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Trustworthy AI is A Pressing Need
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Goal 
How to build AI systems 
that behave as intended?
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Challenges in Trustworthy AI

• Explain why

When an AI model makes decisions,

• Follow rules/domain knowledge

• Know what they don’t know
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Challenges in Trustworthy AI

Solution: 
Deep Learning Models?

Fundamental Limitations

• Explain why

When an AI model makes decisions,

• Follow rules/domain knowledge

• Know what they don’t know
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Challenges in Trustworthy AI

Input
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.

Output

• Explain why

When an AI model makes decisions,

• Follow rules/domain knowledge

• Know what they don’t know
Explanation
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.

Missing



Challenges in Trustworthy AI
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Image Classification

• Explain why

When an AI model makes decisions,

• Follow rules/domain knowledge

• Know what they don’t know

Confidence: 80%



Challenges in Trustworthy AI
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Image Classification

• Explain why

When an AI model makes decisions,

• Follow rules/domain knowledge

• Know what they don’t know

Confidence: 80% Accuracy: 50%



Challenges in Trustworthy AI
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• Explain why

When an AI model makes decisions,

• Follow rules/domain knowledge

• Know what they don’t know

Molecule Modeling

Probability

Rule 
charge-neutral

Molecule

?

?
?



Challenges in Trustworthy AI
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• Explain why

When an AI model makes decisions,

• Follow rules/domain knowledge

• Know what they don’t know

7th

7th



Challenges in Trustworthy AI
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Trustworthy AI  
can not be achieved  

by pure deep learning alone.

• Explain why

When an AI model makes decisions,

• Follow rules/domain knowledge

• Know what they don’t know



Symbolic AI
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“The fifth word being Virginia”

“A short explanation”
<latexit sha1_base64="kwpBx3nZbN7ZPqTRFrsj8VhaWic="></latexit> _

s:|s|=k

^

i2s

Xi

^

i/2s

Xi (Logical)

“A charge-neutral molecule”
<latexit sha1_base64="JrHZVnStZTl1fa2g4qliXUO5/3U="></latexit>X

i

Xi = 0 (Arithmetic)

(Symbol)

Knowledge Symbolic Constraints

“ReLU Neural Network” (Logical & Arithmetic)
<latexit sha1_base64="LC+EqnBZxzdxqw4pEvnEHBZYGt0="></latexit>

(WX < 0 ) Y = 0)
^

(WX � 0 ) Y = WX)

<latexit sha1_base64="i2SKnDZJkZp7GP/YgZHqkJV3IU4="></latexit>

X5 = “Virginia”



Neurosymbolic AI
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Input
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.

<latexit sha1_base64="kwpBx3nZbN7ZPqTRFrsj8VhaWic="></latexit> _

s:|s|=k

^

i2s

Xi

^

i/2s

Xi

Explanation
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.

+

Earlier Example

Explainability


Knowledge


Data Efficient

Recognition


Flexibility


Scalability



Neurosymbolic AI
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Another Example

Explainability


Knowledge


Data Efficient

Recognition


Flexibility


Scalability



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

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

Symbolic Constraint

Logic GraphArithmetic

…+-x÷ Output

Unique Challenges in Neurosymbolic AI
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Neural Model
Input



My Contributions to Neurosymbolic AI
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I. • Differentiable learning through the symbolic constraint

Flexible integration of the symbolic constraint

Neural Symbolic



My Contributions to Neurosymbolic AI

16

II. • Reliable Reasoning over neural models via symbolic tools

Deep connection between neural and symbolic reasoning

• Differentiable learning through the symbolic constraint

Flexible integration of the symbolic constraint

I.

Neural Symbolic



My Contributions to Neurosymbolic AI
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Part 1 

Differentiable Learning

Part 2 

Reliable Reasoning

Part 3 

Applications

• Explain why

• Follow rules/domain knowledge

• Know what they don’t know



How to do differentiable learning under symbolic constraints?
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• Explain why

Part 1 
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Learn to Explain (L2X) — Definition
Data Beer review (review, score)

Goal Learn a model that outputs
• Predicted scores

• k-word explanation

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.

Output

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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Learn to Explain (L2X) — Existing Method

wordi probi

little
wood

caramel
… …

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.

Output
wordi select? zi

little TRUE
wood TRUE

caramel FALSE
… …

Explanation

θ1
θ2
θ3

Pure neural method?  sparsity regularization doesn’t really work
<latexit sha1_base64="TzPWT9A14Bf7fNbkdD5dDj4qKyo="></latexit>

E[
P

zi] =
P

✓i = kWhy?  Optimizing for does not guarantee
<latexit sha1_base64="ihJmLKFEZULsJgfcprB8z8+cJeU="></latexit>P

zi = k
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Learn to Explain (L2X) — Symbolic Method
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.

Output

Explanation

θ1
θ2
θ3

subset prob
ø

{little}
{wood}

{caramel}

{little, wood, caramel}

(1 − θ1)(1 − θ2)(1 − θ3)
θ1(1 − θ2)(1 − θ3)
(1 − θ1)θ2(1 − θ3)
(1 − θ1)(1 − θ2)θ3

θ1θ2θ3

<latexit sha1_base64="HMJurusRjH/9OT7mdZxuduAVuMc="></latexit>P
i zi = k

Symbolic

wordi probi

little
wood

caramel
… …

wordi select? zi

little TRUE
wood TRUE

caramel FALSE
… …
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Learn to Explain (L2X) — Symbolic Method
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.

Output

Explanation

θ1
θ2
θ3

<latexit sha1_base64="HMJurusRjH/9OT7mdZxuduAVuMc="></latexit>P
i zi = k

Symbolic

/ A
/ A
/ A

A = θ1θ2(1 − θ3) + θ1(1 − θ2)θ3 + (1 − θ1)θ2θ3

*normalizing constant:

*

•How to sample from the constrained distribution?


•How to differentiate the sampling?

wordi probi

little
wood

caramel
… …

wordi select? zi

little TRUE
wood TRUE

caramel FALSE
… …



We achieve lower bias and variance by exact sampling and exact constraint probability
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SIMPLE: A Gradient Estimator
for k-subset Sampling

Why
In machine learning, we’re often interested in
modeling distributions over k-subsets of
elements e.g. in L2X , where we want the k
words that best explain a classifier’s decision

What
Existing approaches [1, 2, 3] generalize
Gumbel-Softmax to the k-subset distribution,
returning relaxed samples which biases the
gradient, and cannot be used in many settings
such as discrete VAEs, or otherwise resort to
approximate sampling and marginals

SIMPLE uses exact, discrete samples, coupled with
the derivative of the conditional marginals , leading
to an estimator with lower bias and variance.

How

We’re interested in sampling from the distribution

pθ(z |
∑

i zi = k) = pθ(z)/pθ(
∑

i zi = k)·
!∑

i zi = k
"

the key insight here is that we do not need to care
about the order of variables, but only their sum.

Another key insight is the gradient depends on
marginals of the distribution; the marginals are the
partial derivatives of the log-partition function

µ(θ) = pθ
(
zi |

∑
j zj = k

)
=

∂

∂θi
log pθ(

∑
j zj = k)

In the case when k =
1, we recover an es-
timator comparable to
Gumbel-Softmax, with
lower bias and variance

Experiments
DVAE We show that the KL-divergence between
the k-subset distribution and the uniform distri-
bution can be computed exactly.

L2X on BeerAdvocate dataset: To predict ratings for
different aspects of beer from free-text reviews.

Method
Appearance Palate Taste

Test MSE Precision Test MSE Precision Test MSE Precision

SIMPLE (Ours) 2.35± 0.28 66.81± 7.56 2.68± 0.06 44.78± 2.75 2.11± 0.02 42.31± 0.61
L2X (t = 0.1) 10.70± 4.82 30.02± 15.82 6.70± 0.63 50.39± 13.58 6.92± 1.61 32.23± 4.92

SoftSub (t = 0.5) 2.48± 0.10 52.86± 7.08 2.94± 0.08 39.17± 3.17 2.18± 0.10 41.98± 1.42
I-MLE (τ = 30) 2.51± 0.05 65.47± 4.95 2.96± 0.04 40.73± 3.15 2.38± 0.04 41.38± 1.55

Method
k = 5 k = 10 k = 15

Test MSE Precision Test MSE Precision Test MSE Precision

SIMPLE (Ours) 2.27± 0.05 57.30± 3.04 2.23± 0.03 47.17± 2.11 3.20± 0.04 53.18± 1.09
L2X (t = 0.1) 5.75± 0.30 33.63± 6.91 6.68± 1.08 26.65± 9.39 7.71± 0.64 23.49± 10.93

SoftSub (t = 0.5) 2.57± 0.12 54.06± 6.29 2.67± 0.14 44.44± 2.27 2.52± 0.07 37.78± 1.71
I-MLE (τ = 30) 2.62± 0.05 54.76± 2.50 2.71± 0.10 47.98± 2.26 2.91± 0.18 39.56± 2.07

Implementation available at github.com/UCLA-StarAI/SIMPLE
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tl;dr “We propose a gradient estimator for distributions over k-subsets using exact discrete samples, estimating
the gradient as the derivative of the conditional marginals in the direction of the downstream gradients”

SIMPLE: A Gradient Estimator
for k-subset Sampling
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In machine learning, we’re often interested in
modeling distributions over k-subsets of
elements e.g. in L2X , where we want the k
words that best explain a classifier’s decision

What
Existing approaches [1, 2, 3] generalize
Gumbel-Softmax to the k-subset distribution,
returning relaxed samples which biases the
gradient, and cannot be used in many settings
such as discrete VAEs, or otherwise resort to
approximate sampling and marginals
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the derivative of the conditional marginals , leading
to an estimator with lower bias and variance.
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DVAE We show that the KL-divergence between
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tl;dr “We propose a gradient estimator for distributions over k-subsets using exact discrete samples, estimating
the gradient as the derivative of the conditional marginals in the direction of the downstream gradients”

SIMPLE: A Gradient Estimator
for k-subset Sampling

Why
In machine learning, we’re often interested in
modeling distributions over k-subsets of
elements e.g. in L2X , where we want the k
words that best explain a classifier’s decision

What
Existing approaches [1, 2, 3] generalize
Gumbel-Softmax to the k-subset distribution,
returning relaxed samples which biases the
gradient, and cannot be used in many settings
such as discrete VAEs, or otherwise resort to
approximate sampling and marginals
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the derivative of the conditional marginals , leading
to an estimator with lower bias and variance.

How

We’re interested in sampling from the distribution
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In the case when k =
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timator comparable to
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Experiments
DVAE We show that the KL-divergence between
the k-subset distribution and the uniform distri-
bution can be computed exactly.
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SoftSub (t = 0.5) 2.48± 0.10 52.86± 7.08 2.94± 0.08 39.17± 3.17 2.18± 0.10 41.98± 1.42
I-MLE (τ = 30) 2.51± 0.05 65.47± 4.95 2.96± 0.04 40.73± 3.15 2.38± 0.04 41.38± 1.55

Method
k = 5 k = 10 k = 15

Test MSE Precision Test MSE Precision Test MSE Precision
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tl;dr “We propose a gradient estimator for distributions over k-subsets using exact discrete samples, estimating
the gradient as the derivative of the conditional marginals in the direction of the downstream gradients”

SIMPLE: Gradient Estimator for k-Subset Constraint

[AZNB, ICLR’23]

Gumbel Softmax

Perturb & MAP Score Function

Ours

SIMPLE: A Gradient Estimator
for k-subset Sampling

Why
In machine learning, we’re often interested in
modeling distributions over k-subsets of
elements e.g. in L2X , where we want the k
words that best explain a classifier’s decision

What
Existing approaches [1, 2, 3] generalize
Gumbel-Softmax to the k-subset distribution,
returning relaxed samples which biases the
gradient, and cannot be used in many settings
such as discrete VAEs, or otherwise resort to
approximate sampling and marginals

SIMPLE uses exact, discrete samples, coupled with
the derivative of the conditional marginals , leading
to an estimator with lower bias and variance.

How

We’re interested in sampling from the distribution

pθ(z |
∑

i zi = k) = pθ(z)/pθ(
∑

i zi = k)·
!∑

i zi = k
"

the key insight here is that we do not need to care
about the order of variables, but only their sum.

Another key insight is the gradient depends on
marginals of the distribution; the marginals are the
partial derivatives of the log-partition function

µ(θ) = pθ
(
zi |

∑
j zj = k

)
=

∂

∂θi
log pθ(

∑
j zj = k)

In the case when k =
1, we recover an es-
timator comparable to
Gumbel-Softmax, with
lower bias and variance

Experiments
DVAE We show that the KL-divergence between
the k-subset distribution and the uniform distri-
bution can be computed exactly.

L2X on BeerAdvocate dataset: To predict ratings for
different aspects of beer from free-text reviews.

Method
Appearance Palate Taste

Test MSE Precision Test MSE Precision Test MSE Precision

SIMPLE (Ours) 2.35± 0.28 66.81± 7.56 2.68± 0.06 44.78± 2.75 2.11± 0.02 42.31± 0.61
L2X (t = 0.1) 10.70± 4.82 30.02± 15.82 6.70± 0.63 50.39± 13.58 6.92± 1.61 32.23± 4.92

SoftSub (t = 0.5) 2.48± 0.10 52.86± 7.08 2.94± 0.08 39.17± 3.17 2.18± 0.10 41.98± 1.42
I-MLE (τ = 30) 2.51± 0.05 65.47± 4.95 2.96± 0.04 40.73± 3.15 2.38± 0.04 41.38± 1.55

Method
k = 5 k = 10 k = 15

Test MSE Precision Test MSE Precision Test MSE Precision

SIMPLE (Ours) 2.27± 0.05 57.30± 3.04 2.23± 0.03 47.17± 2.11 3.20± 0.04 53.18± 1.09
L2X (t = 0.1) 5.75± 0.30 33.63± 6.91 6.68± 1.08 26.65± 9.39 7.71± 0.64 23.49± 10.93

SoftSub (t = 0.5) 2.57± 0.12 54.06± 6.29 2.67± 0.14 44.44± 2.27 2.52± 0.07 37.78± 1.71
I-MLE (τ = 30) 2.62± 0.05 54.76± 2.50 2.71± 0.10 47.98± 2.26 2.91± 0.18 39.56± 2.07

Implementation available at github.com/UCLA-StarAI/SIMPLE
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tl;dr “We propose a gradient estimator for distributions over k-subsets using exact discrete samples, estimating
the gradient as the derivative of the conditional marginals in the direction of the downstream gradients”

SIMPLE: A Gradient Estimator
for k-subset Sampling

Why
In machine learning, we’re often interested in
modeling distributions over k-subsets of
elements e.g. in L2X , where we want the k
words that best explain a classifier’s decision

What
Existing approaches [1, 2, 3] generalize
Gumbel-Softmax to the k-subset distribution,
returning relaxed samples which biases the
gradient, and cannot be used in many settings
such as discrete VAEs, or otherwise resort to
approximate sampling and marginals

SIMPLE uses exact, discrete samples, coupled with
the derivative of the conditional marginals , leading
to an estimator with lower bias and variance.

How

We’re interested in sampling from the distribution
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SIMPLE: A Gradient Estimator
for k-subset Sampling

Why
In machine learning, we’re often interested in
modeling distributions over k-subsets of
elements e.g. in L2X , where we want the k
words that best explain a classifier’s decision

What
Existing approaches [1, 2, 3] generalize
Gumbel-Softmax to the k-subset distribution,
returning relaxed samples which biases the
gradient, and cannot be used in many settings
such as discrete VAEs, or otherwise resort to
approximate sampling and marginals

SIMPLE uses exact, discrete samples, coupled with
the derivative of the conditional marginals , leading
to an estimator with lower bias and variance.

How

We’re interested in sampling from the distribution

pθ(z |
∑

i zi = k) = pθ(z)/pθ(
∑

i zi = k)·
!∑

i zi = k
"

the key insight here is that we do not need to care
about the order of variables, but only their sum.

Another key insight is the gradient depends on
marginals of the distribution; the marginals are the
partial derivatives of the log-partition function

µ(θ) = pθ
(
zi |

∑
j zj = k

)
=

∂

∂θi
log pθ(

∑
j zj = k)

In the case when k =
1, we recover an es-
timator comparable to
Gumbel-Softmax, with
lower bias and variance

Experiments
DVAE We show that the KL-divergence between
the k-subset distribution and the uniform distri-
bution can be computed exactly.

L2X on BeerAdvocate dataset: To predict ratings for
different aspects of beer from free-text reviews.

Method
Appearance Palate Taste

Test MSE Precision Test MSE Precision Test MSE Precision

SIMPLE (Ours) 2.35± 0.28 66.81± 7.56 2.68± 0.06 44.78± 2.75 2.11± 0.02 42.31± 0.61
L2X (t = 0.1) 10.70± 4.82 30.02± 15.82 6.70± 0.63 50.39± 13.58 6.92± 1.61 32.23± 4.92

SoftSub (t = 0.5) 2.48± 0.10 52.86± 7.08 2.94± 0.08 39.17± 3.17 2.18± 0.10 41.98± 1.42
I-MLE (τ = 30) 2.51± 0.05 65.47± 4.95 2.96± 0.04 40.73± 3.15 2.38± 0.04 41.38± 1.55

Method
k = 5 k = 10 k = 15

Test MSE Precision Test MSE Precision Test MSE Precision

SIMPLE (Ours) 2.27± 0.05 57.30± 3.04 2.23± 0.03 47.17± 2.11 3.20± 0.04 53.18± 1.09
L2X (t = 0.1) 5.75± 0.30 33.63± 6.91 6.68± 1.08 26.65± 9.39 7.71± 0.64 23.49± 10.93

SoftSub (t = 0.5) 2.57± 0.12 54.06± 6.29 2.67± 0.14 44.44± 2.27 2.52± 0.07 37.78± 1.71
I-MLE (τ = 30) 2.62± 0.05 54.76± 2.50 2.71± 0.10 47.98± 2.26 2.91± 0.18 39.56± 2.07

Implementation available at github.com/UCLA-StarAI/SIMPLE
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L2X (t = 0.1) 10.70± 4.82 30.02± 15.82 6.70± 0.63 50.39± 13.58 6.92± 1.61 32.23± 4.92

SoftSub (t = 0.5) 2.48± 0.10 52.86± 7.08 2.94± 0.08 39.17± 3.17 2.18± 0.10 41.98± 1.42
I-MLE (τ = 30) 2.51± 0.05 65.47± 4.95 2.96± 0.04 40.73± 3.15 2.38± 0.04 41.38± 1.55

Method
k = 5 k = 10 k = 15

Test MSE Precision Test MSE Precision Test MSE Precision

SIMPLE (Ours) 2.27± 0.05 57.30± 3.04 2.23± 0.03 47.17± 2.11 3.20± 0.04 53.18± 1.09
L2X (t = 0.1) 5.75± 0.30 33.63± 6.91 6.68± 1.08 26.65± 9.39 7.71± 0.64 23.49± 10.93

SoftSub (t = 0.5) 2.57± 0.12 54.06± 6.29 2.67± 0.14 44.44± 2.27 2.52± 0.07 37.78± 1.71
I-MLE (τ = 30) 2.62± 0.05 54.76± 2.50 2.71± 0.10 47.98± 2.26 2.91± 0.18 39.56± 2.07

Implementation available at github.com/UCLA-StarAI/SIMPLE
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tl;dr “We propose a gradient estimator for distributions over k-subsets using exact discrete samples, estimating
the gradient as the derivative of the conditional marginals in the direction of the downstream gradients”

SIMPLE: A Gradient Estimator
for k-subset Sampling

Why
In machine learning, we’re often interested in
modeling distributions over k-subsets of
elements e.g. in L2X , where we want the k
words that best explain a classifier’s decision

What
Existing approaches [1, 2, 3] generalize
Gumbel-Softmax to the k-subset distribution,
returning relaxed samples which biases the
gradient, and cannot be used in many settings
such as discrete VAEs, or otherwise resort to
approximate sampling and marginals

SIMPLE uses exact, discrete samples, coupled with
the derivative of the conditional marginals , leading
to an estimator with lower bias and variance.

How

We’re interested in sampling from the distribution

pθ(z |
∑

i zi = k) = pθ(z)/pθ(
∑

i zi = k)·
!∑

i zi = k
"

the key insight here is that we do not need to care
about the order of variables, but only their sum.

Another key insight is the gradient depends on
marginals of the distribution; the marginals are the
partial derivatives of the log-partition function

µ(θ) = pθ
(
zi |

∑
j zj = k

)
=

∂

∂θi
log pθ(

∑
j zj = k)

In the case when k =
1, we recover an es-
timator comparable to
Gumbel-Softmax, with
lower bias and variance

Experiments
DVAE We show that the KL-divergence between
the k-subset distribution and the uniform distri-
bution can be computed exactly.

L2X on BeerAdvocate dataset: To predict ratings for
different aspects of beer from free-text reviews.

Method
Appearance Palate Taste

Test MSE Precision Test MSE Precision Test MSE Precision

SIMPLE (Ours) 2.35± 0.28 66.81± 7.56 2.68± 0.06 44.78± 2.75 2.11± 0.02 42.31± 0.61
L2X (t = 0.1) 10.70± 4.82 30.02± 15.82 6.70± 0.63 50.39± 13.58 6.92± 1.61 32.23± 4.92

SoftSub (t = 0.5) 2.48± 0.10 52.86± 7.08 2.94± 0.08 39.17± 3.17 2.18± 0.10 41.98± 1.42
I-MLE (τ = 30) 2.51± 0.05 65.47± 4.95 2.96± 0.04 40.73± 3.15 2.38± 0.04 41.38± 1.55

Method
k = 5 k = 10 k = 15

Test MSE Precision Test MSE Precision Test MSE Precision

SIMPLE (Ours) 2.27± 0.05 57.30± 3.04 2.23± 0.03 47.17± 2.11 3.20± 0.04 53.18± 1.09
L2X (t = 0.1) 5.75± 0.30 33.63± 6.91 6.68± 1.08 26.65± 9.39 7.71± 0.64 23.49± 10.93

SoftSub (t = 0.5) 2.57± 0.12 54.06± 6.29 2.67± 0.14 44.44± 2.27 2.52± 0.07 37.78± 1.71
I-MLE (τ = 30) 2.62± 0.05 54.76± 2.50 2.71± 0.10 47.98± 2.26 2.91± 0.18 39.56± 2.07

Implementation available at github.com/UCLA-StarAI/SIMPLE
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tl;dr “We propose a gradient estimator for distributions over k-subsets using exact discrete samples, estimating
the gradient as the derivative of the conditional marginals in the direction of the downstream gradients”
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Dataset  
• Beer Review


• Human annotations of the words 
that best describe the review

[AZNB, ICLR’23]

Mean Squared 
Error Precision

SIMPLE (Ours) 2.11 42.31
L2X 6.92 32.23

SoftSub 2.18 41.98
IMLE 2.38 41.38

Input (review) Output
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.

0.75

Predictive performance

How much the learned explanations 
match the ones from human
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Graph rewiring for learning graph structures Best 2nd-best 3rd-best

(Ours)
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SIMPLE: A Gradient Estimator
for k-subset Sampling

Why
In machine learning, we’re often interested in
modeling distributions over k-subsets of
elements e.g. in L2X , where we want the k
words that best explain a classifier’s decision

What
Existing approaches [1, 2, 3] generalize
Gumbel-Softmax to the k-subset distribution,
returning relaxed samples which biases the
gradient, and cannot be used in many settings
such as discrete VAEs, or otherwise resort to
approximate sampling and marginals

SIMPLE uses exact, discrete samples, coupled with
the derivative of the conditional marginals , leading
to an estimator with lower bias and variance.

How

We’re interested in sampling from the distribution

pθ(z |
∑

i zi = k) = pθ(z)/pθ(
∑

i zi = k)·
!∑

i zi = k
"

the key insight here is that we do not need to care
about the order of variables, but only their sum.

Another key insight is the gradient depends on
marginals of the distribution; the marginals are the
partial derivatives of the log-partition function

µ(θ) = pθ
(
zi |

∑
j zj = k

)
=

∂

∂θi
log pθ(

∑
j zj = k)

In the case when k =
1, we recover an es-
timator comparable to
Gumbel-Softmax, with
lower bias and variance

Experiments
DVAE We show that the KL-divergence between
the k-subset distribution and the uniform distri-
bution can be computed exactly.

L2X on BeerAdvocate dataset: To predict ratings for
different aspects of beer from free-text reviews.

Method
Appearance Palate Taste

Test MSE Precision Test MSE Precision Test MSE Precision

SIMPLE (Ours) 2.35± 0.28 66.81± 7.56 2.68± 0.06 44.78± 2.75 2.11± 0.02 42.31± 0.61
L2X (t = 0.1) 10.70± 4.82 30.02± 15.82 6.70± 0.63 50.39± 13.58 6.92± 1.61 32.23± 4.92

SoftSub (t = 0.5) 2.48± 0.10 52.86± 7.08 2.94± 0.08 39.17± 3.17 2.18± 0.10 41.98± 1.42
I-MLE (τ = 30) 2.51± 0.05 65.47± 4.95 2.96± 0.04 40.73± 3.15 2.38± 0.04 41.38± 1.55

Method
k = 5 k = 10 k = 15

Test MSE Precision Test MSE Precision Test MSE Precision

SIMPLE (Ours) 2.27± 0.05 57.30± 3.04 2.23± 0.03 47.17± 2.11 3.20± 0.04 53.18± 1.09
L2X (t = 0.1) 5.75± 0.30 33.63± 6.91 6.68± 1.08 26.65± 9.39 7.71± 0.64 23.49± 10.93

SoftSub (t = 0.5) 2.57± 0.12 54.06± 6.29 2.67± 0.14 44.44± 2.27 2.52± 0.07 37.78± 1.71
I-MLE (τ = 30) 2.62± 0.05 54.76± 2.50 2.71± 0.10 47.98± 2.26 2.91± 0.18 39.56± 2.07

Implementation available at github.com/UCLA-StarAI/SIMPLE
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tl;dr “We propose a gradient estimator for distributions over k-subsets using exact discrete samples, estimating
the gradient as the derivative of the conditional marginals in the direction of the downstream gradients”

SIMPLE: A Gradient Estimator
for k-subset Sampling

Why
In machine learning, we’re often interested in
modeling distributions over k-subsets of
elements e.g. in L2X , where we want the k
words that best explain a classifier’s decision

What
Existing approaches [1, 2, 3] generalize
Gumbel-Softmax to the k-subset distribution,
returning relaxed samples which biases the
gradient, and cannot be used in many settings
such as discrete VAEs, or otherwise resort to
approximate sampling and marginals

SIMPLE uses exact, discrete samples, coupled with
the derivative of the conditional marginals , leading
to an estimator with lower bias and variance.

How

We’re interested in sampling from the distribution

pθ(z |
∑

i zi = k) = pθ(z)/pθ(
∑

i zi = k)·
!∑

i zi = k
"

the key insight here is that we do not need to care
about the order of variables, but only their sum.

Another key insight is the gradient depends on
marginals of the distribution; the marginals are the
partial derivatives of the log-partition function

µ(θ) = pθ
(
zi |

∑
j zj = k

)
=

∂

∂θi
log pθ(

∑
j zj = k)

In the case when k =
1, we recover an es-
timator comparable to
Gumbel-Softmax, with
lower bias and variance

Experiments
DVAE We show that the KL-divergence between
the k-subset distribution and the uniform distri-
bution can be computed exactly.

L2X on BeerAdvocate dataset: To predict ratings for
different aspects of beer from free-text reviews.

Method
Appearance Palate Taste

Test MSE Precision Test MSE Precision Test MSE Precision

SIMPLE (Ours) 2.35± 0.28 66.81± 7.56 2.68± 0.06 44.78± 2.75 2.11± 0.02 42.31± 0.61
L2X (t = 0.1) 10.70± 4.82 30.02± 15.82 6.70± 0.63 50.39± 13.58 6.92± 1.61 32.23± 4.92

SoftSub (t = 0.5) 2.48± 0.10 52.86± 7.08 2.94± 0.08 39.17± 3.17 2.18± 0.10 41.98± 1.42
I-MLE (τ = 30) 2.51± 0.05 65.47± 4.95 2.96± 0.04 40.73± 3.15 2.38± 0.04 41.38± 1.55

Method
k = 5 k = 10 k = 15

Test MSE Precision Test MSE Precision Test MSE Precision

SIMPLE (Ours) 2.27± 0.05 57.30± 3.04 2.23± 0.03 47.17± 2.11 3.20± 0.04 53.18± 1.09
L2X (t = 0.1) 5.75± 0.30 33.63± 6.91 6.68± 1.08 26.65± 9.39 7.71± 0.64 23.49± 10.93

SoftSub (t = 0.5) 2.57± 0.12 54.06± 6.29 2.67± 0.14 44.44± 2.27 2.52± 0.07 37.78± 1.71
I-MLE (τ = 30) 2.62± 0.05 54.76± 2.50 2.71± 0.10 47.98± 2.26 2.91± 0.18 39.56± 2.07

Implementation available at github.com/UCLA-StarAI/SIMPLE
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tl;dr “We propose a gradient estimator for distributions over k-subsets using exact discrete samples, estimating
the gradient as the derivative of the conditional marginals in the direction of the downstream gradients”

SIMPLE: A Gradient Estimator
for k-subset Sampling

Why
In machine learning, we’re often interested in
modeling distributions over k-subsets of
elements e.g. in L2X , where we want the k
words that best explain a classifier’s decision

What
Existing approaches [1, 2, 3] generalize
Gumbel-Softmax to the k-subset distribution,
returning relaxed samples which biases the
gradient, and cannot be used in many settings
such as discrete VAEs, or otherwise resort to
approximate sampling and marginals

SIMPLE uses exact, discrete samples, coupled with
the derivative of the conditional marginals , leading
to an estimator with lower bias and variance.

How

We’re interested in sampling from the distribution

pθ(z |
∑

i zi = k) = pθ(z)/pθ(
∑

i zi = k)·
!∑

i zi = k
"

the key insight here is that we do not need to care
about the order of variables, but only their sum.

Another key insight is the gradient depends on
marginals of the distribution; the marginals are the
partial derivatives of the log-partition function

µ(θ) = pθ
(
zi |

∑
j zj = k

)
=

∂

∂θi
log pθ(

∑
j zj = k)

In the case when k =
1, we recover an es-
timator comparable to
Gumbel-Softmax, with
lower bias and variance

Experiments
DVAE We show that the KL-divergence between
the k-subset distribution and the uniform distri-
bution can be computed exactly.

L2X on BeerAdvocate dataset: To predict ratings for
different aspects of beer from free-text reviews.

Method
Appearance Palate Taste

Test MSE Precision Test MSE Precision Test MSE Precision

SIMPLE (Ours) 2.35± 0.28 66.81± 7.56 2.68± 0.06 44.78± 2.75 2.11± 0.02 42.31± 0.61
L2X (t = 0.1) 10.70± 4.82 30.02± 15.82 6.70± 0.63 50.39± 13.58 6.92± 1.61 32.23± 4.92

SoftSub (t = 0.5) 2.48± 0.10 52.86± 7.08 2.94± 0.08 39.17± 3.17 2.18± 0.10 41.98± 1.42
I-MLE (τ = 30) 2.51± 0.05 65.47± 4.95 2.96± 0.04 40.73± 3.15 2.38± 0.04 41.38± 1.55

Method
k = 5 k = 10 k = 15

Test MSE Precision Test MSE Precision Test MSE Precision

SIMPLE (Ours) 2.27± 0.05 57.30± 3.04 2.23± 0.03 47.17± 2.11 3.20± 0.04 53.18± 1.09
L2X (t = 0.1) 5.75± 0.30 33.63± 6.91 6.68± 1.08 26.65± 9.39 7.71± 0.64 23.49± 10.93

SoftSub (t = 0.5) 2.57± 0.12 54.06± 6.29 2.67± 0.14 44.44± 2.27 2.52± 0.07 37.78± 1.71
I-MLE (τ = 30) 2.62± 0.05 54.76± 2.50 2.71± 0.10 47.98± 2.26 2.91± 0.18 39.56± 2.07

Implementation available at github.com/UCLA-StarAI/SIMPLE
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tl;dr “We propose a gradient estimator for distributions over k-subsets using exact discrete samples, estimating
the gradient as the derivative of the conditional marginals in the direction of the downstream gradients”

SIMPLE: A Gradient Estimator
for k-subset Sampling

Why
In machine learning, we’re often interested in
modeling distributions over k-subsets of
elements e.g. in L2X , where we want the k
words that best explain a classifier’s decision

What
Existing approaches [1, 2, 3] generalize
Gumbel-Softmax to the k-subset distribution,
returning relaxed samples which biases the
gradient, and cannot be used in many settings
such as discrete VAEs, or otherwise resort to
approximate sampling and marginals

SIMPLE uses exact, discrete samples, coupled with
the derivative of the conditional marginals , leading
to an estimator with lower bias and variance.

How

We’re interested in sampling from the distribution

pθ(z |
∑

i zi = k) = pθ(z)/pθ(
∑

i zi = k)·
!∑

i zi = k
"

the key insight here is that we do not need to care
about the order of variables, but only their sum.

Another key insight is the gradient depends on
marginals of the distribution; the marginals are the
partial derivatives of the log-partition function

µ(θ) = pθ
(
zi |

∑
j zj = k

)
=

∂

∂θi
log pθ(

∑
j zj = k)

In the case when k =
1, we recover an es-
timator comparable to
Gumbel-Softmax, with
lower bias and variance

Experiments
DVAE We show that the KL-divergence between
the k-subset distribution and the uniform distri-
bution can be computed exactly.

L2X on BeerAdvocate dataset: To predict ratings for
different aspects of beer from free-text reviews.

Method
Appearance Palate Taste

Test MSE Precision Test MSE Precision Test MSE Precision

SIMPLE (Ours) 2.35± 0.28 66.81± 7.56 2.68± 0.06 44.78± 2.75 2.11± 0.02 42.31± 0.61
L2X (t = 0.1) 10.70± 4.82 30.02± 15.82 6.70± 0.63 50.39± 13.58 6.92± 1.61 32.23± 4.92

SoftSub (t = 0.5) 2.48± 0.10 52.86± 7.08 2.94± 0.08 39.17± 3.17 2.18± 0.10 41.98± 1.42
I-MLE (τ = 30) 2.51± 0.05 65.47± 4.95 2.96± 0.04 40.73± 3.15 2.38± 0.04 41.38± 1.55

Method
k = 5 k = 10 k = 15

Test MSE Precision Test MSE Precision Test MSE Precision

SIMPLE (Ours) 2.27± 0.05 57.30± 3.04 2.23± 0.03 47.17± 2.11 3.20± 0.04 53.18± 1.09
L2X (t = 0.1) 5.75± 0.30 33.63± 6.91 6.68± 1.08 26.65± 9.39 7.71± 0.64 23.49± 10.93

SoftSub (t = 0.5) 2.57± 0.12 54.06± 6.29 2.67± 0.14 44.44± 2.27 2.52± 0.07 37.78± 1.71
I-MLE (τ = 30) 2.62± 0.05 54.76± 2.50 2.71± 0.10 47.98± 2.26 2.91± 0.18 39.56± 2.07

Implementation available at github.com/UCLA-StarAI/SIMPLE
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tl;dr “We propose a gradient estimator for distributions over k-subsets using exact discrete samples, estimating
the gradient as the derivative of the conditional marginals in the direction of the downstream gradients”

SIMPLE: A Gradient Estimator
for k-subset Sampling

Why
In machine learning, we’re often interested in
modeling distributions over k-subsets of
elements e.g. in L2X , where we want the k
words that best explain a classifier’s decision

What
Existing approaches [1, 2, 3] generalize
Gumbel-Softmax to the k-subset distribution,
returning relaxed samples which biases the
gradient, and cannot be used in many settings
such as discrete VAEs, or otherwise resort to
approximate sampling and marginals

SIMPLE uses exact, discrete samples, coupled with
the derivative of the conditional marginals , leading
to an estimator with lower bias and variance.

How

We’re interested in sampling from the distribution

pθ(z |
∑

i zi = k) = pθ(z)/pθ(
∑

i zi = k)·
!∑

i zi = k
"

the key insight here is that we do not need to care
about the order of variables, but only their sum.

Another key insight is the gradient depends on
marginals of the distribution; the marginals are the
partial derivatives of the log-partition function

µ(θ) = pθ
(
zi |

∑
j zj = k

)
=

∂

∂θi
log pθ(

∑
j zj = k)

In the case when k =
1, we recover an es-
timator comparable to
Gumbel-Softmax, with
lower bias and variance

Experiments
DVAE We show that the KL-divergence between
the k-subset distribution and the uniform distri-
bution can be computed exactly.

L2X on BeerAdvocate dataset: To predict ratings for
different aspects of beer from free-text reviews.

Method
Appearance Palate Taste

Test MSE Precision Test MSE Precision Test MSE Precision

SIMPLE (Ours) 2.35± 0.28 66.81± 7.56 2.68± 0.06 44.78± 2.75 2.11± 0.02 42.31± 0.61
L2X (t = 0.1) 10.70± 4.82 30.02± 15.82 6.70± 0.63 50.39± 13.58 6.92± 1.61 32.23± 4.92

SoftSub (t = 0.5) 2.48± 0.10 52.86± 7.08 2.94± 0.08 39.17± 3.17 2.18± 0.10 41.98± 1.42
I-MLE (τ = 30) 2.51± 0.05 65.47± 4.95 2.96± 0.04 40.73± 3.15 2.38± 0.04 41.38± 1.55

Method
k = 5 k = 10 k = 15

Test MSE Precision Test MSE Precision Test MSE Precision

SIMPLE (Ours) 2.27± 0.05 57.30± 3.04 2.23± 0.03 47.17± 2.11 3.20± 0.04 53.18± 1.09
L2X (t = 0.1) 5.75± 0.30 33.63± 6.91 6.68± 1.08 26.65± 9.39 7.71± 0.64 23.49± 10.93

SoftSub (t = 0.5) 2.57± 0.12 54.06± 6.29 2.67± 0.14 44.44± 2.27 2.52± 0.07 37.78± 1.71
I-MLE (τ = 30) 2.62± 0.05 54.76± 2.50 2.71± 0.10 47.98± 2.26 2.91± 0.18 39.56± 2.07

Implementation available at github.com/UCLA-StarAI/SIMPLE
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tl;dr “We propose a gradient estimator for distributions over k-subsets using exact discrete samples, estimating
the gradient as the derivative of the conditional marginals in the direction of the downstream gradients”

marginal

<latexit sha1_base64="HMJurusRjH/9OT7mdZxuduAVuMc="></latexit>P
i zi = kSymbolic constraint

[AZNB, ICLR’23]

SIMPLE: Gradient Estimator for k-Subset Constraint

Log probability

Key: constraint probability! 

Constraint Probability

Constraint Probability



Outline
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• Explain why
Part 1 

Differentiable Learning

Part 2 

Reliable Reasoning

Part 3 

Applications • Follow rules/domain knowledge

• Know what they don’t know



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



Uncertainty Quantification
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• Neural networks are overconfident

• Point estimate is risky

➡Bayesian Deep Learning for robust and reliable predictions

Cat Dog
5% 95%

Cat Dog
5% 95%

Cat Dog
95% 5%

Cat Dog
50% 50%

Average



Bayesian Model Average (BMA)
Key idea
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Point Estimate

weights
<latexit sha1_base64="4GrFhFjqY86jRbRxVEMd2oIVcQQ="></latexit>

p(y | x,w)

Posterior

weights
<latexit sha1_base64="W5h7FLImiWij4WuUy4xxm1uqtAY="></latexit>

p(y | x) =
R
p(y | x,w)p(w) dw



Motivation
• Goal: Bayesian model average 


Predictive posterior


Expected prediction
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<latexit sha1_base64="9tZVzCOXB89zDhcQEqwNXvcqk5c="></latexit>

p(y | x) =
R
p(y | x,w)p(w) dw

<latexit sha1_base64="hLNKe8fO5SDMIMsp5ra7b6GeDKA="></latexit>

E[y] =
R
y p(y | x) dy

• Challenge: DNNs are too big!


➡ Costly to maintain too many samples


➡ Low sample efficiency given the complex integrand

How complex? 🤔

<latexit sha1_base64="4d1iB6IuHO4KaiE3UiQ+77pgaFA="></latexit>

p(y | x) =
R
p(y | x,w)p(w) dw

<latexit sha1_base64="UPBuA+qrmPVTg999eE8KE1H/DKU="></latexit>

E[y] =
R
y p(y | x) dy



How complex is the integrand? Simplest case!
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<latexit sha1_base64="XhxVqfs1y2MACzvrexWLSl6vfH4="></latexit>

E[y] =
R
y p(w | D) p(y | f(x), w) dw dyExpected prediction

Uniform

Non-convex, multi-modal,  
no closed form 🤯

Gaussian

Single ReLU
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Motivation
• Goal: Bayesian model average 


Predictive posterior


Expected prediction

<latexit sha1_base64="9tZVzCOXB89zDhcQEqwNXvcqk5c="></latexit>

p(y | x) =
R
p(y | x,w)p(w) dw

<latexit sha1_base64="hLNKe8fO5SDMIMsp5ra7b6GeDKA="></latexit>

E[y] =
R
y p(y | x) dy

Is there a better way  
to estimate the integral  

than sampling?

Symbolic! 🤩
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Accurate approximation! 
… but scalability?
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<latexit sha1_base64="qbsoIQyeVPY2vufh5Z1ph+AqPNQ="></latexit>⇡



Limitations
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Sampling Symbolic

Accuracy ❌ ✅

Flexibility ✅ ❌*

Scalability ✅   ❌**

 *  Limited to fully connected layers 

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

How to combine good from both worlds? 🤔



Collapsed Inference
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<latexit sha1_base64="KGmVzBj7ICj/d52lpv6hlRYe4GI="></latexit>

E[y] = 1
n

P
ws

WMI( )Expected prediction in BMA

Accuracy + Flexibility, Scalability! 🥳 

Neural Symbolic
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Evaluation Image Classification on CIFAR-100

➡ Boost predictive performance➡ Accurate estimates of uncertainty



Collapsed Inference
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Neural Symbolic

Key: A bit symbolic + neural models = immense power 



Outline
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• Explain why
Part 1 

Differentiable Learning

Part 2 

Reliable Reasoning

Part 3 

Applications • Follow rules/domain knowledge

• Know what they don’t know



Neurosymbolic AI for Science
Molecule Modeling for Charge Prediction
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ProbabilityRule 
charge-neutral

+
Molecule

?

?
?

[LSBZ, NeurIPS Workshop’23]

I want a model that predicts 

charge-neutral molecules

Probability

Molecule

?

?
?Vs.
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Neurosymbolic AI for Science

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

Domain Knowledge & Experimental Data

Interpretable Symbolic Insights

Future Research



Future Research

Release the huge power of neurosymbolic and build the better AI ☺
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Thank you!


