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Preliminary:

Network Interpretability
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B \Why interpretability?

Incompleteness problems
* High Reliability Requirement
« Ethical and Legal Requirement

« Interactions and Social acceptance

« Debugged and Audited
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B Taxonomy of Interpretability Methods

Dimension 1 — Passive vs. Active Approaches

Passive Post-hoc explain trained neural networks

Active Actively change the network architecture or training process for better interpretability

Dimension 2 — Type of Explanations (in the order of increasing explanatory power)

To explain a prediction/class by

[ Examples Provide example(s) which may be considered similar or as prototype(s)
Attribution Assign credit (or blame) to the input features (e.g. feature importance, saliency masks)

Hidden semantics Make sense of certain hidden neurons/layers

v Rules Extract logic rules (e.g. decision trees, rule sets and other rule formats)

Dimension 3 — Local vs. Global Interpretability (in terms of the input space)

Local Explain network’s predictions on individual samples (e.g. a saliency mask for a input image)
Semi-local In between, for example, explain a group of similar inputs together
Global Explain the network as a whole (e.g. a set of rules/a decision tree)
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CEM 381 CDRps 147!

Anchors 1341,
Interpretable
partial substitution [+*]

KT MofN B0, NeuralRule 131,
NeuroLinear 21, GRG 331,

Gyan®0 1541 oFZ (5511361 “repan (571,
« D8] DecText %!, Global model on
CEM 60l

Hidden semantics

(*No explicit methods but many in

Visualization [40). [611-{66]
Network dissection ['®], Net2Vec 1971,

Passive i _
the below cell can be applied here.) Linguistic correlation analysis [%°]
LIME "7, MAPLE!®I,  Partial
derivatives 1401 D%-[:]onvaal [41] DeepLIFT 81 L Rp 52
Guided hackprop[ ]. Guided Grad- . |31,|’ [78] [42]
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’ e P Y [41]. [76]. [77] ’ Feature SEIECIOI'I_'I‘S], ACEIEMI, SIJRA}"S [36], MAME[’?]
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Feature selector /81, CVE? [79],
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Bv example Influence functions H”, i . .
y examy Representer point selection 53]
Rule — Regmnral tree 86 Tree regularization I*"!
regularization
. Hidden semantics — — “One filter, one concept” *’!
Active

Attribution

ExpO 1381, DAPr 189

Dual-net (feature importance) [°°]

By example

Network with a prototype layer 40,
ProtoPNet V1]
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Modified Network Dissection visualization of AlexNet conv5 filters [Bau, et al., 2017]
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filters filters

concept;

filters
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Net2\Vec:
Supervised Knowledge Embedding
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B Probe a network with a dataset

B Concept embedding via filter activation weights

Image-level Annotations

Pixel-level Annotations

street (scene)

X

flower (object)

headboard (part)

metl

,//

(material)
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B Segmentation task

Extract w1
Activations _
Wdog,.F —

wg
ofr~]®
Ll1L]L

l Threshold Linearly Combine Segmentation
Activations Activations Mask
V < 4 |
@ s w2 | E -
N’

99.5% quantile

asin Bauetal., 2017 Concept Vector

Wdog
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B Segmentation task

Extract
Activations

Cg g (e] I~ 0
&l 5 clegle
[&] ]

Threshold
Activations

Filter 169

=
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@

2 _xex,,. [ M(x) N Le(x)]
2 xex., IM(x) U Le(x)]

[M(x) N Le(x)|
|M(x) U Lc(x)|

ToUset(c; M, s) =

IoUina(x,¢; M) =

Choose
Best Filter

Segmentation
Mask

.

Near equivalent to Bau et al., 2017

loU =.18
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B Classification task

Extract
Activations I w1y ]
_ | W2
e
| WK |
l Global Average Linearly Combine Classification
Pooling Activations (+ bias) Prediction

ap x w1
ag x w2 _, E — {dog, no dog}
+b

(_EKXT,UK
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B Single vs. Combination

Single Filter All Filters
0.150 | ™== convl 0.150 1
s convz
0.125 7 BN oonv3 0.125 1
o 0.1001 ™m conv4 0.100 1
— B convs
=t ). 075 1 0.075 1

A 0.050- 0.050 1
. M‘ .
0.000 - 0.000 -

color object part material color object part material
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B Concept Complexity

Set loU
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B Training Setting

Performance Improvement (Single Filter — All Filters):

* Self-supervised networks: 5-6x

* Fully-supervised networks: 2-4x
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B Concepts per Filters
* Many filters aren’t selective for any concepts

« Afew filters are selective for many concepts

Distribution of Concepts Across Filters
(Classification)

T,

w
3
=N

20% -

10%

3

2-5 6-9 10-19 20-2\30+/

Number of Concepts Encoded by a Filter

% of Filters Encoding N Concepts
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B Concepts per Filters

« AlexNet conv5 unit 66 is highly selective for
various farm animals

Sheep
(lOUset = 21 )

Horse
(loUset = .21)

Cow
(loUset = .20)
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Table 2. Nearest concepts (in cos distance) using segmentation (left sub-columns) and classification (right) conv5 embeddings.

dog house wheel street bedroom
cat (0.81) |muzzle (0.73)| building (0.77) path (0.56) bicycle (0.86) headlight (0.66) |n/a| sidewalk (0.74) |n/a|headboard (0.90)
horse (0.73) | paw (0.65) | henhouse (0.62) | dacha (0.54) | motorbike (0.66) car (0.53) n/a| streetlight (0.73) |n/a bed (0.85)
muzzle (0.73)| tail (0.52) balcony (0.56) hovel (0.54) carriage (0.54) bicycle (0.52) |n/a|license plate (0.73) [n/a| pillow (0.84)
ear (0.72) nose (0.47) | bandstand (0.54) |chimney (0.53)| wheelchair (0.53) road (0.51) n/a| traffic light (0.73) |n/a| footboard (0.82)
tail (0.72) torso (0.44) |watchtower (0.52)| earth (0.52) |water wheel (0.48) | license plate (0.49) |n/a| windshield (0.71) |n/a| shade (0.74)
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B Concept Vector

Table 3. Vector arithmetic using segmentation, convS weights.

grass + blue — green | grass — green |tree — wood| person — torso
sky (0.17) earth (0.22) | plant (0.36) foot (0.12)
patio (0.10) path (0.21) |flower (0.29) hand (0.10)
greenhouse (0.10) brown (0.18) | brush (0.29) grass (0.09)
purple (0.09) sand (0.16) | bush (0.28) | mountn. pass (0.09)
water (0.09) patio (0.15) | green (0.25) | backpack (0.09)
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B What’s right?
« Compared to other interpretable methods,
knowledge embedding iIs a general format!

B What’s wrong?

* Concept & filter overlap

» Supervised -> not general
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Our proposals
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B Motivation

« Interpretation and Efficient via Localization

« A Feature Map as an Entity -> Sync as Modules

Modular
Segregation

Executive
Functions
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H |dea

« Minimize Entropy from three levels

e Sync (unsupervised) for Network Segmentation

#3 ?
‘ He . x)
. 4 -7

Feature Map Functional Module Network Structure
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B Feature Map Level

» A feature map -> A specific pattern
 Single-peak Gaussian Activation (only high-level?)

 Previous Work:

Lossy = - MI(X:;T) forfilter f
p(z|T)
= — p(T plxz|T)1
3w Y palDlow Sy

* Our work (for computational complexity?)

Hulu) = = ) p(w) ) pluely,) log p(uelu)
u X

4

H(w,) = — X, p(w,)logp(u,)




‘Methodology I@ HURISIBEINE
\ ’ Data Mining Lab

B Functional Module Level
« SynC in clustering

do;
dt

S o~ . .
:wz-—|—F;sm(ﬁj—eﬁ-),(z:l,...,N)

Nb.(x) = {y € D|dist(y.z) < }

1 :
zi(t+1) = zi(t) + Nb(2(D)] Zsm(yi(t) —x;(t))

yeENb:(z(t))

« SynC In mini-batch

1 1
Ls e — o dﬂ-St i1 .
me =N 2 TNo )], 2 dist(@inw))

x;ENb(x;)
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B Network Structure Level

* Pruning in the sync procedure
k—1 k—1

. Differentiable Continuous met i = >_ 2 farmin (U () wun)

/ m=0 n=0

y® (0, D). )_m@cmw-BN-ReLU( y* =)

s.t. m; ~ Bernoulli(p;), Zpl Zf(ma,bi] =aC, 1=1,---,C

/ Similarity (Neighborhood)

f(bi, b1, B2) = Sigmoid o Log(b;) = 1+{b_i1)_§25 B1, P2 > 0.
81

Epoch‘ B, I f1 -> threshold
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W Feature Map Level

* Previous Work:

¢ Inferred
position

e Annotated
landmark

No pytorch implementation can run properly!

hard to adapt on Matlab code
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B Feature Map Level

* Qur approach:
Var(X) = (X — )

L, regularization!

Huelu) = = ) () ) plulu,) loga(uylu,)
u X

Point-wise: C * hw * hw

v
Out of Memory! Channel-wise: C * hw

HCuluy = 1) = = ) p(te|1) 10g 9 (i 1)

Poor diversity!
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Raw CNN

B Feature Map Level
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B Feature Map Level
* Pytorch ICNN (not work well):
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B Feature Map Level

* Point-wise (Centralization):
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e L1 or softmax
* Log_softmax

e Train test

raw
pw le-1

pw 1el
et

w/o H(T) 1e-1
w/o H(T) 1e0
pw le-1w/op

ewteb—wite o

dCC

loss
81.76% pw 5.0309
81.79% 48441
81.88% 3.989
81.39% (0.0889
80.43% 0.0408
56.35% 5142

L1

0.0946
0.0941
0.0785

0.0928
0.0903
0.1025

@

HIRSETIRE

Data Mining Lab
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B Functional Module Level

 w/0 constraint on feature & w/ cos distance:

acc sloss FHFEE FHEEHE FHEAZEANE FHSEESE Stabiity (L1)

Raw 0.1 57.68% 3.7922 281.7 8.5 36 0.0635 0.0959
sync 0.1 1e-3 28.42% 3.6692 2724 92 376 0.0629 0.1025
sync 0.1 1e-2 60.20% 3.3406 249 8.2 34.2 0.0665 0.096
th 011e-2 61.48% 296.6 117 44.8 0.055 0.099
sync 0.1 1e-1 58.94% 3.2877 2518 152 o7.2 0.0741 0.0929
th 011le-1 58.18% 360.8 64.2 140.2 0.0078 0.0893
Raw 0.2 57.68% 5.4638 4092 20 744 01279 0.0959
sync 0.2 1e-3 59.15% 5.5122 413 20.7 76.6 0.1265 0.099
sync 0.2 1e-2 61.84% 5.3647 4024 24.6 855 01262 0.1038
th 021e-2 59.32% 4214 38.1 1178 0.1058 0.0989
sync 0.2 1e-1 58.30% 49417 382.5 24.3 1059 0.1575 0.0825
th 021e-1 59.67% 446.7 193.7 298.2 0.0277 0.0951
Raw 0.3 57.68% 6.1908 467.9 36.3 1148 0.1932 0.0959
sync 0.3 1e-3 60.13% 6.1995 468.8 394 1211 0.1905 0.1034
sync 0.3 1e-2 599.63% 6.1532 465.9 37.2 117.7 0.1947 0.0987
sync 0.3 le-1 59.96% 5.8254 4508 323 1414 0.2239 0.0858

th 031e-1 60.60% 4792 196.9 314 0.0537 0.1052
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B Functional Module Level
* Sync:
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B Functional Module Level
* Sync:
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B Improve point-wise constraint

B Combine centraloss + syncloss

B Block-wise multi-layer minimum entropy

B Optional: Entropy on network structure
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_Understanding Sync Mechanism @ BTSN

B Sync in mini-batch

1 1
Lapne = ~— dist(z;, ;)
y N IZI | Nbf (xi) | Ij'ENZE"e{If} j
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B Motivation

* Interpretable Modules with attention

« Unsupervised knowledge embedding

H |dea

« Attention structure (Key vec as knowledge embedding)

« Sync to regular representation space

 For downstream tasks of GAI
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B Attention Structure

« Knowledge embedding as Key vector

« Hard attention -> activate the knowledge or not

{0, 1}

~ ot
v X att
{ Ja iR G A - gﬁ
5 4

X

Hgx e X
W28 Z L

i
T X1-1
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B Knowledge embedding for downstream tasks

Local, Disentangled, Interpretable, Comparable
Knowledge management for Continual learning
Multi-source, partial, model-based Transfer learning
Zero-shot via compositional generalization

Match with existing knowledge systems

Interact with human beings
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B Knowledge embedding for downstream tasks
o UNINEEEE CGELinitsZIL)

SRIOBOE (it 3 Findex/ & T M)
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