization [4] which needs only
a input dataset and will do automatic analysis and visualization generation. However, this tool is used for
generating overall information of the whole dataset(e.g. histograms) instead of generating high-quality visu-
alization for unprocessed sample points inside the dataset. It also requires a input dataset and does analysis
for the whole dataset, which is of high cost and low efficiency when the dataset is updated frequently.

For feeding specific knowledge to a pretrained LLM, the most widely used methods include fine-
tune(with models like lora [7] ) and rag[8, 6]. They are cost-effective ways to customize the LLM for
specific domain usage. However, their outputs are sometimes unstable and faces problems of hallucination
and low accuracy. The quality of input dataset matters when customizing LLMs.

5 Research Plan

1. Data Collection: The first step involves gathering relevant cancer regimen data from various sources,
such as hemonc.org, which contains a wide range of chemotherapy regimens and clinical oncology
data. However, since the dataset is too broad, we will focus on selecting regimen properties that are
most commonly used or of high clinical significance. This phase will include selecting the properties
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to remove noise, standardize the format, and ensure that the regimens are represented in a way that
facilitates both LLM processing and visualization. (1 week)

2. Visualization Design: In this phase, we will determine the most effective way to visually repre-
sent cancer regimens. This involves working closely with oncologists and healthcare professionals
to understand their requirements for regimen visualization. We will explore different visualization
techniques, such as node-link diagrams, Gantt charts, or process flow diagrams, to identify the format
that best captures the complexity of drug combinations, treatment schedules, and delivery methods.
The goal is to design a visualization that is both clinically useful and easy to interpret for non-experts.
(0.5-1 week)

3. Web Framework Construction: The visualization tool will be built using modern web technologies
such as React for the front-end and D3.js [1], ECharts [5], or similar libraries for creating dynamic
and interactive visualizations. There is a library, react-d3-graph, [2] which can be really useful. This
stage will involve designing the front-end user interface (UI) and ensuring that the visualizations are
rendered efficiently and responsively. We will prioritize a modular design to allow future extensions
and integration with other medical data systems. This phase will also involve basic backend setup for
data management and interaction with the LLM-based components. (0.5 week)

4. Automatic Visualization with LLMs: This step will involve integrating LLMs to automatically parse
and analyze the regimen data. The LLMs will process input queries (e.g., regimen names, drug combi-
nations) and provide some potential regimens, and user will select the one they want. Then the system
will generate visualizations that accurately reflect the regimen’s structure and timeline. Optimization
methods such as cycle self-improving techniques will be employed to iteratively improve the accuracy
of the LLM-generated visualizations. Additionally, special attention will be given to handle variations
in regimen format and structure in a generalized way. (1 week)

5. Fine-tuning LLMs for Advanced Features: We will fine-tune the LLMs using the collected cancer
regimen dataset to enhance domain-specific performance. Fine-tuning will allow the LLM to generate
more accurate and relevant visualizations for specific regimens, capturing subtle details like drug
interactions, dosage variations, and treatment schedules. In this step, we will experiment with different
fine-tuning techniques including LoRA and retrieval-augmented generation (RAG), as well as regular
evaluation to reduce issues like hallucination and increase accuracy. If time permits, this step will also
include auto-update integration with the database. (1-2 weeks)

6. Evaluation and Writing Report: The evaluation will focus on two aspects: LLM output accuracy
and visualization effectiveness. For LLM accuracy, we will compare outputs to ground-truth data
from clinical oncology sources using precision, recall, and F1 score. For visualization effectiveness,
a user study will involve healthcare practitioners(doctors, researchers, students) and patients, assess-
ing usability, task completion time, error rates, and satisfaction. Upon completion, a detailed report
will summarize the evaluation results, highlight system strengths and limitations, and suggest future
improvements. Comprehensive documentation will also be provided in the report to ensure ease of
future development and use. (2 weeks)
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