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BANKING 00S StackOverflow
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25% OpenMax 49.94 54.14 68.50 61.99 40.28 45.98
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_

BANKING 5,028 9,003 1,000 3 080
OO0S 150 8,376 15,000 3,000 5,700

® PNZEFIM A [Lin etal, 2020]

¢ NIFEES10%ERIERIE, HRPNThrEL
* HHrESIE R e EHMEE (LH75%), FTThEEHREE SAMRAE
* %ﬂ“ﬁt%@ i E /\%Bam\ =

PN
ol 10
25 Discovering New Intents with Deep Aligned Clustering. (https://arxiv.org/pdf/2012.08987.pdf) H ” ” | ‘




BT REN RIS E A=A

© PR bE
* RIAahn L EAS B NMI, B AERERCARI, HER3 ACC
& FIH & 2 PR B R P 5 5 AR AR Tl 13 A S R SA XTS5, THHACC

T

TR RKE BANKING: 55, CLINC: 30
= BRI 45 BE 768

1R S bt 0.05

=% P A 0.00005

B RINZIER KRS 100

FEAL BRI/ 128

o B AL 4 2 768

PN
ol 10
26 Discovering New Intents with Deep Aligned Clustering. (https://arxiv.org/pdf/2012.08987.pdf) H ” ” | ‘




BT REN RIS E A=A

o TATHTERT I8, 5K MR b 7 5
& FANIRH By 5% DeepAligned, 4R A B 45 0% (3%~14% Ry PERETRTT)

CLINC BANKING
Method NMI ARI ACC NMI ARI ACC
KM 70.89  26.86 45.06  54.57 12.18  29.55
AG 73.07 2770 4403  57.07 13.31  31.58
SAE-KM 73.13 29.95 46.75 63.79 22.85 38.92
Unsupervised. DEC 7483 2746 4689 6778 2721  41.29
DCN 75.66  31.15 4929 6754 2681 4199
DAC 7840 4049 5594 4735 1424 2741

DeepCluster 65.58 19.11 3570  41.77 8.95 20.69

PCK-means 68.70 3540  54.61 48.22 16.24  32.66
BERT-KCL 86.82  58.79  68.86  75.21 46.72  60.15
BERT-MCL 87.72 5992 69.66 75.68 4743  61.14
CDAC+ 86.65 5433 69.89 7225 4097 5383
BERT-DTC 90.54 65.02 74.15 7655 4470  56.51
DeepAligned |(93.89 79.75 8649 79.56 53.64 64.90
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Method K (Pred) Error K (Pred) Error CLINC (K’=300)  BANKING (K’'=154)
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Graph-Enhanced Multi-Task Learning of Multi-Level
Transition Dynamics for
Session-based Recommendation

Presenter: Chao Huang
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Recommender Systems

Recommender systems have play an important role in meeting user’s personalized interests and alleviating the
information overload for various applications

Online Advertising

Collaborative Filtering
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Session-based Recommendation

Session-based recommendation aims to predict the next interactive item based on a group of
anonymous temporally-ordered behavior sequences of users

Session 1 Session 2
Session 3 Session 4

Similar

predict

action sequence of a certain user

Sequential




Recurrent Session-
based Recommender

System
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Multi-Level Transition Dynamics

Global Cross-Session Item Dependency Session A Short-term Intra-Session Item Transition Global Cross-Session Item Dependency
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Fig. 1. lllustrated example of session-based recommendation with multi-level transition dynamics.



Intra-Session Item Relation Learning

Session
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Global Transition Dynamics Modeling

Symmetric Normalization
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Experimental Settings

kg Experimental Data and Evaluation Metrices

Dataset Metrics
Table 1: Statistics of the expgrlmented Qatasets. Precision@K (Pre@K)
Dataset Yoochoose | Diginetica | RetailRocket
# Train Sessions 369,859 719,470 433,648 .
# Test Sessions 55.400 60,858 15,132 Mean RGClprocal Rank@K (MRR@K)
# All Items 17,376 43,097 36,968
Average Length 6.15 5.13 9.93

Y¢ Compared Baselines

Frequency-based Neighboring Recurrent Session-
Recommendation Relation Modeling based Recommender
Strategy Algorithm System
Attention-based Session-based Hybrid Session-based
Recommendatio Recommendation Recommendation
n Frameworks with GNN Model




Performance Comparison

5'¢ Overall Performance

Table 2: Recommendation performance comparison of all methods in terms of Pre@10 and MRR @10

Dataset Metric POP S-POP It-KNN GRURec NARM STAMP | SASRec SR-GNN CSRM CoSAN MTD
Digineti Pre 0.58 20.66 26.46 20.31 36.72 37.05 38.42 38.40 38.56 37.58 40.22
iginetica
N MRR 0.19 13.59 10.91 7.78 15.00 16.05 16.27 17.04 16.23 15.57 17.58
Yooch Pre 4.59 28.61 43.40 55.13 60.19 58.79 60.42 60.84 60.46 61.01 61.83
oochoose
© MRR 1.51 18.45 21.39 25.76 29.03 20.44 30.47 30.57 30.37 30.21 30.83
. Pre 1.59 29.67 21.41 31.01 44.74 43.14 46.39 44.88 47.21 45.83 47.93
Retailrocket ) )
MRR 0.44 21.51 9.78 15.37 25.54 26.65 26.74 26.95 27.14 26.01 28.51

¥¢ Model Ranking Performance

Table 3: Ranking performance with different A values.

Data Metric NARM STAMP SR-GNN CSRM CoSAN MTD
Pre@5 24.80 25.72 27.15 26.38 25.72 28.29
Digi Pre@10 36.72 37.05 38.40 38.56 37.58 40.22
Pre @20 50.32 49.86 51.57 52.56 50.94 53.92
Pre@5 36.25 36.45 37.38 38.65 37.07 39.64
Reta Pre@10 44.74 47.54 44.88 47.21 45.83 47.93
Pre @20 52.58 55.56 5227 55.04 54.87 55.95




Model Ablation and Effect Analyses

57 Effect of Hierarchical Attention Network

i) MTD-va generates the session-level embeddings with the vanilla attention layer

ii) MTD-at further incorporates the temporal factor into the MTD-va method
7 Effect of Cross-Session Dependency Encoder

i) MTD-lo only encodes the local-level item transition patterns without the cross-session dependency encoder

ii) MTD-ga replaces our graph-structured hierarchical relation encoder with the
graph attention network operated on all relevant sessions

MTD-va] | “[@wrova] %65 @WToval

MTD-at EMTD-at 56 [AMTD-at

] 72.5 FMTD-lo 1 CMTD-lo

BMTD-ga 55.5 [lIMTD-ga

- 72 @MTD 1 - EMTD
1 S S s
715 ]
i | £ 545
n 54
705 535
70 53
11 (a) Diginetica (b) Yoochoose (c) Retailrocket



Hyperparameter Study
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Hidden State Dimensionality d Training Frequency f Depth of Graph Neural Network L

(1) Effect of Hidden Dimensionality d.

The performance saturates as the hidden dimensionality d reaches around 100.

(2) Impact of Training Frequency f

A large value of f (>=5) will degrade the performance by misleading the objective function optimization

(3) Influence of Depth in Graph Neural Architecture

Stacking more graph convolution layers with the adjacent matrix-based aggregation will more involve
12 more redundant information of high-order connectivity < S




Case Study: Model Interpretation
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Conclusions and Future Work

S'e This work develops a new multi-task learning framework—MTD
Nke MTD not only models the intrasession sequential transitions, but also derives the high-order item
relationships across long-range sessions

P Experimental results on different real-world datasets show that MTD is superior to state-of-the-art baselines

Yk In the future, we will incorporate item content information (e.g., item text description or reviews) into
MTD to deal with external attributes in learning semantic-aware item transitions.
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Invertible Concept-Based Explanations for CNN
Models with Non-Negative Concept Activation
Vectors

Ruihan Zhang, Prashan Madumal, Tim Miller, Krista A.
Ehinger, Benjamin I. P. Rubinstein



What is explainability?
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What is explainability?

Today
* Why did you do that?
. Decision of + Why not something else’
Training Machn_ne Learned Hecom men-dahun__ + VWhendo you succaady
Data = Learning ™ Function * = Whendo you fail?
Process * Whencan | trust you?
= Haw do | cormact an arrar?
XAl Task
. + | understand why
New * | understand why not
Training Machine Explainable | Explanation * | knewwhen you succeed
Data Learning Model Interface * | know when you fail
Process | know when to trust you
* | kmowwhy you emred

eXplainable Artificial Intelligence
(XAIl):

® More transparent, interpretable,
or explainable systems. To
improve the performance.

® User will be better equipped to
understand and therefore trust
the intelligent agents



What is explainability?

Cognitive Science




Explanations: Contrastive Explanation

® Why did Elizabeth open the door?
® Why did Elizabeth open the door, rather than leave it closed?
® Why did Elizabeth open the door rather than the window?
® Why did Elizabeth open the door rather than Michael opening it

® “Why P but not Q ?“ for contrastive explanations.
® P: facts, real, predictions
® Q: foils, unreal, counterfactual case



Explanations: Causality

® Causal relationship: A > B
® Counterfactual: not A > not B
® Causal chains: A > A4, ...A,, > B

=
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@@ What is explainability in CNN models?

100100100100 99 g7 99 100100 gg 100100100100 90

87
75
a4 49 48 54
- m )3 -‘-‘(\' X
\ J

silhouette edges texture

® CNN models predict images
differently comparing with
humans.

® Humans could predict
silhouette and edges of cats
correctly, but CNN model can
not.




Related works



e ® LIME (upper left)
® CAM (lower left)

4

® Saliency maps (lower right)

(a) Original Image (b) Explaining Electric guitar (c) Explaining Acoustic guitar  (d) Explaining Labrador

Gradient
Integrated radie Edge

Original Guided  Guided Integrated Gradients :
Image Gradient SmoothGrad BackProp GradCAM Gradients SmoothGrad  Input Detector

Brushing teeth Cutting trees

i == % v o ' y
:"\("-' o ‘5\_:’9 '.\'.;! C‘l« %‘ 25 .w' : g. *
e i T | P

B A B s A B
&

w w8 & ¢
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=3 CNN explanations: Interpretability inside

lamps in places net wheels in object net people in video net o Network d issection (U pper IEft)

® Deconvolution layer (lower left)

® Interpretable image recognition (lower
right)

10



gd From TCAV and auto CAV

(a) Multi-resolution segmentation of images (b) Clustering similar segments and removing outliers (c) Computing saliency of concepts

3 ..-‘a Importance Scores
- I 3 -

NE W, >
i/ .h l'

- DD -

Concept activation vectors (CAV):

® \Vectors inside the CNN model activate some concepts.
® Use ML models to get human understandable vectors from inside the model.

® TCAV and network dissection: linear model. Auto CAV: cluster method.

11



Invertible Concept-
based Explanations

12



ClassName: tiger cat, Feature: 1
Similarity: 0.096, Weight: 24.416, Contribution: 2.33

13



@iid Global Explanation

ClassName: Eskimo dog. husky
Fidelity error: 6.212 %

ClassName: gondola

Fidehty error: 5.620 %

FeatureRank: 5
Feature: 7, Weight: 13.103

TFeaturcRank: 4
Feature: 2. Weight: 21.993

ClassName: lemon
Fidelity error: 5.433 %

FeatureRank: 2
Feature: 1, Weight: 28.592

FeatureRank: 6
Feature: 5, Weight: 12.476

FeatureRank: 5
Feature: 4, Weight: 17.397

TFeatureRank: 3
Feature: 5. Weight: 25.691

FeatureRank: 7
Feature: 6, Weight: 10.931

FeaturcRank: 6
Feature: 1, Weight: 16.102

FeaturcRank: 4
Feature: 7, Weight: 22.754

14



pa—

§Yy

THE UNIVERSITY O

;

MELBOURNE

Concept ID Related Area

% <

r

0

Local Explanation

Concept Prototypes

Concept Weight and Contributions

Similarity Score for dog (up) and cat (down)

0.091

0.085

0.096

0.140

0.117

X
X

37.031
8.229

x 16.644

0.496

x -0.856

24.416
4102

x 21.091

X =1.911

-0.802

3.354
0.746

1.409
0.042

0.082
2.336

QiaTs
2.946

-

CNN:

For dog:

Concepts Score: 9.095
Residual Error: 0.291

CNN prediction: 9.386

it’ s more like a dog!
For cat:

Concepts Score: 8.249
Residual Error: 0.311

CNN prediction: 8.560

15



gl Framework of the unsupervised explainer

Assumptions of CNN explanations:

 Using a linear model to approximate the CNN model F:
* Linear models are simple and explainable
 Consider weights w as importance and explanations

y=F(x) >y =wx'+b

« x'areimage segments in LIME, pixels in saliency maps and image regions in CAM
 x are some concepts in concept-based explanations

16
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Framework of the unsupervised explainer
y=F(x) » y =wx'"+b

Our target:

* x'should be meaningful to human

* wshould be accurate to the CNN model F
* y'should be close to the prediction y

*  Number of features should be acceptable

17
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Framework of the unsupervised explainer

Overview of our framework

Separate the CNN model

Reduce the number of channels

Visualize the features

Input Images (/) — oy

CNN model F([)

Concept Extractor £(/) Classifier C'(4)
Middle layer feature map
(4)
— —
A
N

Reducer
R

Transform 4 to V'
V=SP+U

Visualize concepts l .

Reduced feature map

()
—) —)

Residual U lost

Inverse
Reducer
R’

y=sp

Transform V'to 4°

ClassName: tiger cat. Feature: 1
Similarity: 0.096. Weight: 24.416. Contribution: 2.336

Estimate weights

ger ca

ght: 24.416. Contribution: 2.336

Simularity: (
ClassName: tiger cat, Feature: 6

Explanation for cats
(top 3 of 15)
Similarity: 0.140, Weight: 21.091. Contribution: 2.946
\PA -
e |

ClassName: tiger cat, Feature: 10
—" Simularity: 0.062. Weight: 10.849. Contribution: 0.674

ClassName: bull mastiff, Fea
Simularity: 0.068. Weight: 20.532. Contribution: 1.400

Explanation for dogs &
(top 3 of 15)

ClassName: bull masuff. Feature: 9
Simularity: 0.098, Weight: 17.525, Contribution: 1.724

ClassName: bull mastiff. Feature: 5
Similarity: 0.085, Weight: 16.644. Contribution: 1.409

18
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Separate the CNN model

Input Images (/)

y =wx' + b

CNN model F(1)

v

t

|

Framework of the unsupervised explainer

train

Concept Extractor £(/) Classifier ('(4)
Middle layer feature map
(4)
— — /// - |:| —
4
A
r ]
l Reduced feature map I/
— () —
Reducer — Inverse
R —) =) Reducer
R’
//—4
\
Transform 4 to V' V=8P

V=8SP+U

Residual U lost

Transform V'to A"

ClassName: tiger cat. Feature: |
Similarity: 0.096, Weight: 24.416. Contribution: 2.336

Iixplanation for cats
(top 3 of 15)

ClassName: tiger cat. Feature: 6
Similarity: 0.140, Weight: 21.091. Contribution: 2.946

ClassName: tiger cat. Feature: 10
Similarity: 0.062, Weight: 10.849. Contribution: 0.674

ClassName: bull ma: “eature: 4
Similarity: 0.068. Weight: 20.532. Contribution: 1.400

{Explanation for dogs
(top 3 of 15)

ClassName: bull mastiff, Feature: 9

Visualize concepts L .
f.

ClassName: tiger cat. Feature: |

Similarity: 0.096. Weight: 24.416. Contribution: 2.336

Estimate weights

Similarity: 0.098. Weight: 17.525. Contribution: 1.724

ClassName: bull mastift. Feature: 5
Similarity: 0.085. Weight: 16.644. Contribution: 1.409

19



Framework of the unsupervised explainer

Separate the CNN model

y =wx' + b

The whole CNN model is separated into feature extractor and classifier.
—Higher layers includes higher level of features.
—Simpler classifiers are easier to approximate = more accurate w.

— Last layer is the best choice for separation.

—w and b will be stable if only a GAP and dense layer at last.

20



Framework of the unsupervised explainer

Reduce the number of channels through matrix factorization:

* Consider each position in feature map as an instance and reduce the

channel dimension. It’s trained over an image set with some concepts.

* Points in feature maps are correlated to certain areas in the images. It
disentangles the concepts in the feature maps.

, ‘N‘

K

21



Framework of the unsupervised explainer

Visualize the features
e Select images with the highest activation values on the target feature.

 Use CAM to generate heatmap and visualize the feature on each image.

ClassName: tiger cat, Feature: 1
Similarity: 0.096, Weight: 24 416, Contribution: 2.336

22



Evaluation

23
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Evaluation

y=Fx) -y =wx'+b

Our target:

* x'should be meaningful to human (Interpretability)
 wshould be accurate to the CNN model F (Done)

* vy’ should be close to the prediction y (Fidelity)

Number of features should be acceptable (Done)

24



Evaluation

Experiment:

Factorization methods (reducer):
e PCA, NMF and K-means (used in ACE)
CNN models and datasets:
 |LSVRC2012: ResNet50 and Inception-V3 from TorchVIsion
* Layer4 for ResNet50 and mixed_7c for Inception-V3 as target layer
e CUB: ResNet50 with topl error 15.81%

 Layerd as target layer

25



Evaluation

Fidelity measurement:

Measure performance of the linear approximate model over different ¢’
(feature number’)

Evaluate on NMF, PCA and K-means (Cluster) on test set.

Fidc,, :(I) = A USR] |#F{ (;}J = F(i))

o \F(1) — F(z
For regression model: Fid_r Fidrpp) = ijglf |EF‘2?')| +(€)

For classification model: Fid ¢

26



i Evaluation

Interpretability measurement:

Participants are required to:

Task prediction: people can predict the explainer’s prediction if explainer is
understanded. T —————————————————

Classify the feature in the given image

Measure classification accuracy

Name all the features

« Measure pair-wise description distances (GloVe)
Score the confidence to the answer

Score the explanation quality

27
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Evaluation

Table 1: Top: Mean and standard deviation of prediction accuracy, description similarity, confidence and quality comparison
for 9 different groups. Middle: ANOVA test p values for each scenario. Bottom: T-test p values for each pair of reducers

Fidelity analysis for ResNet50 on ILSVRC2012 over different c'

] ; iEi ; i H H : i Scenario Reducer type Accuracy Description Confidence Quallty
0 Classification Accuracy Classification Fidelity 0.20 Regression Fidelity Error - YP A Similarity - Understand ~ Satisfaction  Sufficiency Completeness
e 1.0 —4— NMF NMF 74.4% 1+ 92% 0.59 1+ 0.1 T77% 4 13.0% 43406 41106 38108 37412
— . . .lp.15- —— PCA RI Cluster 663% + 13.8% 056 £0.08  75.6% + 13.8%  42+07  38+10 3.9+ 10 3.6+ 1.1
070 0.9 e ’ }\H-{-—{— —§— Cluster PCA 37.8% £ 59% 0521008 783% +147% 40+L09 38411 38411 37412
(7'/ —— NVE /’/:_ “M;‘*_"_' 0.10- Tt NMF 62.6% + 18.6% 057 £0.08 693% +132% 35410 34+13 33+ 1L1 34113
0.8 pr-" ’ Q+_+_++_+ | Cluster A48% +132% 0534000  75.1% 4+ 13.7% 39+ 1.1 36412 36412 35414
0.65 —— FLA ¥ —— FLA . —+——+— PCA A0.0% + 8.6% 0491008  76.0% +13.0% 38109 37411 34412 32413
o Cluster e Ui, 0.05] T NMF 81.1% -+ 8.4% 0.7 L004  795% £ 108% 41408 37109 34412 354 L1
— — i 1% 40 N . 3% .0 % . . 3. . 3. . 3. .
0.60 //" Target Model | 0.71 =" Target Model RC Cluster 78.6% + 155% 07005  750% +£187% 39410 41410  40+10 394 1.1
20 a0 20 40 0.00 50 a0 PCA 57.0% £ 11.6% 0591003  61.1% +17.6% 364110 30+£12 34112 32412
Fidelity analysis for ResNet50 on CUB over different c' Seenario Accuracy | Deseription Quality
Classification Accuracy Classification Fidelity 015 Regression Fidelity Error ’ ! Similarity Understand  Satisfaction  Sufficiency  Completeness
e 1.0 e .
0.90 - RI <0.001 0.131 0.841 0.446 0.592 0.941 0.948
0.85 o o 11 <0.001 0.064 0.304 0.493 0.752 0.690 0.844
' - ——| 0.9 T 0.101 1 RC 0.001 0.001 0.004 0.283 0.016 0.219 0.174
/ _.___,_—l——' /.-' I —+——+_+_ H <_ . { - - . . . -
0.80 T~ —— NMF e NMF Ty Quality
—— PCA 08| — pPca 0.05 4+ NMF oy S . . Deseription :
0.75 —s— [luster —s— Cluster —4— PCA — Scemarlo  Reducer Pair  Accuracy Similarity Confidence Understand  Satisfaction  Sufficiency  Completeness
0.70 oo Target Model | =" === Target Model 4= Cluster NMF + Cluster  0.053 0.454 0.650 0.489 0.328 0.743 0.744
50 a0 ' 50 a0 0.00 50 a0 RI NMF + PCA =<0.001 0.058 0.904 0.222 0.350 1.00 0.893
Cluster + PCA  <0.001 0.182 0.589 0.549 0.979 0.783 0.849
NMF + Cluster 0.006 0.298 0.246 0.277 0.693 0.387 0.911
I NMF + PCA =0.001 0.016 0.152 0.429 0.451 0.739 0.643
Cluster + PCA 0.251 0.204 0.864 0.659 0.762 0.604 0.597
NMF + Cluster 0.558 0.863 0.402 0.605 0.261 0.143 0.293
RC NMF + PCA =0.001 <0.001 <0.001 0.116 0.074 0.894 0.411
Cluster + PCA  <0.001 <0.001 0.029 0.304 0.008 0.108 0.068
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PCA
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Conclustion
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Conclusion

Use linear approximate models with matrix factorization reducer
For fidelity:
PCA > NMF >>> K-means

Explainers with NMF or PCA can replace the original model with around
80% to 90% performance.

For interpretability:
NMF > K-means >>> PCA
For explanations, interpretability > fidelity

— NMF provide the best explanations and NCAVs (Non-negative CAVSs)
with a little worse fidelity.

31



g Conclusion

* PCA

* Wrong CAVs
* K-means

* Repeat CAVs
* NMF:

e The most accurate

» Mouth
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