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1 Neuro-symbolic models for deep learning

Deep learning has been recognized as a breakthrough approach that leads
to significant improvements over the existing machine learning methods, in
the area of computer vision and natural language processing, etc [1, 2, 3].
Most deep neural models are basically data-driven, thereby ‘learning useful
representations from a large set of examples. The ‘learning from examples”
paradigm is arguably the core in making the current success in deep learning,
however, this learning based on huge set of examples is very far from human’s
learning; human usually observes few examples, performs high-level abstraction,
manipulates symbols, very effectively grabs and discovers new concepts given few
instances, maintains concepts and knowledge in a hierarchical and structured
form, enhances/enriches existing concepts and knowledge in depths, recognizes
and fixes what he misunderstands, know what he doesn’t know well, etc.

It is questionable whether deep neural models achieve those human-level
learning and cognition ability, only with ‘subsymbolic’ representations. Thus,
it is reasonable to assume that ‘symbols’ are naturally emergent and becomes
fundamental to effectively perform reasoning, knowledge acquisition, and high-
level cognition. As already widely known in the classical artificial intelligence (AI),
the symbolic approach based on only using ‘symbols’ have many limitations. One
of the well-known limitations is related to the symbol grounding problem [4]; in
many cases, the meaning of a (meaningless) symbol cannot merely be represented
in other symbols under a purely symbol system. To take advantages of both
symbolic and neural approches, [4] presents a kind of a neuro-symbolic model
for a hybrid nonsymbolic/symbolic model of the mind where the representation
of neural models is used as a key component for nonsymbolic representations.
More advantages of neuro-symbolic models comparing to purely neural models
and symbolic models are provided in [5, 6].

Neuro-symbolic models have a long-standing history, including the work of [7].
However, the recent approaches of neuro-symbolic models are quite different from
the traditional approaches; nowadays, there is various expansion and success of
deep learning such as attention-based transformer, pretrain-finetuning paradigm,
memory-augmented networks, knowledge graph embedding, knowledge-enhanced
neural models, etc. Much tightly-coupled neuro-symbolic models need to be
pursued, to support ‘neuro-symbolic’ reasoning both based on neural and symbolic
representations in a tightly coupled manner, to enable knowledge injection by
mapping symbolic knowledge to neural representations or parameters, to enhance
model controllability by controlling neural model’s behavior based on high-level
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goals and symbolic representations, to substantially improve interpretability and
explanability by projecting neural representations to symbolic ones, etc.

In this project, noting that one of the recent neuro-symbolic approaches is
to combine logic and neural models [8, 9, 10, 11, 12, 13, 14], called logic-based
neural models1, you will completely review two models – LTN (logic tensor
networks) [11, 14] and LNN (logical neural networks) [15] and apply LTN to
entity linking and object detection tasks with necessary implementations
of neuro-symbolic models for the LTN-based entity linking2.

The goal of this project is summarized as follows:

1. (100 points) Completely review LTN with the detailed formalisms and
check LTN on the toy example sets using open source codes.

2. (400 points) Apply LTN to entity linking task, using axioms based on
query2box [16] (i.e., LTN-EL).

3. (100 points) Apply LTN to object detection task (i.e., LTN-OD), using
Faster-LTN [17] (use open source codes)

4. (100 points) Review LNN [15] with the detailed formalisms and resolve a
set of the problems to understand LNN.

5. (50 points) Present new examples of neuro-symbolic models on natural
language processing and computer vision and their advantages over purely
neural/symbolic models

2 (100 points) Logic Tensor Network

Read the paper of LTN [11] and its applications to object detection [17] with
the open codes.

https://github.com/logictensornetworks/logictensornetworks

https://github.com/bmxitalia/LTNtorch

Write a report that addresses the following problems.

1. The learning problem of LTN is framed a the best satisfability problem as
follows.

Θ∗ = argmax
Θ

Ĝ

∧
ϕ∈K

ϕ

− λ∥Θ∥2 (1)

How Ĝ
(∧

ϕ∈K ϕ
)
is further deriveed using Lukasiweiz t-norm on the se-

mantics for connectives as in [11]?

What kinds of parameters are given in Θ? Explain components of Θ given
the signature (C,F ,P), which mean the sets of constants, functions, and
predicates.

1Of course, it is also believed that instead of combining logics and neural models, there
will be much more ‘fundamental’ problems such as mapping between symbols and neural
representations and other neuro-symbolic issues.

2Given the tight deadline, the project doesn’t require the implementation of LNN.
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2. K is a set of closed formulas, consisting of Kexpr contains 1) the set of
closed literals Ci(b) (or ¬Ci(b)) and partOf(b, b′) (or ¬partOf(b, b′), for
every bounding box b and for every pair bounding boxes ⟨b, b′⟩ connected
(or ¬partOf(b, b′) not connected), 2) the set of axioms M.

Assume that M include the following axiom(i.e., Eq. (11) in [17].)

cl = ∀x,y (Cat(x) ∧ partOf(y, x) → Tail(y) ∨ Head(y) · · ·Eye(y)) (2)

Adopting the semantics of universal quantifier in LTN of [11], what is
Ĝ(cl)? Consider an image I shows a cat where her head and eye appears
only. Suppose that m is the number of all proposals of ROI extracted
by RPN. Given the specific image I, explain what elements (literals and
axioms) are included K? What is the value of |K| in the image I?

3. Explain the difference b/w a partial grounding and its complete grounding.

4. What is the effect of LTN on the object detection task? How the logical
constraints are useful on the object detection?

5. Summarize the key difference b/w the works of [11] and [15] in the appli-
cation of LTN to object detection task.

6. (50 points) [pytorch] Check LTN’s codes and evaluate LTN on the set
of Smorkers and friends. For each axiom, demonstrate LTN degree of
satisfiability as shown in Table 2 of [15].

https://github.com/logictensornetworks/logictensornetworks/blob/master/examples/smokesfriendscancer/smokesfriendscancer.py

3 (400 points) LTN for entity linking (LTN-EL)
on LC-QuAD 2.0

Read the paper of the neuro-symbolic entity linking [18] and implement the
application of LTN to entity linking using pytorch on the LC-QuAD 2.0 dataset
[19], under the following settings.

1. Similar to the mereological constraint in Eq. (11) of [17], suppose that mi

is a mention to be disambiguated and mj is one of its cooccuring mentions
in the context. Let C(mi) (or C(mj)) be a set of candidate entities of mi

(or C(mj)). Given every pair of mentions mi and its occurring mention mj ,
for eip ∈ C(mi) and ejq ∈ C(mj), we define the following logical constraint
for the collective entity linking.

Link(mi, eip) ∧ RelKB(eip, ejq) ∧ Link(mj , ejq) →
∨
r∈R

KB(eip, r, ejq) (3)

where R is a set of relations in the target knowledge base KB, Link(m, e)
is the predicate that the mention m is linked to the entity e, KB(e, r, e′)
is the predicate that the triple (e, r, e′) exists in the knowledge base KB,
and RelKB(e, e

′) is the predicate that two entities e and e′ are semantically
related with respect to KB,
Different from in [11] which relys on the neural tensor networks only, we
define grounding for predicates in a predicate-specific manner as follows.
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(i) The grounding for Link(m, e) is defined using we the neural tensor
networks as follows:

G (Link) (x) = σ
(
uT tanh

(
xTW[1:k]x+Vx+ b

))
(4)

where W[1:k] ∈ Rk×dim(x)×dim(x), V ∈ Rk×dim(x), u ∈ Rk, and b ∈ Rk

are parameters, and x = f(m, e) is further defined as:

x = [BERT(m,T );Wiki2Vec(e)] (5)

where BERT(m,T ) is the mention representation of m in the input
text T and Wiki2Vec(e) is the entity embedding of e using a pretrained
graph embedding, as defined in section 4.1 of [18]. The pretrained
embedding for Wiki2Vec(e) is available in the following:
https://wikipedia2vec.github.io/wikipedia2vec/

(ii) The grounding for RelKB(e, e
′) is defined in a rule-based manner;

G(Rel)KB(e, e
′) is 1 when either e and e′ co-occurs in the same context,

or e and e′ is connected in a 1-hop relation in KB, and 0 otherwise.

(iii) The grounding for KB(e, r, e′) is defined using query2box of [16]
to allow the relaxed matching in KB. Formally, let Boxr be a box
embedding of relation r ∈ R, consisting of Cen(r) and Off(r), as
defined in [16]. Now, we define two box operations.

Box(e) = {UWiki2Vec(e)}
Boxr(e) = Box(e) +Boxr (6)

where U is a parameter matrix for transforming the initial embedding
of e, Wiki2Vec(e).

Using the notation of entity-to-box distance in Eq. (3) of [16], the
grounding for KB(e, r, e′) is then defined as follows:

G (KB(e, r, e′)) = σ (κ1 · distbox (Box(e′),Boxr(e)) + κ2) (7)

where κ1 and κ2 are additional parameters.

2. Pretrain box embeddings Cen(e), Cen(r), Off(r) for entity e ∈ E and
relation r ∈ R in the target knowledge base of LC-QuAD 2.0 [19], based
on the open source code of query2box:
https://github.com/hyren/query2box 3.

Note that Cen(e) should be initialized byWiki2Vec(e) using the Wikipedia2vec.
https://wikipedia2vec.github.io/wikipedia2vec/

To incorporate the pretrained box embeddings, instead of using Eq. (5)
please first redefine x = f(m, e) as follows:

x = [BERT(m,T );Cen(e)] (8)

Furthermore, instead of Eq. (6), use the following box operation for e:

Box(e) = {Cen(e)} (9)

3As in [19], LC-QuAD 2.0 uses both Wikidata and DBpedia 2018 knowledge graphs for the
target knowledge base.
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where Cen(e) is the center vector of the pretrained box embedding for e.

Present the effect of using pretrained box embeddings on entity linking
task, comparing to that without pretrained ones.

3. In addition, instead of the rule-based manner, use the neural tensor network
for G(Rel)KB(e, e

′) as follows.

G (RelKB) (x) = σ
(
uT
reltanh

(
xTW

[1:k]
rel x+Vrelx+ brel

))
(10)

where x = g(e, e′) is defined as follows:

x = [{Cen(e);Cen(e′)] (11)

Present and compare the linking performances under the different settings
of the grounding function for G(Rel)KB(e, e

′).

4 (100 points) LTN for object detection (LTN-
OD) on PASCAL PART benchmarks [20]

Read the paper of Faster-LTN [17] and apply the application of LTN to object
detection task using pytorch on the PASCAL PART dataset [20], referring to
the open source code: https://gitlab.com/grains2/Faster-LTN

Please address the following checklist.

1. Describe all the logical constraints in M used as general axioms, as in [17].

2. Show the training loss curve and present the results like Table 2 of [17].

3. Invent other grounding functions for G(partOf). For example, you use type
compatibilities similar to the case of Eq. (2) of [11].

5 (100 points) Review LNN of [15]

Read the paper of [15] and solve the following problems.

1. LNN uses a weighted generation of Lukasiewicz-like logic. Explain the
formula for n-ary weighted nonlinear conjunctions for logical AND, given
as:

β

(⊗
i∈I

x⊗wi
i

)
= f

(
β −

∑
i∈I

wi(1− xi)

)
(12)

2. Explain the formula for n-ary weighted nonlinear disjunctions for logical
OR, given as:

β

(⊕
i∈I

x⊕wi
i

)
= f

(
1− β +

∑
i∈I

wixi

)
(13)
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3. (30 points) Given the contents of Section 4.2 of [15], derive the upward
bounds computations for β

(⊕
i∈I x

⊕wi
i

)
given as:

L⊕
i xi

≥ β

(⊕
i∈I

L⊕wi
xi

)

U⊕
i xi

≤ β

(⊕
i∈I

U⊕wi
xi

)

4. (30 points) Derive the downward bounds computations for β
(⊕

i∈I x
⊕wi
i

)
given as:

Lxi
≥

{
β/wi

((⊗
j ̸=i(1− Uxj

)⊗wj/wi

)
⊗ L

⊗1/wi⊕
i xi

)
if L⊕

i xi
> 1− α

0 otherwise

Uxi
≤

{
β/wi

((⊗
j ̸=i(1− Lxj )

⊗wj/wi

)
⊗ U

⊗1/wi⊕
i xi

)
if U⊕

i xi
< α

1 otherwise
(14)

5. What is the advantage of LNN over LTN?

6 (50 points) Present new examples of neuro-
symbolic models

Read the papers of [5, 6], present new examples of neuro-symbolic models on
natural language processing or computer vision task. Describe the expected
advantages of the proposed examples over purely neural/symbolic models.

7 Required submissions

For this project, you should submit the followings:

1. Full reports of addressing all the problems (derivation and summary)

2. Complete source codes of all LTN, LTN-EL, and LTN-OD with proper
comments

3. Data and preprocessed data required for executing your codes, including
the URL link if the data files are large

4. Complete additional codes and scripts (i.e, required for carrying out
all the experiments).

5. README files for performing experiments (i.e., describe how to train
and test your models). Prepare scripts and README files such that
any user can easily execute training and testing on the dataset in most
environments within 10 mins after reading the README file
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and Edward Grefenstette. Differentiable reasoning on large knowledge bases
and natural language. CoRR, abs/1912.10824, 2019.

[14] Samy Badreddine, Artur d’Avila Garcez, Luciano Serafini, and Michael
Spranger. Logic tensor networks. CoRR, 2020.

7



[15] Ryan Riegel, Alexander G. Gray, Francois P. S. Luus, Naweed Khan, Ndi-
vhuwo Makondo, Ismail Yunus Akhalwaya, Haifeng Qian, Ronald Fagin,
Francisco Barahona, Udit Sharma, Shajith Ikbal, Hima Karanam, Sumit
Neelam, Ankita Likhyani, and Santosh K. Srivastava. Logical neural net-
works. CoRR, abs/2006.13155, 2020.

[16] Hongyu Ren, Weihua Hu, and Jure Leskovec. Query2box: Reasoning
over knowledge graphs in vector space using box embeddings. CoRR,
abs/2002.05969, 2020.

[17] Francesco Manigrasso, Filomeno Davide Miro, Lia Morra, and Fabrizio Lam-
berti. Faster-ltn: a neuro-symbolic, end-to-end object detection architecture.
CoRR, 2021.

[18] Hang Jiang, Sairam Gurajada, Qiuhao Lu, Sumit Neelam, Lucian Popa,
Prithviraj Sen, Yunyao Li, and Alexander Gray. LNN-EL: A neuro-symbolic
approach to short-text entity linking. In Proceedings of the 59th Annual
Meeting of the Association for Computational Linguistics and the 11th
International Joint Conference on Natural Language Processing (Volume 1:
Long Papers), 2021.

[19] Mohnish Dubey, Debayan Banerjee, Abdelrahman Abdelkawi, and Jens
Lehmann. Lc-quad 2.0: A large dataset for complex question answering over
wikidata and dbpedia. In Proceedings of the 18th International Semantic
Web Conference (ISWC). Springer, 2019.

[20] Xianjie Chen, Roozbeh Mottaghi, Xiaobai Liu, Sanja Fidler, Raquel Urtasun,
and Alan L. Yuille. Detect what you can: Detecting and representing objects
using holistic models and body parts. CoRR, 2014.

8


	Neuro-symbolic models for deep learning
	(100 points) Logic Tensor Network
	(400 points) LTN for entity linking (LTN-EL) on LC-QuAD 2.0
	(100 points) LTN for object detection (LTN-OD) on PASCAL PART benchmarks chen14
	(100 points) Review LNN of riegel20
	(50 points) Present new examples of neuro-symbolic models 
	Required submissions

