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Trustworthy Al is A Pressing Need

Concern about artificial intelligence in
daily life far outweighs excitement

% of U.S. adults who say the increased use of artificial
intelligence in daily life makes them feel ...

More
excited than 18 15 10
concerned

My llM LIED TO ME' &85

ol 36 How to build Al systems
octedand RSN I that behave as intended?
I ITWASNT LIES. IT WAS JUST BULLSHIT
concerned 37
than excited
2021 2022 2023

Note: Respondents who did not give an answer are not shown.
Source: Survey conducted July 31-Aug. 6, 2023.
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Challenges in Trustworthy Al

When an Al model makes decisions,
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* Follow rules/domain knowledge




Challenges in Trustworthy Al

When an Al model makes decisions,
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Challenges in Trustworthy Al

When an Al model makes decisions,
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* Explain why

Input
a little like _wood and- | Output
caramel with a hop finish. |
has a sort of fruity flavor ﬁ i? i/?
like grapes or cherry that
is sort of buried in there. “
mouth feel was lite, sort |
of bubbly. :

] ]

: Missing h

" Explanation N

" a little like wood and N
\‘ caramel with a hop finish. "

has a sort of fruity flavor
like grapes or cherry that
IS sort of buried in there.
mouth feel was lite, sort of
bubbly.




Challenges in Trustworthy Al

Image Classification

When an Al model makes decisions,

= * Explain why

2 ®  Know what they don’t know

s&y * Follow rules/domain knowledge

Confidence: 80%



Challenges in Trustworthy Al

Image Classification

When an Al model makes decisions,

* Explain why

2 ®  Know what they don’t know

Confidence: 80% Accuracy: 50%



Challenges in Trustworthy Al

When an Al model makes decisions, Molecule Modeling

Rule

g charge-neutral
+
Molecule

Probability




Challenges in Trustworthy Al

When an Al model makes decisions,

B 5 O  Generate a sentence with “Virginia” as
C o Explain Why ) the fifth word.
: The journey through the mountains in
Virginia revealed breathtaking views.
E®ﬁ° 9 7th
e o  Know what they don’t know

* Follow rules/domain knowledge




Challenges in Trustworthy Al

When an Al model makes decisions,

L B« Explain why ®

J : Trustworthy Al

&3 D can not be achieved :
@ e  Know what they don’t know : by pure deep learning alone. :

* Follow rules/domain knowledge
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Symbolic Al

Knowledge Symbolic Constraints

“The fifth word being Virginia” X5 = “Virginia” (Symbol)

“A short explanation” \/ L, Z/E\S A zez/\sX (Logical)

“A charge-neutral molecule” ZL: A =10 (Arithmetic)

“Rel U Neural Network” WX <0=>Y =0/ (ogical & Arithmetic)

(WX >0=Y =WX)
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Neurosymbolic Al

Symbolic | Explainability : Neural Recognition
D ' s

T }|~D Knowledge Flexibility

D Data Efficient | Scalability
Earlier Example
Input Explanation
a little like wood and caramel \/ /\ X, /\ X, a little like wood and caramel
with a hop finish. has a sort = - with a hop finish. has a sort
of fruity flavor like grapes or =k €5 igs of fruity flav.or like grapes or
cherry that is sort of buried in cherry that is sort of buried in
there. mouth feel was lite, there. mouth feel was lite,
sort of bubbly. sort of bubbly.
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Neurosymbolic Al

Neural Recognition

Flexibility

Scalability

nature

Explore content ¥  About the journal ¥  Publish withus v

Another Example
AlphaGeometry adopts a neuro-

nature > articles > article Sym bOliC approaCh

Article | Cpen access | Published: 17 January 2024

Solvmg OIymplad geometry without human and a symbolic deduction engine, which work together to find proofs for complex

demonstrations geometry theorems. Akin to the idea of “thinking, fast and slow”, one system
Trieu H. Trinh ™. Yuhuzi Wu, Quoc V. Le, He He & Thang Luong ™ provides fast, “intuitive” ideas, and the other, more deliberate, rational decision-
making.

AlphaGeometry is a neuro-symbolic system made up of a neural language model

Nature 625, 4/6-482 (2024) | Cite this article

152k Accesses | 902 Altmetric | Metrics
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Unique Challenges in Neurosymbolic Al

Challenge 1 Most symbolic modules are non-differentiable
x End-to-end training

Neural Model Symbolic Constraint

- 8@0 = B 4exs 1l [

Logic Arithmetic Graph

I—V—l

x Reliable & efficient reasoning
Challenge 2 Reasoning over symbolic constraints is #P-hard in general

14



My Contributions to Neurosymbolic Al

.Neural .Symbolic
W/

y/
I" " » Differentiable learning through the symbolic constraint
B

+ Flexible integration of the symbolic constraint
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My Contributions to Neurosymbolic Al
" Neural | Symbolic

Differentiable learning through the symbolic constraint

Flexible integration of the symbolic constraint

+ Deep connection between neural and symbolic reasoning

y /
"-I II’ I" II’ " * Reliable Reasoning over neural models via symbolic tools
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My Contributions to Neurosymbolic Al

Part 1 @Q; B

Differentiable Learning (& '+ EXxplain why

Part 2 s D

Reliable Reasoning 2 ®  Know what they don’t know

Part 3

Applications # * Follow rules/domain knowledge
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Part 1

How to do differentiable learning under symbolic constraints?

* Explain why
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Data Beer review (review, score)

Goal Learn a model that outputs

* Predicted scores
* k-word explanation

Learn to Explain (L2X) — Definition

Input (review)

a little like wood and

caramel with a hop finish.

has a sort of fruity flavor
like grapes or cherry that
Is sort of buried in there.

mouth feel was lite, sort

of bubbly.

Explanation (k=5)

a little like wood and
caramel with a hop finish.
has a sort of fruity flavor
like grapes or cherry that
Is sort of buried in there.
mouth feel was lite, sort of
bubbly.

Chen, Jianbo, et al. "Learning to explain: An information-theoretic perspective on model interpretation." ICML, 2018.
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Input (review)

a little like wood and
caramel with a hop finish.
has a sort of fruity flavor
like grapes or cherry that
Is sort of buried in there.
mouth feel was lite, sort
of bubbly.

%

word; prob;
little 0,
wood 0,
caramel | 0,

®

Explanation

word;

select? z;

little

TRUE

wood

TRUE

caramel

FALSE

Pure neural method? sparsity regularization doesn’t really work

Learn to Explain (L2X) — Existing Method

Why? Optimizing for E[>" 2;] =Y 0, = k does not guarantee > z; = k
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Input (review)

a little like wood and
caramel with a hop finish.
has a sort of fruity flavor
like grapes or cherry that
Is sort of buried in there.
mouth feel was lite, sort
of bubbly.

%

word; probi
little 0,
wood 0,
caramel | 0,

Symbolic

21

Explanation

word;, | select? z;

little TRUE

8@0 Output

wood TRUE

m— A

caramel FALSE

subset prob
) (1 -06p - 6,)(1 - 6;)

{little} 0,(1 = 6,)(1 - 6y)

{WOOd} (1 =60)0,(1 - 65

{caramel} (I =6)(1 - 6,)6;
{little, wood} 0,0,(1 — 65)
{little, caramel} 0,(1 — 6,)0;
{wood, caramel} (1 —0))0,0;

llittle, wood, caramel} | ¢169:05




Input (review)

a little like wood and
caramel with a hop finish.
has a sort of fruity flavor
like grapes or cherry that
Is sort of buried in there.
mouth feel was lite, sort
of bubbly.

word;
little

——- | \NOOd

caramel

subset

conditional prob”

{little, wood}

0,0,(1-6;)/ A

{little, caramel}

0,(1-60)0, / A

{wood, caramel}

(1-6)6,0,/ A

*normalizing constant:

Symbolic

Explanation

word;

select? z;

little

TRUE

wood

TRUE

caramel

FALSE

8@0 Output

m— A

 How to sample from the constrained distribution?

* How to differentiate the sampling?

22



SIMPLE: Gradient Estimator for k-Subset Constraint

We achieve lower bias and variance by exact sampling and

[—1 Bias 0.6 - 015

B Variance |
0.4 = - 0.10
0.2 i - 0.05
o Fhi rI'lﬁ

Exact SoftSub IMLE SFE SIMPLE

Gumbel SOftmaX/ / \ \

Score Function

Ours

Perturb & MAP

[AZNB, ICLR’23] 23



SIMPLE: Gradient Estimator for k-Subset Constraint

Symbolic constraint D i %=k

e —

/ZNPQ(Z‘ZM&: )

Log probability @

o
RURVCIRECREL A

Distribution

[AZNB, ICLR’23]



SIMPLE: Gradient Estimator for k-Subset Constraint

Symbolic constraint D i %=k

Log probability 6

Thm. Exact sampling can be achieved
in a dynamic-programming way

sample =[],7 =k
for:=ntoldo
/lali,j] = p(3 i 1 #m = j — 1) €= Constraint Probability
p:CL[’i—l,j—l]
z; ~ Bernoulli(p - pg, (z; = 1)/alt, j])
// Pick next state based on value of sample
ifZi:lthenj:j—l
sample.append(z;)

Distribution

[AZNB, ICLR’23]
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SIMPLE: Gradient Estimator for k-Subset Constraint

Symbolic constraint D i % =

Ju
ZNpH(Z‘ZZZZ:k)\Z‘
Log probability € - @ /

o
ARG REL I

Distribution

[AZNB, ICLR’23]



SIMPLE: Gradient Estimator for k-Subset Constraint

fu
ZNPH(Z‘ZZZZ:/{) \Z‘

¢
/
Oz |Vt

Symbolic constraint D i %=k

Log probability 6 \

o
ARG REL I

Distribution

[AZNB, ICLR’23]



SIMPLE: Gradient Estimator for k-Subset Constraint

fu
z ~po(z| > 2z =k) \Z;

4
/
89Z Vil

Symbolic constraint D i %=k

Log probability 6@ \

\
RV~ P \SJS 3" 1 J 77
W W @07 @ O Intuition: “Don’t select 1st word

<1 1 ==p (
pe(z1=1|> ,z=k) 0.8 ==p (03

Distribution

[AZNB, ICLR’23]
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SIMPLE: Gradient Estimator for k-Subset Constraint

Symbolic constraint D i % =

Log probability @ \ / Z

o
ARG REL I

Distribution

[AZNB, ICLR’23]



SIMPLE: Gradient Estimator for k-Subset Constraint

Symbolic constraint D i %=k

Log probability 6@ \ / T4

Prop. can be obtained by 1(0) = pg (Zz | Zj Zj = ) = 90, 10%1?9(2]' zj = k)

Constraint Probability

[AZNB, ICLR’23]
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Evaluation — Learn to Explain

Predictive performance

Dataset l
 Beer Review v
Input (review) Output Mean Squared . cion4
a little like wood and caramel| 0.75 Error ¥
with a hop finish. has a sort SIMPLE (Ours) 2.11 42.31
of fruity flavor like grapes or
cherry that is sort of buried L2X 6.92 32.23
in there. mouth feel was lite, SoftSub 2.18 41.98
t of ly.
sort of bubbly IMLE 238 41.38
« Human annotations of the words T

that best describe the review
How much the learned explanations

match the ones from human

[AZNB, ICLR’23]



Evaluation — Graph Neural Networks

Graph rewiring for learning graph structures

[QMAZBNM, ICLR’24]

. Best

. 2nd-best . 3rd-best

MODEL MUTAG PTC_MR PROTEINS NCI1 NCI109
GK (k = 3) (SHERVASHIDZE ET AL., 2009) 81.4+1.7 55.7+05 71.4+0.3 62.54+0.3 62.4+0.3
PK (NEUMANN ET AL., 2016) 76.0+2.7 59.5+24  73.7+0.7 82.5+0.5 N/A
WL KERNEL (SHERVASIIIDZE ET AL., 2011) 90.4+57 59.9+43  75.0+31 86.0+1.8 N/A
DGCNN (ZHANG ET AL., 2018) 85.8+41.8 58.6+25  75.5+0.0 744405 N/A
IGN (MARON ET AL., 2019B) 83.9+130 58.5+60 76.6155 74 3427 T2.8415
GIN (XU ET AL, 2019) 894456 64.6+70 T6.249.8 R2.7+1.7 NJ/A
PPGNS (MARON ET AL., 2019A) 90.6+8.7 66.2+6.6 T77.2+4.7 83.2+41.1 82.2+1.4
NATURAL GN (DE HAAN ET AL., 2020) 89.4+16 066.8+1.7 T1.7+1.0 82.4+1.3 83.0+1.¢
GSN (BOURITSAS ET AL., 2022) 92.2+75 68.2+72 76.6+5.0 83.5+20 83.5+2.3
CIN (BODNAR ET AL., 2021) 02.716.1  68.2156 77.0143 83.611.4 84.0:11¢
CAN (GIUSTI ET AL., 20234) 04.1+48 72.8+183 78.2+00 84.5+16 83.6+1.0
CIN++ (GIUSTI ET AL., 2023B) 944437 73.2+64 80.5+30 85.3+12 84.5+24
FOSR (KARHADKAR ET AL., 2022) 86.2+1.5  58.5+1.7  T75.1+0s8 72.9+06 71.1+0.6
DROPGNN (PAPP ET AL., 2021) 90.4+7.0 66.3+8.6 T76.3+6.1 81.6+1.8 80.8+2.6
08.4124 74.3+:39 80.7+3.¢ 85.6108 84.6+1.0

<> PR-MPNN (10-roLp CV) (Ours)

32



SIMPLE: Gradient Estimator for k-Subset Constraint

ample =[1],7 =

[ k

¢ ;—1 : . = g

I aw.,[ﬂ =P, em = - 1) 44— G onstraint Probability
B

ali — 1,5 — 1]

Symbolic constraint 2% =Kk 2~ Bemnoulli(p - po, (= = 1)/ali, j)

next state based on value of sample
ifz;, =1thenj=7—1
sample.append(z;)

- —
z ~po(z| > 2z =k) \Z;

/4
Do (0,1 —

0
1(0) :pH(Zz' | D2 = k) = 20 log pe(2_; 2 = k)

Constraint Probability
Key: constraint probability!

Log probability 6 \

[AZNB, ICLR’23]
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Outline

Part 2
Reliable Reasoning

40% [ELN
S

6
O

 Know what they don’t know
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How to quantify uncertainty using symbolic reasoning?

clc 9
 Know what they don’t know

35



Uncertainty Quantification

e Neural networks are overconfident

 Point estimate is risky g;t :50;
0 0,

Dog Cat Dog

95% 05% 5%

Cat Dog

Average

50% 50%

= Bayesian Deep Learning for robust and reliable predictions

36



Bayesian Model Average (BMA)

Key idea
Point Estimate Posterior
» /\
weights weights

p(y | z,w) p(y | x)=Jpy|z wplw)dw



Motivation

* Goal: Bayesian model average

Predictive posterior p(y | z) = [ p(y | z,w)p(w) dw

Expected prediction E[y| = [y p(y | ) dy

* Challenge: DNNs are too big!

= Costly to maintain too many samples

= | ow sample efficiency given theintegrand
How complex? &

38



How complex is the integrand? Simplest case!

Expected prediction E[y] = [y p(w | D) p(y | f(x),w) dw dy
' ;
Uniform Gaussian

Single RelLU

[ Non-convex, multi-modal,
[ o no closed form &

39



Motivation

* Goal: Bayesian model average

Predictive posterior p(y | z) = [ p(y | z,w)p(w) dw

Expected prediction E[y| = [y p(y | ) dy

| 2 Is there a better way
| o to estimate the integral
than sampling?

Symbolic! &

40



Idea

A reduction from BMA to Exact Integration

Sampling N g
BMA """""""""""""""""""""""""" > Sy
Symbolic
Representation
| Symbolic Reasoning
Via WMI Solvers
WMI g Ground truth BMA

41



X

Accurate approximation!
... but scalability?

42



Limitations

Sampling Symbolic
Accuracy X
Flexibility %"
Scalability %

* Limited to fully connected layers

** Integration over polytopes In arbitrarily high dimensions is #P-hard

How to combine good from both worlds? &

43



Collapsed Inference

Convolution Pooling Fully connected

Expected prediction in BMA Ely| = % Zws WMI( e

Accuracy + Flexibility, Scalability! =:

44

Output

SEfeleYe
NSNSV AN A
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Evaluation Image Classification on CIFAR-100

B Negative Log Likelihood * B Accuracy f
' Expected Calibrated Error
1.8 0.2000 75
1.35 0.1500 74.25
0.9 0.1000 73.5
0.45 H 0.0500 72.75
0 I - 0.0000 72
SGD SWAG SWA KFAC SGLD CIBER (ours) SGD SWAG SWA KFAC SGLD CIBER (ours)

= Accurate estimates of uncertainty = Boost predictive performance

45



Collapsed Inference

Output

Convolution Pooling Fully connected

Key: A bit symbolic + neural models = Immense power

46



Outline

* Explain why

 Know what they don’t know

Part 3

Applications * Follow rules/domain knowledge

47



Neurosymbolic Al for Science

Molecule Modeling for Charge Prediction

| want a model that predlcts
ﬁ charge -neutral molecules ) )
‘J D
Molecule

Probability

Rule Probability
charge-neutral
9 harg
O - r B —
Molecule
D

[LSBZ, NeurlPS Workshop’23]
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Neurosymbolic Al for Science

Future Research

Goal To establish a deep integration of Al/ML with science and accelerate scientific discovery

& __

0 r »
S EOEA e
‘ v ‘ . O y iy

Domain Knowledge & Experimental Data -~ . ~
Neurosymbolic

%

—

Interpretable Symbolic Insights
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Future Research

Release the huge power of neurosymbolic and build the better Al ®

s Neurosymbolic ) s Science Trustworthy )
o o )
3:%} o o® 3
% + ;D-L @ Availability ?2 ......
. > - gl
Learning & Reasoning : \_ Y,

Thank youl!
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