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Dimension Reduction for Data Visualization
PaCMAP & Friends

Interpretable Neural Networks 
ProtoPNet & Friends
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Dimension Reduction for Data Visualization 







Kazer et. al dataset



Kazer et. al dataset



Local vs Global
- Local structure: local neighborhood graph, nearest neighbors
- Global structure: relationships between clusters, respect relative distances.

(mainly global) (mainly local) (mainly local) (both, actually)

t-SNEPCA UMAP PaCMAP



Global Methods
• PCA (Pearson, 1901)
• MDS (Torgerson, 1952)
:
Local Methods
• LLE (Roweis and Saul, 2000), 
• Isomap (Tenenbaum et al., 2000)
• Hessian Local Linear Embedding (Donoho and Grimes, 2003)
• Laplacian Eigenmaps (Belkin and Niyogi, 2001) 
• Stochastic Neighborhood Embedding (SNE) (Hinton and Roweis, 2003) 
• t-SNE (van der Maaten and Hinton, 2008)
• LargeVis (Tang et al., 2016)
• UMAP (McInnes et al., 2018)
:

Preserve distances, 
not neighborhoods

Preserve neighborhoods

Crowding problem
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:
Local Methods
• LLE (Roweis and Saul, 2000), 
• Isomap (Tenenbaum et al., 2000)
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high perplexitylow perplexity



PaCMAP 

Haiyang Huang
former PhD student, Duke

Yingfan Wang
former PhD student, Duke

Yaron Shaposhnik
Prof, U Rochester



PaCMAP: https://github.com/YingfanWang/PaCMAP
Via pip: pip install pacmap / via conda: conda install pacmap -c conda-forge
Now supports R/Seurat integration

*Winner of the 2023 John M. Chambers Statistical Software Award and the 
2024 Award for Innovation in Statistical Programming and Analytics from the 
American Statistical Association

https://github.com/YingfanWang/PaCMAP




many more…



Hard to understand what’s important here…

(van der Maaten
& Hinton, 2008)

(McInnes et al., 2018)

(Amid & Warmuth, 2019)



Start from the obvious:

• Attraction: high-dimensional neighbors should be attracted. 
• Repulsion: points far in original space should be far in low-dim 

space.

But that’s not enough…

Attract neighbors Repulse far points



PaCMAP’s ideas :

• Properties of the loss function determine local structure.
• The choice of graph components determines global structure.

Weight(component i in high dim space)・Loss(component i in low dim space)!
!"#$%	
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Hard to understand what’s important here…

(van der Maaten
& Hinton, 2008)

(McInnes et al., 2018)

(Amid & Warmuth, 
2019)



The “rainbow” plot

Distance from i to neighbor j

Distance from i 

to further point k

Triple i, j (neighbor), k (further)

i
j

k



t-SNE UMAP PaCMAPTriMap



t-SNE UMAP PaCMAPTriMap



Our principles for a good loss function

1. Monotonicity
Up Left

distance to neighbor

dist
ance to
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Our principles for a good loss function

distance to neighbor

(if sufficiently far) (left gradient is bigger)

dist
ance to

 

farth
er p

oint

2.  Except at bottom, gradient should go mainly to the left.
(if further point is sufficiently far, should focus on pulling neighbor closer.)



Our principles for a good loss function

distance to neighbor

dist
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3.  At bottom, gradient goes up, not to the left (push further points away 
more than attracting neighbors.)



Our principles for a good loss function

distance to neighbor

dist
ance to
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4.  At left, gradient has small magnitude (don’t crowd).



Our principles for a good loss function

distance to neighbor

dist
ance to
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5.  At bottom, gradient has large magnitude (push farther point away)



Our principles for a good loss function

distance to neighbor

dist
ance to
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6. Gradient fades as neighbor gets farther away. 
       (give up on neighbors when they are too far)



Bad loss functions



Hard to understand what’s important here…

(van der Maaten
& Hinton, 2008)

(McInnes et al., 2018)

(Amid & Warmuth, 
2019)



PaCMAP’s Loss

Neighbors:
attractive

Mid-near pairs:
mild attractive

Further points:
repulsive

Lossneighbors = 12-,#*'+ /,4
12-,#*'+ /,4 567

LossMN = 12-,#*'+	(/,9)
12-,#*'+ /,9 567777 LossFP = 6

12-,#*'+ /,9 56

distance 𝑖, 𝑗 ∶= 𝒚𝒊− 𝒚𝑗 2+1

Mid near pair for i : sample 6 points, choose the second closest, 
pair it with i.



t-SNE UMAP PaCMAPTriMap



Task: 3d to 2d.



PaCMAP



Yingfan Wang
              AWS 

Prof. Edward Browne
University of North Carolina, 

Chapel Hill 
Division of Infectious Diseases

Prof. David Murdoch
Pulmonary, Allergy, and 
Critical Care Medicine

Duke University
Prof. Lesia Semenova

Rutgers

Studying Clusters of People with HIV
 



Clustering of people with HIV associated with differential 
expression of genes regulated by the transcription factor NF-𝜿B

 

Cluster 2

Cluster 3

Cluster 1



Cluster 1Cluster 2
Cluster 3

Differential 
Expression of 

Genes Between 
Clusters

 



Other DR methods fail to identify the clusters



Other DR methods fail to identify the clusters



Name-Ethnicity Classification
(helpful for assessing fairness)

Harvard Data Science Review, 2022





Our latest DR papers



MNIST again

AAAI, 2025



LocalMAP

PaCMAPPCA



LocalMAP dynamically resamples/reweights data to 
devalue incorrect edges.

Standard DR methods (including PaCMAP) include data incorrectly!

High dim 
nearest neighborsPaCMAP



LocalMAP dynamically resamples/reweights data to 
devalue incorrect edges.

Standard DR methods (including PaCMAP) include data incorrectly!

High dim 
nearest neighborsPaCMAP LocalMAP





48

Use a parametrized projector to map original data into embedding

Original Data

…

Nearest Neighbor Graph
:

:

:

:

:

EmbeddingTrain a 
Projector

New Data Trained Projector



Use a parametrized projector to map original data into embedding

Parametric DR



Alina Barnett, Zhicheng (Stark) Guo, Jin Jing and Brandon Westover

EEG Monitoring

Alina Barnett

Brandon 
Westover

Stark Guo

Jin Jing



EEG Monitoring





Interpretable neural networks

•ProtoPNet uses case-based reasoning



Should I biopsy this breast lesion?
Black box approach:
Probability of malignancy is low. Predict benign.
Reason: N/A

Saliency map approach:
Probability of malignancy is low. Predict benign.
Reason: Here is where I am looking.



Should I biopsy this breast lesion?



Probability of malignancy is low. Predict benign.
Reason: Mass primarily has circumscribed margin.

Should I biopsy this breast lesion?



Why is this bird 
classified as a clay-
colored sparrow?

Because this looks like
of a prototypical clay-

colored sparrow that part



Chaofan Chen

Oscar Li

Alina Barnett

Jonathan Su

NeurIPS 2019 (spotlight)

Daniel Tao

- Adds a “prototype” layer to a black box, 
forces the network to do case-based reasoning.

1.6K+ citations ProtoPNet



Take any “standard” black box CNN…

Convolutional layers Fully 
connected 

layer

Output 
logits



And transform it to be interpretable

Convolutional layers
Compute 
similarity 

scores

Output 
logits

Prototype 
layer



Why	is	this	bird	classfied	as	a	red-bellied	woodpecker?

Evidence	for	this	bird	being	a	red-bellied	woodpecker:
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Evidence	for	this	bird	being	a	red-cockaded	woodpecker:
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Why is this bird classified as a red-
bellied woodpecker?



16.886 points

Why	is	this	bird	classfied	as	a	red-bellied	woodpecker?
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Which training patches should 
be the prototypical patches?Which patch is most 

similar to a prototypical 
patch?

Minimize
Weights, Prototypes

Cross-Entropy Loss between labels and predictions 
+ Distance from prototype to nearest patch of correct class        
-  Distance from prototype to nearest patch of incorrect class

Training ProtoPNet:



Kim, Eunji, et al. "XProtoNet: diagnosis in chest radiography 
with global and local explanations." Proceedings of the 
IEEE/CVF conference on computer vision and pattern 
recognition. 2021.

Correia, Miguel, et al. "XAI for Skin Cancer Detection with Prototypes and 
Non-Expert Supervision." arXiv preprint arXiv:2402.01410 (2024).

Barnes, Elizabeth A., et al. "This Looks Like That There: 
Interpretable neural networks for image tasks when location 
matters." Artificial Intelligence for the Earth Systems 1.3 (2022): 
e220001.

ProtoPNet Use Cases



Our latest ProtoPNet-ish papers



NeurIPS 2023







NeurIPS 2024

- uses prototype logic (thus, interpretable)
- as accurate as the black box vision transformers

ProtoViT





Alina Barnett, Zhicheng (Stark) Guo, Jin Jing and Brandon Westover

EEG Monitoring

Alina Barnett

Brandon 
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Stark Guo

Jin Jing



EEG Monitoring



EEG signal we’re analyzing

PrototypesVisualization of Last Layer (using PaCMAP)









Two Indispensable Tools for 
Scientific Discovery

Dimension Reduction for Data Visualization
PaCMAP & Friends

Interpretable Neural Networks 
ProtoPNet & Friends


