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ABSTRACT

Processing Natural Language using machines is not a new concept. Back in 1940 researchers estimated the importance of a machine that could translate one
language to another. Further, during 1957-1970 researchers split into two divisions concerning NLP: symbolic and stochastic. This paper presents an extensive
review of recent breakthroughs in Neuro Symbolic Artificial Intelligence (NSAI), an area of Al research which seeks to combine traditional rules-based Al
approaches with modern deep learning techniques. Neuro Symbolic models have already demonstrated the capability to outperform state-of-the-art deep learning
models in domains such as image and video reasoning. Such models not only performed better when trained on a fraction of dataset compared with traditional
machine learning models, but also solved an underlined issue called generalization of deep neural network systems. We also find that symbolic models are good
in visual question answering (VQA). In this paper, we also review research results related to Neuro Symbolic Al with the objective of exploring the importance of
such Al systems and how it would shape the future of Al as a whole. We discuss different types of dataset of Visual Question Answering(VQA) tasks based on
NSAI and extensive comparison of performance of different NSAI models. Later, the article focuses on the contemporary real time application of NSAI systems

and how NSALI is shaping the world’s different sectors including finance, healthcare, cyber security.
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1. Introduction

Over the past decade, Atrtificial Intelligence and, in particular deep learning have attracted media attention, have become the focus of increasingly large
research endeavors, and have changed businesses. This led to influential debates on the impact of Al both on academia and industry[1][2] Turing, in his
paper called ‘Computing Machinery and Intelligence’ in 1950, proved that machines could be intelligent. However, even at that time, the word artificial
intelligence did not appear directly, and there was no specific content. However, six years later, John McCarthy of Dartmouth University mentioned the
term 'Avrtificial Intelligence' at a Dartmouth conference(McCarthy et al., 2006) and suggested specific discussions and research, and research on
artificial intelligence has started.From there two fields of Al have been initiated - Connectionism and Symbolisms.

Systems Advantages Disadvantages
. Strong generalization ability Not good at handling unstructured data
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N . Interpretability Weak robustness
(Good at deductive reasoning) g iy
Knowledge driven Slowly reasoning
Good at handling unstructured data Weak generalization ability
Neural system K .
p 2 . Strong robustness No interpretability
(Good at inductive learning) 5 s
Fastly learning Requiring a large amount of label data

Figure 1: Pros and cons of symbolic and neural systems.

Despite many attempts, either symbolic or neural systems were not able to solve many limitations of language models. Fortunately, the Neural-
Symbolic Al (NSALI) approach, which is the combination of both neural and symbolic approaches, can solve some of those issues. By neural we mean
approaches based on artificial neural networks—sometimes called connectionist or subsymbolic approaches—and in particular, this includes deep
learning, which has provided very significant breakthrough results in the recent decade and is fueling the current general interest in Al. By symbolic,
we mean approaches that rely on the explicit representation of knowledge using formal languages—including formal logic—and the manipulation of
language items (‘symbols’) by algorithms to achieve a goal. Mostly, neuro-symbolic Al utilizes formal logic as studied in the knowledge representation
and reasoning subfield of Al, but the lines blur, and tasks such as general term rewriting or planning, that may not be framed explicitly in formal logic,
bear significant similarities and should reasonably be included.

The objective of NSAI is to extract features from data using DL approaches, then manipulate these features using symbolic approaches. Neuro-
Symbolic models have outperformed pure DL models on image and video question answering tasks, and have proven to converge far quicker, with as
little as 1/10 of the training data needed for accuracy.
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Figure 2: The neuro-symbolic model (NSCL [3]) achieves good accuracy even when only trained with 10% of the data (CLEVR dataset) whereas the
accuracy of neural models (TbD [4] and MAC [5]) deteriorates when the training set is small. Data is drawn from [3].

In the figure 2 above a comparison of the Neuro-Symbolic based NSCL model with other pure deep learning models - TbD and MAC. While the
accuracy of all three models are similar when training on 100% of the dataset: however, NSCL performed dramatically better even though we provided
10% of the dataset for the training. Hence, the Neural-Symbolic based model can be a better fit when we do not have data available for training or some
contrarian of the collection of training data. In this paper, we explore the performance of different Neuro-Symbolic models. Those models have mainly
been trained on recently developed datasets called CLEVR [6] and CLEVRER [7]. In this paper we cover different models including Neuro-Symbolic
Concept Learner (NSCL) and Neuro-Symbolic Dynamic Reasoning (NS-DR), are composed of multiple independent “submodels”, which extract
problem features before passing them as input to a final symbolic submodel, and Neural Logic Machines (NLM), is an end-to-end model without
independent submodels. Most of the recent work towards the improvement of NSAI is being carried out by the MIT and IBM team. In 2019, the
Neuro-Symbolic Concept Learner proved the viability of combining symbolic Al with deep learning techniques by parsing input questions and scenes
into symbolic programs[3]. The Concept Learner demonstrated a novel technique for parsing input scenes and questions into a semantic program, and
introduced new techniques for training this parsing at the same time as the symbolic execution engine. The Concept Learner model was followed the
next year by the Visual Concept-Metaconcept Learning (VCML) model, which used embeddings to learn object properties with less supervision[8].

2. Literature Review

At IBM, Neuro-Symbolic(NS) Al researchers aim to conceive a fundamentally new methodology for Al, to address the gaps remaining between
today’s state-of-the-art and the full goals of Al, including AGI. In particular it is aimed at augmenting (and retaining) the strengths of statistical Al
(machine learning) with the complementary capabilities of symbolic Al (knowledge and reasoning). It is aimed at a construction of new paradigms
rather than a superficial synthesis of existing paradigms, and revolution rather than evolution. Their NS research directly addresses long-standing
obstacles including imperfect or incomplete knowledge, the difficulty of semantic parsing, and computational scaling. NS is oriented toward long-term
science via a focused and sequentially constructive research program, with open and collaborative publishing, and periodic spinoff technologies, with a
small selection of motivating use cases over time. The primary ones currently include the pursuit of true natural language understanding via the proxy
of question answering; automatic data science, programming, and mathematics; and financial trading/risk optimization as ways to showcase the
fundamental principles being developed. Research in NS is inherently multi-disciplinary and includes (among many other things) work in learning
theory and foundations, optimization and algorithms, knowledge representation and acquisition, logic and theorem proving reinforcement learning,
planning, and control, and multi-task/meta/transfer learning[9]. IBM research on Neuro-symbolic Al is categorized into 8 different sections as
follows[10]:
1. Logical Neural Network(LNN)

The novel LNNs framework has been developed by IBM recently designed to seamlessly provide key properties of both neural nets (learning) and
symbolic logic (knowledge and reasoning). Every neuron has a meaning as a component of a formula in a weighted real-valued logic, yielding a highly
interpretable disentangled representation. Inference is omnidirectional rather than focused on predefined target variables, and corresponds to logical
reasoning, including classical first-order logic theorem proving as a special case. The model is end-to-end differentiable, and learning minimizes a
novel loss function capturing logical contradiction, yielding resilience to inconsistent knowledge. It also enables the open-world assumption by
maintaining bounds on truth values which can have probabilistic semantics, yielding resilience to incomplete knowledge[11].
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Figure 3: IBM LNN : An Interpretable Neural Reasoner [12]
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Different types of LNN models are being explored by the IBM team which includes FOL-LNN (First-order logic LNN), Logical Optimal Actions
(LOA), Logical Formula Embedder, and Tensor-LNN.

2. Natural language processing via reasoning (NLP)
This system works to predict the knowledge base types of the answer to a given natural language question[13]. Input of this system is ‘a neural network
question” while the output will be the following in the figure below[14]

Answer Allowed Answer

Category Types

Resource Any number of
DBpedia types

Literal Number, Date or
String

Boolean Boolean

Figure 4: Expected output of IBM Answer type prediction[14]

Many other variants of reasoning NLP have been developed by IBM which include SLING( Relation linking framework), Sem Rel (Simple
transformer-based Relation linking), GenRL (Relation linking as a generative problem), Logic Embeddings, and Knowledge-Enabled Textual-

Entailment.
3. Knowledge foundation (KF)

The Knowledge foundation focuses on generating a “knowledge hub” and arranging it into graphs. One popular model The Expressive Reasoning
Graph Store (ERGS), in this category, deals with is an OWL[16] reasoner and an RDF triple store built on top of a Property Graph architecture. ERGS

uses Janus Graph as the underlying graph store which can be replaced by any Apache TinkerPop compliant graph store[15].
4. Learning with less (LwL)

Learning with less and generalization is a key focus area under neuro-symbolic Al research at IBM. Less can be interpreted in various ways. Some of
the goals of this area of research are: 1) learn with 10x less computational resources 2) Multi-task learning with 10x less data or interactions 3)
Compositional generalization for minimal recursive semantics (MRS) with LNNs 4) Defining a quantitative measure of intelligence for multiple

tasks[17].
5. Knowledge augmented sequential decision making (SDM)

In many reinforcement learning settings, the choice of the underlying algorithm is not obvious. The RLAPSE[18] framework provides the choice
whether to use a lightweight myopic algorithm (e.g., Q-learning with discount factor 0) or more complicated (e.g., Q-learning with discount factor close
to 1) reinforcement learning algorithm. The framework utilizes (i) the likelihood ratio test, and (ii) a variant of Q-learning analyzed by (Even-Dar et al.
2003))[19]. Based on the collected statistics about the environment, the RLAPSE orchestrator switches to a more appropriate algorithm, if deemed

necessary[18].
6.  Human in the loop (HIL)

Human-in-the-Loop (HITL) enables human verification and corrections to ensure accuracy of data extracted by Document Al processors before it is
used in critical business applications. It provides a workflow and Ul for humans (referred to as labelers in HITL) to review, validate and correct the data
extracted from documents by Document Al processors. It is used across Financial Services, Health, Manufacturing, Government and other
industries[20].

7.  Datasets and environments (DS)

Life Jacket dataset, Power plant dataset, TextWorld Commonsense (Game engine for cleaning room), and Logical Twins (Textworld-to-PDDLGym)

are examples of DS at IBM[10].
8.  Related advances (RA)

This category consists of the s wide variety of Al-models including Binary Matrix Factorization, Axiom Verification, Ethical Al Platform, Ethical Al
Platform, Ethical Al Demo, Formal ML, GraphSEIR_aPCE, MER, Policy Gradient Algorithm for Learning to Learn in Multiagent RL, Framework
for collecting moral preference data, Online Alternating Minimization, Unsupervised Learning of Graph Hierarchical Abstractions, Sobolev
Independence Criterion, Persistence Homology for Link Prediction, and TM-GCN[10].

3. Methodology

In the section we discuss different datasets and models we have examined for the research.

3.1 Dataset Overview

Although many datasets are being used for the development of Neuro-Symbolic model: however two of them are extremely popular and brough the
NSAI to the next level. One of them is the CLEVR dataset. It is a diagnostic dataset that tests a range of visual reasoning abilities. It contains minimal
biases and has detailed annotations describing the kind of reasoning each question requires. They use this dataset to analyze a variety of modern visual
reasoning systems, providing novel insights into their abilities and limitations[21]. CLEVR provides a dataset that requires complex reasoning to solve
and that can be used to conduct rich diagnostics to better understand the visual reasoning capabilities of Visual Question Answering(VQA) systems.
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This requires tight control over the dataset, which we achieve by using synthetic images and automatically generated questions. The images have
associated ground-truth object locations and attributes, and the questions have an associated machine-readable form.

Sample chain-structured question: CLEVR function catalog
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Figure 5: A field guide to the CLEVR universe. Left: Shapes, attributes, and spatial relationships. Center: Examples of questions and their associated
functional programs. Right: Catalog of basic functions used to build questions[21].

The ground truth structures allow developers to analyze models based on various forms of relationships between objects. Below is the list of main
components of CLEVR dataset:

Objects and relationships: Three object shapes (cube, sphere, and cylinder) that come in two absolute sizes (small and large), two materials (shiny
“metal” and matte “rubber”), and eight colors are part of CLEVR. Objects are spatially related via four relationships: “left”, “right”, “behind”, and “in
front”. The semantics of these prepositions are complex and depend not only on relative object positions but also on camera viewpoint and context.
Scene representation: Scenes are represented as collections of objects annotated with shape, size, color, material, and position on the ground-plane. A
scene can also be represented by a scene graph [22, 23], where nodes are objects annotated with attributes and edges connect spatially related objects.
Image generation: CLEVR images are generated by randomly sampling a scene graph and rendering it using Blender [24]. Every scene contains
between three and ten objects with random shapes, sizes, materials, colors, and positions.

Question representation: Every question is associated with a functional program that can be executed on an image’s scene graph, yielding the answer
to the question. Functional programs are built from simple basic functions that correspond to elementary operations of visual reasoning such as
querying object attributes, counting sets of objects, or comparing values[21].

Auto generation of question: Based upon images, different combinations of questions have been generated. The process is fairly simple and fast and
can be performed by choosing a question family, then selecting values for each of its template parameters, then executing the resulting program on the
image’s scene graph to find the answer, and finally, using one of the text templates from the question family to generate the final natural-language
question.

The below diagram shows the number of images and questions present in the dataset with their spilt of train, val and test.

Unique Overlap
Split || Images Questions questions with train

Total || 100,000 999,968 853,554 -

Train || 70,000 699,989 608,607 -
Val || 15,000 149,991 140,448 17,338
Test || 15,000 149,988 140,352 17,335
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Figure 6: Top: Statistics for CLEVR; the majority of questions are unique and few questions from the val and test sets appear in the training set. Bottom
left: Comparison of question lengths for different VQA datasets; CLEVR questions are generally much longer. Bottom right: Distribution of question
types in CLEVR[21].

Another popular dataset is the Collision Events For Video REpresentation And Reasoning (CLEVRER) dataset. It is a diagnostic video dataset for
systematic evaluation of computational models on a wide range of reasoning tasks. The CLEVRER dataset includes four types of question: descriptive
(e.g., “‘what color’), explanatory (‘what’s responsible for’), predictive (‘what will happen next’), and counterfactual (‘what if’) is being evaluated for
various state-of-the-art models for visual reasoning to generate improved benchmark results[25].

The CLEVRER includes 10,000 videos for training, 5,000 for validation, and 5,000 for testing. All videos last for 5 seconds. The videos are generated
by a physics engine that simulates object motion plus a graphs engine that renders the frames[25]. The component of CLEVRER dataset is listed below:

Objects and events: Objects in CLEVRER videos adopt similar compositional intrinsic attributes as in CLEVR[21], including three shapes (cube,
sphere, and cylinder), two materials (metal and rubber), and eight colors (gray, red, blue, green, brown, cyan, purple, and yellow).There are three types
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of events: enter, exit and collision, each of which contains a fixed number of object participants: 2 for collision and 1 for enter and exit. The objects and
events form an abstract representation of the video[25].

How many metal objects are moving when  Without the gray object, which event will happen?  The cube collides with the red object.
the video ends?

. Filter Filter Fiter |, Get Hﬁe\m\g | B Filer || Fiter | [ Question

Objcts [ material | 7| moving |-’ e Objects =h color -’ counterfacts o | res ~H collision -.I collision | | program
) Chaice Filler | [ Fiter ||

Vel | Gy G| o oy B |G R

Objects | | Objects

1 e | Get
Evenis 1 end frame
)

Figure 7: Sample questions and programs from CLEVRER. Left: Descriptive question. Middle and right: multiple-choice question and choice. Each
choice can pair with the question to form a joint logic trace[25].

Causal structure: An event can be either caused by an object if the event is the first one participated by the object, or another event if the cause event
happens right before the outcome event on the same object. Those objects and events in videos have causal structures[25].

Video generation: Using Bullet physics engine[26], for motion simulation, CLEVRER videos have been generated from the simulated motion traces,
including each object’s position and pose at each time step. Each simulation lasts for seven seconds. The motion traces are first down-sampled to fit the
frame rate of the output video (25 frames per second). Then the motion of the first five seconds are sent to Blender[27] to render realistic video frames
of object motion and collision[25].

Nature of Questions & Question generation:

Counter-
factual

Descriptive

Figure 8: Distribution of CLEVRER question types. Left: distribution of four main question types. Right: distribution of descriptive sub-type[25].

All the videos in CLEVRER universe have been paired with machine-generated questions for descriptive, explanatory, predictive, and counterfactual
reasoning. CLEVRER consists of 219,918 descriptive questions, 33,811 explanatory questions, 14,298 predictive questions and 37,253 counterfactual
questions. Detailed distribution and split of the questions can be found in figure 8.

Comparison of datasets
The below figure 9 shows the comparison of different datasets popular for Neuro-Symbolic Al tasks for video and image.

Diagnostic Temporal

Dataset Video Annotations Relation Explanation Prediction Counterfactual
x X x X X X
Ta) X v X X x X
X v v X X X
x v x v x v
GQA (Johnson et al., 20172 X v X X X X
TGIF-QA (Jang ¢ v x v x x X
MovieQA (Taps v x v v x X
MarioQA (Mun ¢ v x v v X x
TVQA (Lei et al ) v x x v x X
Social-IQ (Zadeh et al., 2019) v X x v x X
CLEVRER (ours) v v v v v v

Figure 9: Comparison between CLEVRER and other visual reasoning benchmarks on images and videos. CLEVRER is a well-annotated video
reasoning dataset created under a controlled environment. It introduces a wide range of reasoning tasks including description, explanation, prediction
and counterfactuals[25].

3.2 Model Analysis

In this section we focus on different Artificial Intelligence(Al) models built for NSAI over time for VQA and its other applications. VQA is the task of
answering a natural language question about a given image. NS approaches combine neural networks with a symbolic component (e.g., symbolic
reasoning, symbolic representations, or exploiting pre-existing symbolic knowledge). NS approaches to VQA are of particular interest as they may
promote compositional generalization[39][40][41] (i.e., the ability to understand new combinations of previously acquired concepts; for instance,
“Buzz Aldrin wielded a glass hammer”). NS approaches also promise to be more interpretable and may allow for simpler skill transfer between tasks.
Furthermore, areas of Neural Language Processing(NLP) are also benefited by NSAI approach, in particular, Natural Language Understanding (NLU),
Natural Language Inference (NLI), and Natural Language Generation (NLG).

Natural Language Understanding (NLU) is a large subset of NLP containing topics particularly focused on semantics and meaning. The boundaries
between NLP and NLU are not always clear and open to debate, and even when they are agreed upon, they’re somewhat arbitrary, as it’s a matter of
convention and a reflection of history [43].
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Natural Language Inference (NLI) enables tasks like semantic search, information retrieval, information extraction, machine translation, paraphrase
acquisition, reading comprehension, and question answering. It is a problem of determining whether a natural language hypothesis h can reasonably be
inferred from a given premise p [44]. For example, the premise “Hazel is an Australian Cattle Dog”, entails the hypothesis “Hazel is a dog”, and can be
expressed in First Order Logic (FOL) by: p |= h.

Natural Language Generation (NLG) is the task of generating text or speech from non-linguistic (structured) input [45]. It can be seen as orthogonal to
NLU, where the input is natural language. An end-to-end system can be made up of both NLU and NLG components. When that is the case, what

happens in the middle is not always that clear-cut. A neural language model such as GPT3 [46] has no structured component; however, whether it
performs “understanding” is subject to debate.

Natural Language

Natural Language
Understanding

Understanding

]
— — — » =
®

Natural Language

Natural Language
Generation

Generation
(a) Symbolic view - reasoning is performed (b) Connectionist view - reasoning is performed
explicitly via rules and logic implicitly inside the neural network

Figure 10: NLU takes as input unstructured text and produces output which can be reasoned over. NLG takes as input structured data and outputs a
response in natural language[42].

NMN: The Neural Module Network (NMN) [47] was the first module network for VQA. The NMN DSL lists 5 modules types (e.g., attend), each with
distinct architectures (see Fig 9). Most modules create or modify heatmaps of the image. Each module type has a unique instance per specific task. The

sample execution in Fig 10 shows two such instances: attend[circle] and attend[red]. To produce the program, the NMN lemmatizes the question,
applies the Stanford dependency parser [48], and applies fixed rules.

attend : fmage — Attention re-attend : Attention — Attention

e attend[dog] re-attend(above]
i -
L) . @
conbine : Attention x Attention — Attention classify : Image x Attention —+ Label

. conbine[except]
O

classify[uhere]

Figure 11: Graphic describing four of the five module types used by the NMN. Not shown is the measure module, which, given an attention map,
returns a measurement (e.g., measure[exists], or measure[count]) [47].

e o]
Figure 12: Visualization of NMN execution on a SHAPES problem. The question is “Is there a red shape above a circle?”, and the corresponding

program is measure[is](combine[and](attend[red], re-attend[above](attend[circle])))[47].

N2NMN: Improving the NMN: This End-to-End Module Network (N2NMN) [49] is an improved version of NMN Network. Primarily, it removed
the blind model and produced programs (in reverse Polish notation) with a seq2seq encoder-decoder LSTM architecture. Additionally, each module
type (e.g., attend) has exactly one instance and is provided a text-context vector, xtxt, (an attention over input tokens), and image features, xvis,
(extracted by VGG-16 [50]). The modules and their architectures are in figure 13 and 14.

Module name | Attinputs | Features | Outpul | Implementation details

) @ W)
)@ Wisum(a ® Tuw) © Wakiee)

)), i.e. reusing £ind and and

) © Wakia)

vis) © Wysum(az © x0is) © Wia)

Figure 13: Table 1 of Hu et al. [49] describing the N2NMN’s modules, and their implementations.
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Figure 14: lllustration of N2NMN execution.

The above figure 12 shows an illustration of N2NMN execution. Note that, unlike the NMN which has separate instantiations for attend[red] and
attend[circle], the equivalent module in N2NMN, find, has only one instantiation. find chooses what to search for based on an xtxt vector passed into
the module; in this case xtxt is a weighted average of the input tokens with most of the weight on “green matte ball”’[49].

Evaluation of the N2NMN on VQA 1.0 and SHAPES demonstrates increased performance over NMN. However, end-to-end training of the program
generator through the modules via backpropagation is impossible. Executing the N2NMN requires arranging the modules; thus we must sample a
discrete program from the program parser, and we cannot backpropagate through the sampling operation. REINFORCE can be used but causes a drop
in performance (4% on SHAPES and 14% on CLEVR). Instead, the N2NMN is trained in two stages: initially the generator is encouraged to mimic a
provided expert parser, afterwards it is fine-tuned with REINFORCE. Thus training requires an expert parser to mimic[51].

4. Results and Discussion

We have found that experiments done on one the CLEVR and the CLEVRER datasets, in recent years, produced better outcomes compared with other
early systems. In this section, we focus on experimental results obtained on these datasets for VQA questions.

Accuracy of CLEVR models

Qverall Exist Count Compare Inleger
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Figure 14: Accuracy per question type of the six VQA methods on the CLEVR dataset (hlgher is better). Figure best viewed in color[6].

For VQA tasks, CLAVR team reproduced a representative subset of methods: baselines that do not look at the image (Q-type mode, LSTM), a simple
baseline (CNN+BoW) that performs near state-of-the-art , and more sophisticated methods using recurrent networks (CNN+LSTM), sophisticated
feature pooling (CNN+LSTM+MCB), and spatial attention (CNN+LSTM+SA).

Q-type mode: Similar to the “per Q-type prior” method[52], this baseline predicts the most frequent training-set answer for each question’s type.

LSTM: Similar to “LSTM Q”[52] , the question is processed with learned word embeddings followed by a word level LSTM . The final LSTM hidden
state is passed to a multi-layer perceptron (MLP) that predicts a distribution over answers. This method uses no image information so it can only model
question-conditional bias.

CNN+BoW: Following [53] , the question is encoded by averaging word vectors for each word in the question and the image is encoded using features
from a convolutional network (CNN). The question and image features are concatenated and passed to a MLP which predicts a distribution over
answers. The team uses word vectors trained on the GoogleNews corpus [54]; these are not fine-tuned during training.

CNN+LSTM: As above, images and questions are encoded using CNN features and final LSTM hidden states, respectively. These features are
concatenated and passed to an MLP that predicts an answer distribution. CNN+LSTM+MCB: Images and questions are encoded as above, but instead
of concatenation, their features are pooled using compact multimodal pooling (MCB) [55]. CNN+LSTM+SA: Again, the question and image are
encoded using a CNN and LSTM, respectively. Following [56], these representations are combined using one or more rounds of soft spatial attention
and the final answer distribution is predicted with an MLP.

Human: Mechanical Turk has been used to collect human responses for 5500 random questions from the test set, taking a majority vote among three
workers for each question.

The CLAVR’s CNNs are ResNet-101 models pre trained on ImageNet [57] that are not fine tuned; images are resized to 224x224 prior to feature
extraction. CNN+LSTM+SA extracts features from the last layer of the conv4 stage, giving 14 x 14 x 1024-dimensional features. All other methods
extract features from the final average pooling layer, giving 2048-dimensional features. LSTMs use one or two layers with 512 or 1024 units per layer.
MLPs use ReLU functions and dropout ; they have one or two hidden layers with between 1024 and 8192 units per layer. All models are trained using
Adam [58]. CLEVR is split into train, validation, and test sets (see Figure 6) and tuned hyperparameters (learning rate, dropout, word vector size,
number and size of LSTM and MLP layers) independently per model based on the validation error. All experiments were designed on the validation set;
after finalizing the design the team ran each model once on the test set. All experimental findings generalized from the validation set to the test set.
Performance analysis of different types of questions in CLEVR
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Querying questions: Query questions ask about an attribute of a particular object (e.g. “What color is the thing right of the red sphere?”). The CLEVR
world has two sizes, eight colors, two materials, and three shapes. On questions asking about these different attributes, Q-type mode and LSTM obtain
accuracies close to 50%, 12.5%, 50%, and 33.3% respectively, showing that the dataset has minimal question-conditional bias for these questions.
CNN+LSTM+SA substantially outperforms all other models on these questions; its attention mechanism may help it focus on the target object and
identify its attributes.

Comparing attributes: Attribute comparison questions ask whether two objects have the same value for some attribute (e.g. “Is the cube the same size as
the sphere?”). The only valid answers are “yes” and “no”. Q-Type mode and LSTM achieve accuracies close to 50%, confirming there is no dataset bias
for these questions.

Query
5100, ‘EZZ] Spatial  K\N Same
3
< s 0 46 49 50 50 50 What color is the What color is the
] 30 36 36 37 37 cube to the right cube that is the same
< I II ’ | of the sphere?  size as the sphere?
Count Exist
100/ | 72 |
@ 75 t 5 eg 65 65 50 64 59
350 0 40 424043 44 50 42 2 46 5>
iz II|I N §|§ 4' N
[ Q-type mode CNN+BoW CNN+LSTM+MCB
[ LST™M [0 CNN+LSTM ] CNN+LSTM+SA

Figure 15: Accuracy on questions with a single spatial relationship vs. a single same-attribute relationship. For query and count questions, models
generally perform worse on questions with same attribute relationships. Results on exist questions are mixed[6].

Existence questions: Existence questions ask whether a certain type of object is present (e.g., “Are there any cubes to the right of the red thing?”). The
50% accuracy of QType mode shows that both answers are a priori equally likely, but the LSTM result of 60% does suggest a question conditional bias.

Counting: Counting questions ask for the number of objects fulfilling some conditions (e.g. “How many red cubes are there?”); valid answers range
from zero to ten. Images have three and ten objects and counting questions refer to subsets of objects, so ensuring a uniform answer distribution is very
challenging; our rejection sampler, therefore, pushes towards a uniform distribution for these questions rather than enforcing it as a hard constraint.
This results in a question-conditional bias, reflected in the 35% and 42% accuracies achieved by Q-type mode and LSTM. CNN+LSTM(+MCB)
performs on par with LSTM, suggesting that CNN features contain little information relevant to counting. CNN+LSTM+SA performs slightly better,
but at 52% its absolute performance is low.

Outcome of CLEVRER models

Methods Descriptive Explanatory Predictive Counterfactual
peropl. perques. peropl. perques. peropl.  perques.

Q-type (random) 292 50.1 8.1 50.7 255 50.1 10.3
Q-type (frequent) 33.0 50.2 16.5 50.0 0.0 50.2 1.0
LSTM 347 59.7 13.6 50.6 232 53.8 3.1

CNN+MLP 48.4 54.9 18.3 50.5 132 55.2 9.0
CNN+LSTM 51.8 62.0 17.5 57.9 31.6 61.2 147
TVQA+ 72.0 63.3 237 70.3 48.9 53.9 4.1

Memory 54.7 53.7 13.9 50.0 331 54.2 7.0
IEP (V) 52.8 52.6 14.5 50.0 97 534 38

TbD-net (V) 79.5 61.6 38 50.3 6.5 56.1 44
MAC (V) 85.6 595 12.5 51.0 16.5 54.6 137
MAC (V+) 86.4 70.5 22.3 59.7 429 63.5 25.1

Figure 16: Question-answering accuracy of visual reasoning baselines on CLEVRER. All models are trained on the full training set. The IEP (V) model
and TbD-net (V) use 1000 programs to train the program generator[7].

The above figure 16 shows experimental results on CLEVRER database with different models. The fact that these models achieve different
performances over the wide spectrum of tasks suggests that CLEVRER offers powerful assessment of the models’ strengths and limitations in various
domains. All models are trained on the training set until convergence, tuned on the validation set and evaluated on the test set. Baseline evaluations on
CLEVRER have revealed two key elements that are essential to causal reasoning: an object-centric video representation that is aware of the temporal
and causal relations between the objects and events; and a dynamics model able to predict the object dynamics under unobserved or counterfactual

scenarios. The figure-16 below shows the performance of Neuro Symbolic Dynamic Reasoning.
On descriptive questions, our model achieves an 88.1% accuracy when the question parser is trained under 1,000 programs, outperforming other
baseline methods. On explanatory, predictive, and counterfactual questions, our model achieves a more significant gain.

Methods Descriptive Explanatory Predictive Counterfactual
peropt.  perques. peropt. perques. peropt.  perques.

NS-DR 88.1 87.6 79.6 829 68.7 74.1 422

NS-DR (NE) 858 859 743 754 54.1 76.1 42.0

Figure 17: Quantitative results of NS-DR on CLEVRER. They evaluate models on all four question types. They also study a variation of our model NS-
DR (NE) with “no events” but only motion traces from the dynamics predictor. The question parser is trained with 1000 programs[7].

Since NSAIl is a proven breakthrough in the field of Al, it is being widely used in different sectors listed as following:
Healthcare

In the health domain, the challenge is to build a transparent artificial intelligence. Among the fields which use Al techniques, is Drug Repurposing
(DR) which involves finding a new indication for an existing drug[59]. In this work [60], authors describe the use of neuro-symbolic algorithms in
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order to explain the process of link prediction in a knowledge graph-based computational drug repurposing. Link prediction consists of generating

hypotheses about the relationships between a known molecule and a given target.
In another article, in [61], author proposes a novel probabilistic programmed deep kernel learning approach that works well in predicting cognitive
decline in Alzheimer’s disease. The author shows that the proposed method is a powerful tool in neurodegenerative disease diagnosis and prognostic
modeling and they suggest that the system will perform well in other disease areas.

Finance

For analysing the characteristics of applicants, authors in [62] present the design, implementation and evaluation of intelligent methods that assess bank
loan applications where two separate intelligent systems have been developed and evaluated: a fuzzy expert system and a neuro-symbolic expert
system. The former employs fuzzy rules based on knowledge elicited from experts. The later one is based on neurules, a type of neuro-symbolic rules

that combines a symbolic and a connectionist representation. Neurules were produced from available patterns.
Recommender Systems

A system, called Neuro-Symbolic Interpretable Collaborative Filtering, has been proposed in article [63] that learns interpretable recommendation rules
(consisting of user and item attributes) based on neural networks with two innovations: (1) a three-tower architecture tailored for the user and item sides
in the RS domain; an improved architecture that is tailored for the user and item sides in recommendation; (2) fusing the powerful personalized

representations of users and items to achieve adaptive rule weights and without sacrificing interpretability.
Cyber Security

A genetic algorithm is proposed to find combinatorial optimization of logic programmed constraints and deep learning from given components, which
are rule-based and neural components. The genetic algorithm explores numerous searching spaces of combinations of rules with deep learning to get an
optimal combination of the components[64].

NSAL is also being widely utilized in the development of Image processing, Business management, Brain modeling, Information Retrieval, Language
generation, Question answering, Dialogue system, Education system Robotic, Smart city, and Safe machine learning[59].

5. Conclusion

In this paper, we have discussed the history of Neuro Symbolic Artificial Intelligence (NSAI ) and its evolution. Although NSAI was invented in the
1950s, it got researchers' intentions recently. We conducted this survey to explore the Current and past breakthroughs in this field. The CLEVR and the
CLEVRER datasets have worked as catalysts in the adoption of NSAI approach especially in Visual Questions Answering (VQA) tasks. Besides this,
IBM is conducting a wide research With the collaboration of different researchers in different sub-area of NSAI including LNN, NLP via reasoning,
KF, LwL. In this research, we have explored different datasets for NSAI VQA tasks and analyzed model performance on those datasets.

We have found Near Symbolic models achieved better accuracy on the recently developed CLEVR dataset compared with Other earlier models even
when only 10% of the dataset has been used in the training. Further, models, developed for CLEVRER dataset containing 10,000 videos, Performed
better in VQA tasks with greater performance. Hence, we deduce the existing problem of Al, called generalization, has been addressed for VQA tasks.

Now that researchers are able to combine neural and symbolic approaches together, there is a strong hope in the Future that the NSAI will be able to
perform more complex tasks. By combining the best of two systems, a new Al System can be created which requires less data to train and demonstrate
common sense, thereby accomplishing More complex tasks.
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