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Fun with XAI – Neural Networks Are...

• Neural networks are simple

• Neural Networks are complex

• Neural networks are different

• It simply might not be possible 
to explain DNN, because it uses 
"concpets" that are far away 
from what human use

• Gary Marcus – combinantion 
of DNN and symbolic reasoning 
sounds like a future of AI



DNN are blackboxes, but excellent blackboxes

• DNN can be treated as any 
other Blackbox model and 
analyzed with all sorts of 
model-agnostic approaches 
(SHAP, PDP, LIME)

• There are plenty of methods 
that were crafted for DNN to 
understand or debug their 
operation

• There is also a new trend in 
building self-explainable DNN



Post-hoc methods for DNN



Feature visualization

Pixel-level Channel-level

We generate visualization by creating images (artificial or 
form dataset) that maximize the activation of 
neurons/channels, groups, etc.



Class activation maps (CAM)

• It exploits locality of CNN architecture

• It uses latent representation from last 
CNN layer as class activation maps

• Requires modifications to the 
architecture, i.e. injecting Global 
Average Pooling (GAP) at the end

• Requires re-training of GAP (with 
frozen weights of CNN layers)

• It might be too restrictive for more 
complex tasks than simple 
classification

• In fact, we are explaining only the last 
feature map

B. Zhou, A. Khosla, A. Lapedriza, A. Oliva and A. Torralba, "Learning Deep Features for Discriminative 
Localization," in 2016 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Las Vegas, 
NV, USA, 2016 pp. 2921-2929.



GradCAM

• Motivation: come up with CAM-like 
asrchitecture that does not restrict 
the architecture

• It also uses feature maps produced by 
the last CNN layer of the model

• In GradCAM we base on gradients, 
not weights

• Instead of GAP, we use 
backpropagation to obtain partial 
derivatives

• Positive gradient contributes to the 
given class

• We apply average pooling to obtain 
the weights for feature map

• The scores are passed to ReLU to cut 
all negative values R. R. Selvaraju, M. Cogswell, A. Das, R. Vedantam, D. Parikh and D. Batra, "Grad-CAM: Visual Explanations from Deep Networks 

via Gradient-Based Localization," 2017 IEEE International Conference on Computer Vision (ICCV), Venice, Italy, 2017, pp. 618-
626, doi: 10.1109/ICCV.2017.74.



GradCAM

• Motivation: come up with CAM-like 
asrchitecture that does not restrict 
the architecture

• It also uses feature maps produced by 
the last CNN layer of the model

• In GradCAM we base on gradients, 
not weights

• Instead of GAP, we use 
backpropagation to obtain partial 
derivatives

• Positive gradient contributes to the 
given class

• We apply average pooling to obtain 
the weights for feature map

• The scores are passed to ReLU to cut 
all negative values R. R. Selvaraju, M. Cogswell, A. Das, R. Vedantam, D. Parikh and D. Batra, "Grad-CAM: Visual Explanations from Deep Networks 

via Gradient-Based Localization," 2017 IEEE International Conference on Computer Vision (ICCV), Venice, Italy, 2017, pp. 618-
626, doi: 10.1109/ICCV.2017.74.

K stands for 
k feature maps

Total number of pixels in feature map

K-th feature map



Hybrid methods (TSProto)



Motivation

Local 
explanations

Global
explanations

Interpretable surrogate models

Global 
summarization 

of local 
explanations
(prototypes) Post-hoc rule-based 

prototype-based 
explantions

Local explanations as deep feature extraction for 
interpretable global surrogate model



Lloyd Shapley

• Nobel-Prize winning economist

• In 1953 he publishes  "A value for n-person 
games" where he introduced concept which 
became known as Shapley Values

• The question he tried to answer was: In a 
cooperative game, how each of the players 
contribute to the final win/loose?

Local 
explanations

Global
explanations

Interpretable surrogate models

Global  
summarization 

of local 
explanations

(prototypes)
Post-hoc rule-based 

prototype-based explantions



Machine Learning Interpretation of Shapley 
Values
• Player is a feature value

• Coalition is a set of features' values

• Payout function is a 
prediction minus average (expected)

• An empty coalition is no features 
coallition – an average prediction

• We simulate removing feature by 
sampling its value from background 
data

Player

Coalition

Coalition with "missing" age=38

Payout is the output of the 
model (i.e. probability of 

being in one of the classes 
minus the average 

probabiltiy )



Interpretable surrogate model

• Easy to understand by non-
expers

• Automatic feature selection

• Possibility of visualization

• Continuous/Categorical values
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Explainable component identification

Killick, R., Fearnhead, P., & Eckley, I. (2012). Optimal 
detection of changepoints with a linear computational 
cost. Journal of the American Statistical Association, 
107(500), 1590–1598.

                                        

                                      

                                                         

                                                                 

                  

                

                       

                  

                    

                
                      

                 



Prototype generation
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H. Sakoe, S. Chiba, “Dynamic programming 
algorithm optimization for spoken word 
recognition,” IEEE Transactions on Acoustics, 
Speech and Signal Processing, vol. 26(1), pp. 43–49, 
1978.



Prototype generation

• Different clusteirng strategies 
were tested
oDynamic Time Warping
oROCKET
oKShape
o Shapelets
oK-Means

• DTW + KMeans obtained best 
perfromance

• ROCKET+KMeans – best 
perfromance/speed ratio



Context aggregation
Prototype visualization/Important part similar 
to prototype (barycenter of cluster)

Contrastive exmaple (most similar to prototype, 
but different class)

Not important component



Context aggregation
Prototype visualization/Important part similar 
to prototype (barycenter of cluster)

Contrastive exmaple (most similar to prototype, 
but different class)

Not important component



What context aggregators we support
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The ruptures changepoint detection is used to find regions of similar 

importance in time series. Similar importance form dense regions that are 

considered interpretable components.

The input is a dataset and a blackbox model that classifies time series

5

Encrich explanations with visual representation of

prototypes and interpretable components

Take breakpoints of SHAP importances 

and slice original data with them to get 

explainable components. Then cluster 

slices into into prototypes

Calculate SHAP values for 

blackbox model that classifies 

time series

Explainable components and prototypes discovery Context aggregation



Ante-hoc methods for DNN



DNN are blackboxes, but excellent blackboxes



ProtoPNet

C. Chen, O. Li, C. Tao, A. J. Barnett, J. Su, and C. Rudin, ‘This looks like that: deep learning for interpretable image 
recognition’, in Proceedings of the 33rd International Conference on Neural Information Processing Systems, 
Red Hook, NY, USA: Curran Associates Inc., 2019, pp. 8930–8941.



ProtoPNet

C. Chen, O. Li, C. Tao, A. J. Barnett, J. Su, and C. Rudin, ‘This looks like that: deep learning for interpretable image 
recognition’, in Proceedings of the 33rd International Conference on Neural Information Processing Systems, 
Red Hook, NY, USA: Curran Associates Inc., 2019, pp. 8930–8941.



ProtoPNet

C. Chen, O. Li, C. Tao, A. J. Barnett, J. Su, and C. Rudin, ‘This looks like that: deep learning for interpretable image 
recognition’, in Proceedings of the 33rd International Conference on Neural Information Processing Systems, 
Red Hook, NY, USA: Curran Associates Inc., 2019, pp. 8930–8941.

• Main -- Train the prototypes, 
with fixed CNN and custom loss 
function

• Push – to visualize, replace 
prototype with patches closest 
to prototype

• Fine-tune the last layer
• (Clst) encourages each training 

image to have some latent 
patch that is close to at least 
one prototype of its own class

• (Sep) encourages every latent 
patch of a training image to stay 
away from the prototypes not 
of its own class



Prost and cons of ProtoPNet

• Pros
• It is explainable model (no post-

hoc operations)

• It is proven to work on fine-
grained datsets (all categories are 
similar, e.g. birds spieces, car 
models, etc.)

• Cons
• Training is complex (warm-up, 

main, push fine-tuning)

• Not suitable for not fine-
grained datasets (ProtoPNet still 
does not work on ImageNet)

• Large number of prototypes

• Classes cannot share prototypes



Deep Declarative explanations with ProtoTSNet and DeepProbLog



The odea of ProtoPNet moved to time-series

This Looks Like That: Deep Learning for Interpretable Image Recognition, Chen et al. (2021)

The high-level idea of ProtoPNet is that the network learns some specific parts of images from the 
training set (prototypical parts), and it makes decisions based on the similarity of new input images 
to these existing prototypes.

Test image

Prototypical 
parts

Prototype 
source images

Activations



Principle of operation of ProtoTSNet

resembles

resembles

Test instance

Prototypical 
parts

Prototype source 
instances



Training process

WARM JOINT PUSH LAST LAYEREncoder pre-training

LAST LAYER
epochs

WARM epochs

JOINT epochs

Encoder pre-training

activations
+

max pool
(per prototype)

Dense

input

small Conv1D 
encoders

feature 
subsetting

singleton 
latent 

features

Conv1D + 
ReLU
1x1

prototypes

time

features



Real-world tests – Libras dataset

Prototypes transformed and shown as 2D hand gestures along with prototypical parts (in blue)

*Explainable Methods



ProtoTSNet + DeepProbLog

DeepProbLog
logic

input

small Conv1D 
encoders

feature 
subsetting

singleton 
latent features pretrained

as a part of 
autoencoder

time

features

Conv1D + ReLU
1x1

pretrained
as a part of 

autoencoder

prototypes
activations

+
max pool

(per prototype)



ProtoTSNet + DeepProbLog Rules
nn(ptsnet, [TS, P], H, [0])::has_proto(TS, P, H).

is_class(TS, c0) :- class(c0), has_proto(TS, p0).

is_class(TS, c1) :- class(c1), has_proto(TS, p1).

class(c0).

class(c1).

query(is_class(ts0, c0)).

query(is_class(ts1, c1)).

nn(ptsnet, [TS, P], H, [0, 1])::has_proto(TS, P, H).

t(_)::connected(p0, c0).

t(_)::connected(p1, c1).

is_class(TS, c0) :- class(c0), has_proto(TS, p0), connected(p0, c0).

is_class(TS, c1) :- class(c1), has_proto(TS, p1), connected(p1, c1).

class(c0).

class(c1).

query(is_class(ts0, c0)).

query(is_class(ts1, c1)).

query(is_class(ts2, c1)).DeepProbLog: R. Manhaeve, S. Dumančić, A. Kimmig, T. Demeester, and L. De Raedt, ‘Neural 
probabilistic logic programming in DeepProbLog’, Artificial Intelligence, vol. 298, p. 103504, Sep. 
2021, doi: 10.1016/j.artint.2021.103504.



Self-explainable Neural Networks (SENN)

D. Alvarez-Melis and T. S. Jaakkola, ‘Towards robust interpretability with self-explaining neural networks’, in 
Proceedings of the 32nd International Conference on Neural Information Processing Systems, in NIPS’18. Red Hook, 
NY, USA: Curran Associates Inc., Dec. 2018, pp. 7786–7795.

• The authors use an idea of a 
concept (e.g. prototype)

• They introduce relevance 
component that ensures that the 
input can be interpreted 
through concepts and relevance 
scores

• The aggregator is an additive, 
interpretable funcion (e.g. linear)



Multi-Task Learning for Explainability

Surrogate, interpretable  
model

Original prediction 
function

Point-Fidelity, assuring that the 
surrogate is aligned locally with 
balckbox prediction



Influential instances

• Updating the model parameter (x-axis) by forming a 
quadratic expansion of the loss around the current model 
parameter, and moving -1/n into the direction in which 
the loss with upweighted instance z (y-axis) improves the 
most.

• This upweighting of instance z in the loss approximates 
the parameter changes if we change weight of z and train 
the model on the reduced data.

• Simulation of a removal of an instance is (negatively) 
upweighting by  ς1/n (the contribution to the 
loss/gradients are removed from the sum)

We approaximate how the loss 
changes when we change the 
influence of instances.



Thank you for your attention!

https://geist.re
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