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Introduction

Problem Definition:

Target: Learning Tree Interpretation for
DRL Agents in complex environments.
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Introduction

Problem Definition:

Target: Learning Tree Interpretation for
DRL Agents in complex environments.

Difficulties & Challenges:
* High-dimensional input space.
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Introduction

Problem Definition: Represent And Mimic Framework (RAMi):

Target: Learning Tree Interpretation for IMONet: Interpretable representation model.

DRL Agents in complex environments. * Learning a disentangled representation.
MCRTS: Interpretable decision model.

* Learning a mimic tree.

Difficulties & Challenges:

* High-dimensional input space. TN ¢~ Trmic Loarmr~
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Represent And Mimic Framework:

The Information Bottleneck (IB) objectives
for Representing and Mimicking:

) - /\Mb@]

Mimic Tree  Mimic Targets Input Signals

 The IB objective: max |I,,
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Represent And Mimic Framework:

The Information Bottleneck (IB) objectives
for Representing and Mimicking:

* The IB objective: max Iw()—f\fw(‘l’@}

Mimic Tree  Mimic Targets Input Signals

* Learn alatent object representation for X.

¢|wn fq ¢| |mn)dz

Neurips 2021 Presentation 2



Represent And Mimic Framework:

The Information Bottleneck (IB) objectives
for Representing and Mimicking:

* The IB objective: max Iw()—f\fw(‘l’@}

Mimic Tree  Mimic Targets Input Signals

e Learna Iatent object representation for X.
(dlxn) = [a(dl2)q(z|z,)d2

« Computing the IB objective is impractical, so

*  Approximate p(x, y) with the empirical
distribution 1/N SN | 5, (y)ds, (2)-

*  Apply the deep variational method for IB [30].

[30] Alexander A. Alemi, lan Fischer, Joshua V. Dillon, and Kevin Murphy. Deep variational information
bottleneck. In 5th International Conference on Learning Representations, ICLR 2017.
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Represent And Mimic Framework:

The Information Bottleneck (IB) objectives ° The lower bound of IB objective is:
for Representing and Mimicking: & Z{ 2oy [108 P(@nl2)] — ADxe[a(=la)llpo(2)]—

* ThelB objecwi() —/\Iw(@@} T Egtepen) [Batore) (Lalon) + ALo(8)) — AH[o(012)]]}

— . _ = ELBo objective + IB-MDL objective + Entropy Regularizer
Mimic Tree  Mimic Targets Input Signals

Deep Reinforcement
Learning I MCRTS
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e Learna Iatent object representation for X.
(dlxn) = [a(dl2)q(z|z,)d2

« Computing the IB objective is impractical, so

«  Approximate p(x,y) with the empirical
distribution 1/N SN | 5, (y)ds, (2)-
*  Apply the deep variational method for IB [30].
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[30] Alexander A. Alemi, lan Fischer, Joshua V. Dillon, and Kevin Murphy. Deep variational information
bottleneck. In 5th International Conference on Learning Representations, ICLR 2017.
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Learning Object Representation

|dentifiable Multi-Objects Network (IMONet):

Motivation 1: Learning a disentangled representation.
p(Z) = Hfi):l p(Z4) (Following the VAE framework.)
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Learning Object Representation

|dentifiable Multi-Objects Network (IMONet):

Motivation 1: Learning a disentangled representation.
p(Z) = Hle p(Z4) (Following the VAE framework.)

Motivation 2: Learning an identifiable representation.

* Unidentifiable — different factorizations for the same inputs.

* |dentifiable VAE (IVAE) [33] — conditionally factored prior.
p(Z|A,R) = |],0(Za|A, R)

*  Zgy captures an independent factor of object variations

[33] llyes Khemakhem, Diederik P. Kingma, Ricardo Pio Monti, and Aapo Hyvarinen. Variational autoencoders and nonlinear ICA: A unifying framework. AISTATS 2020.
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Learning Object Representation

ldentifiable Multi-Objects Network (IMONet): a) Decompomsesa state into objects.

Sreal 1 mp ms
‘l m .

Motivation 3: Learning an interpretable representation. b) Represent an object variation
with a latent variable.

* |Monet (follows Monet [34])learns a symbolic abstraction of state  min(z;,) > max(Zs1)

space by representing object variations.
*  Zgy captures an independent factor of object variations

[33] llyes Khemakhem, Diederik P. Kingma, Ricardo Pio Monti, and Aapo Hyvarinen. Variational autoencoders and nonlinear ICA: A unifying framework. AISTATS 2020.

Motivation 1: Learning a disentangled representation.
p(Z) = Hfl):l p(Z4) (Following the VAE framework.)

Motivation 2: Learning an identifiable representation.

* Unidentifiable — different factorizations for the same inputs.

* |dentifiable VAE (IVAE) [33] — conditionally factored prior.
p(Z|A,R) = |],0(Za|A, R)

[34] Christopher P. Burgess, et,al. Monet: Unsupervised scene decomposition and representation. CoRR, abs/1901.11390, 2019.
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Learning Mimic Tree Interpretations

Inferring Mimic Trees with IB-MDL
Eo(ol=) (Lalun) + ALy(9)) = M [a(9]2)]
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Learning Mimic Tree Interpretations

Inferring Mimic Trees with IB-MDL

Ey(o12) (Lalyn) + AEp(9)) — \Ha(¢]2)]
Minimize Lp(qb): the description length of encoding

the tree structure.
* Convert the binary tree structure to a string [42].

Proposition 1 Given a regression tree with L splits, the total cost (in bits) of describing the tree
structure with the string encoding method is:

(2L -1y
Ep(qb)—lth%(L_l)%

+ (2L — 1)H( ) +O(L™1) (5)

2L —1

[42] J. Ross Quinlan and Ronald L. Rivest. Inferring decision trees using the minimum description length principle. Information and Computation, 80(3):227—248, 1989.
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Learning Mimic Tree Interpretations

Inferring Mimic Trees with IB-MDL

Eo(ol=) (Lalun) + ALy(9)) = M [a(9]2)]
Minimize Lp(qb): the description length of encoding

the tree structure.
* Convert the binary tree structure to a string [42].

Proposition 1 Given a regression tree with L splits, the total cost (in bits) of describing the tree
structure with the string encoding method is:

(2L -1y
Ep(qb)_thL%(L—l)%

Minimize L, (y,): the description length of encoding
the exceptions.

 Model the leaf prediction with a Gaussian distribution.
* Apply the log-variance as the cost of encoding exceptions

[42] J. Ross Quinlan and Ronald L. Rivest. Inferring decision trees using the minimum description length principle. Information and Computation, 80(3):227—248, 1989.
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Learning Mimic Tree Interpretations

Inferring Mimic Trees with IB-MDL Monte-Carlo Regression Tree
Eyol=) (Lalyn) + Ay (@)) — AH[g(]2)] Search (MCRTS)
Minimize £,,(¢): the description length of encoding ~ * Learnsadistribution of mimic trees based
on the latent features from the object
the tree structure. .
representation.
* Convert the binary tree structure to a string [42]. + The reward is defined by:
Proposition 1 Given a regression tree with L splits, the total cost (in bits) of describing the tree r MC(Jlea f) = —Lq (yn) — )\L’p(qb)
structure with the string encoding method is:
= loo —(QL _ 1)2 — L —1 Jo = {cell((zy,a,,71;¥,).(25, @5,75 5 ¥5), ..., )}
L,(¢) = log 13 + (2L~ DH (57 —) +O(L™) (5) [ = 7~ \

.. . : vistngnumber: ( g, G, ) 1 g Gy )1 | MG RO WG]
Minimize £, (y,): the description length of encoding cvae: | QG Z,V,,oﬁ QRO | oty
the exceptions. fia <
 Model the leaf prediction with a Gaussian distribution. AN .

. . . []1 {Cell1 cellz} ] []1 = {celly’, celly } ] [ = {cellX, Cellz} ]
* Apply the log-variance as the cost of encoding exceptions 7 " S

[42] J. Ross Quinlan and Ronald L. Rivest. Inferring decision trees using the minimum description length principle. Information and Computation, 80(3):227—248, 1989.
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Empirical Evaluation

Environments: 1)FlappyBird 2) Space Invaders 3) Assault
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Empirical Evaluation

Environments: 1)FlappyBird 2) Space Invaders 3) Assault
!
g

Baselines: b ﬂ m

* Tree learners:
a) CART: Classification And Regression Tree.

b) VIPER: Q-dagger based imitation learner.
c) M5-RT/MT: learn the regression tree or the model tree based on M5 algorithm
d) GM/VR-LMT: Linear Model Tree based on Variance Reduction (VR) and Gaussian

Mixture (GM) for feature selection.

* Representation Learners:
a) Classic VAE
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Metrics:

* Fidelity: Variance
Reduction (VR)

e Simplicity: Leaf Numbers.

* Fidelity v.s., Simplicity: VR
Per-Leaf (VR-PL)

Fidelity versus Simplicity

Flappy Bird

Space Invaders Assault
Method VR VR-PL Leaf VR VR-PL Leaf VR VR-PL Leaf
Cart 8.51E-2  8.43E-5 1007 496E-2  7.02E-5 705 4.79E-2  7.46E-5 642
VIPER 8.57E-2  1.88E-4 453 4.63E-2  8.80E-5 525 5.28E-2  8.09E-5 653
MS5-RT 9.59E-2 8.37E-5 1144 4.54E-2  292E-5 1558 4.37E-2 2.73E-5 1605
MS5-MT 9.56E-2 1.55E-4 612"+ 1.60E-2  1.23E-5 1303“+ | 3.42E-2 2.54E-5 1351%+
GM-LMT 8.99E-2 299E-4 303%+ | 2.07E-2 8.32E-5 249"+ 5.55E-2 1.83E4 307 “+
VR-LMT 846E-2 536E-4 157"+ | 2.65E-2 1.6lE4 166"+ 5.80E-2 1.98E-4 291 "+
- VAE+CART | 7.25E-2 344E-4 212 | 3.99E-2 7.86E-5 507 | 5.15E-2 I1.I6E-4 448
VAE+VIPER 7.63E-2  5.32E-4 143 4.12E-2  9.89E-5 417 4.57E-2 1.29E-4 356
VAE+GM-LMT 6.35E-2 3.51E4 180"+ | 3.39E-2 2.75E4 123"+ | 420E-2 144E-5 293"“+
VAE+VR-LMT 795E-2  5.12E-4 154"+ | 3.52E-2 2.08E-4 171%+ 5.10E-2  1.99E-4 258"+
VAE+MCRTS 7.83E-2 1.27E-3 61 4.82E-2  5.66E-4 85 6.58E-2  7.75E-4 85
- IMONet+CART | 823E-2 4.02E4 204 | 521E-2 "138E4 375 | 5.67E2 1.8l1E4 315
IMONet+VIPER 8.50E-2 448E-4 191 5.26E-2  1.69E-4 313 6.05E-2  1.90E-4 319
IMONet+GM-LMT | 7.87E-2 3.74E-4 212"+ | 479E-2  3.23E-4 149"+ 545E-2  2.15E4 256"+
IMONet+VR-LMT | 8.21E-2 7.16E-4 115%+ | 454E-2 3.79E4 120"+ 6.03E-2 2.27E-4 268"+
IMONet+MCRTS 8.53E-2 1.37E-3 62 5.37E-2  7.08E-4 76 7.53E-2  9.07E-4 83
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Fidelity versus Simplicity

Flappy Bird

M t r' . Space Invaders Assault
e I Cs . Method VR VR-PL Leaf VR-PL Leaf VR VR-PL Leaf
Cart 851E2 843E-5 1007 | 496E2 7.02E5 705 | 479E2 746E5 642
; ; : VIPER 857E-2 188E-4 453 | 4.63E-2 880E-5 525 | 528E-2 8.09E-5 653
. .
FIdE'Ity. Variance MS5-RT 9.59E-2 837E-5 1144 | 454E2 292E-5 1558 | 437E2 273E-5 1605
. MS5-MT 9.56E-2  1.55B-4 612%+ | L.60E-2 123E-5 1303*+ | 342E2 254E-5 1351“+
Reduction (V R) GM-LMT 899E-2 299E-4 303“+ | 2.07E-2 832E-5 249“+ | 555E2 1.83E-4 307 "+
VR-LMT 846E-2 536E-4 157"+ | 265E-2 1.61E-4 166"+ | 5.80E-2 198E-4 291 “+
° H 1014V - VAE+CART | 7.25E-2 344E4 212 | 399E-2 786E-5 507 | 5.I5SE2 1.I6E-4 448
Sim pIICIty' Leaf Numbers. VAE+VIPER 7.63E2 532E-4 143 | 412E2 989E-5 417 | 457E2 129E4 356
. . . L. VAE+GM-LMT | 6.35E-2 3.51E-4 180"+ | 3.39E-2 275E-4 123"+ | 420E-2 144E-5  293%+
o FIdE'Ity V.S., Slmp|ICIty: VR VAE+VR-LMT | 7.95E-2 5.12E-4 154“+ | 3.52E-2 2.08E-4 171“+ | 5.10E-2 1.99E-4  258%+
VAE+MCRTS | 7.83E2 127E-3 61 | 482E2 566E-4 85 | 658E2 7.75E4 85
- IMONet+CART | 823E-2 4.02E-4 204 | 521E2 138E-4 ~ 375 [ 5.67E-2 1.81E4 ~ 315
Per-Leaf (VR PI—) IMONet+VIPER | 8.50E-2 448E-4 191 | 526E-2 1.69E-4 313 | 6.05E2 190E-4 319
IMONet+GM-LMT | 7.87E-2  3.74E-4 212%+ | 479E-2 323E-4  149%+ | 545E2 2.15E-4 256"+
IMONet+VR-LMT | 821E-2  7.16B-4 115%+ | 454E-2 379E-4  120%+ | 6.03E2 227E-4 268"+
IMONet+MCRTS | 8.53E-2 1.37E-3 62 | 537E-2 7.08E-4 76 | 7.53E-2 9.07E-4 83
Performance : o i . O
S £ 0.02] S
o (& Q
3 3 3
3 3 3
X 0.04 o o 0.03-
é § 0.01 4 §
i © @©
g - 5
> > >
0.00 T T 1 0.00 T T 0.00 T :
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Leaf Number

Leaf Number
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lllustrative Examples of Interpretable Mimic Trees

Illustrating the extracted rules:

o

cell,

fo: action = "down'?

Sample

cells, cells , cells 5
m Z“<21? m . Z“<0717
yyee: 0.17 ya€: 0.08 y5€:0.11

(a) Regression Tree
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lllustrative Examples of Interpretable Mimic Trees

Illustrating the extracted rules:

: cell, fo action = "down')) cell, fo action = "down'y)

cell,

~tree.
yir 0.1
Sample -

fo: action = 'down’? """ :
|

I

I

|

11731 =012~ :

{ ‘ |
|

|

|

|
|
I
|
|
I
|
cell” \ cell, [1:Z51 = 0N |
|
|
|
|
|
|

\
\\ \
\
Intervened \
| |
| |
f2:Z34 = 0.71, / f2:Z3,4 = 071 :/

Y5 0.12

N —— e ——

cellz, cells , cells 3 cell; | // cell; | l//
Z“<217 Z“<0717 ‘l / : /”
| I,
/ Iy
4 v
tree At'ree tree /,
¥Y31 017 : 0.08 ¥a3 :0.11 y yiee: 0.23 yire:0.15 4
(a) Regression Tree (b) Causal Relations (c) Counterfactuals
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lllustrative Examples of Interpretable Mimic Trees

Illustrating the extracted rules:

cell, cell, fO action = "down’ 2

fo: action = 'down’? """ .
fiiZs1 > 012~

cellz 2 \

. \
Z34>071\

= ?
cell, fo action = "down'y)

! :

| (d) Super-pixels
| (Red Pixels)

|

|

|

|

|

|

|

yiee: 0.11
Sample
cell, [i1:Z51 =

L
I e) Saliency Map
f2:Z34 2 071\ :

Cellz 1

f1:Z3, <0127

—_—

e s e e . o ———— —— — —

y2i": 0.12 / (Blue Region)

N ————_
-

cell, / cell /
cells, fo: cells , cellz 5 |‘ / 3,2 I
Zy3 <217 Zs4 < 0 71? L y
|
/
/
?giee: 017 ?g’;e: 008 ggee O 11 y:t;éee O 23 ytgriee O 15 4,

. . (f) Attentions Mask
(a) Regression Tree (b) Causal Relations (c) Counterfactuals (Yellow Mask)
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Conclusion

The take-home message:

* Divide the interpretation into a representation model and a decision model.

 The Information Bottleneck (IB) principle provides an effective approach for
compressing input and extracting target-relevant representation.
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