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Abstract
The integration of learning and reasoning is high on the research agenda in AI. Nevertheless, there is only a little
attention to use existing background knowledge for reasoning about partially observed scenes to answer questions
about the scene. Yet, we as humans use such knowledge frequently to infer plausible answers to visual questions
(by eliminating all inconsistent ones). Such knowledge often comes in the form of constraints about objects and
it tends to be highly domain or environment-specific. We contribute a novel benchmark called CLEVR-POC for
reasoning-intensive visual question answering (VQA) in partially observable environments under constraints. In
CLEVR-POC, knowledge in the form of logical constraints needs to be leveraged to generate plausible answers to
questions about a hidden object in a given partial scene. For instance, if one has the knowledge that all cups are
colored either red, green or blue and that there is only one green cup, it becomes possible to deduce the color of
an occluded cup as either red or blue, provided that all other cups, including the green one, are observed. Through
experiments, we observe that the low performance of pre-trained vision language models like CLIP (≈ 22%) and
a large language model (LLM) like GPT-4 (≈ 46%) on CLEVR-POC ascertains the necessity for frameworks that
can handle reasoning-intensive tasks where environment-specific background knowledge is available and crucial.
Furthermore, our demonstration illustrates that a neuro-symbolic model, which integrates an LLM like GPT-4 with a
visual perception network and a formal logical reasoner, exhibits exceptional performance on CLEVR-POC.
Keywords: LLM and Reasoning, visual question answering, partial observability, logical constraints

1. Introduction
Visual Question Answering (VQA) has beenwidely
investigated by researchers from various subfields
in AI like computer vision and natural language un-
derstanding. As a result, we now have access to a
vast corpus of VQA datasets coupled with numer-
ous models addressing the task of VQA (Zou and
Xie, 2020; Wu et al., 2017).
Most existing VQA datasets (Johnson et al., 2017;
Antol et al., 2015) have a collection of images
paired with questions such that all information re-
quired to answer the question is provided in the
image, and hence the scene is considered com-
plete. But in real life, we often engage in tasks
where scenes may not be completely visible. We
instead may have world knowledge about various
locations visited by us, acquired over time, that al-
lows us to generate plausible answers to queries
about objects we do not see in a scene. For ex-
ample, in autonomous vehicle scenarios, reason-
ing is crucial for dealing with partial observabil-
ity. Comprehensive knowledge of traffic enables
the system to interpret limited visual information
and make informed decisions, ensuring safe nav-

igation despite occlusions or limited field of view.
Furthermore, in factory settings, reasoning com-
bined with background knowledge about the envi-
ronment can assist teams of robots in dealing with
partial observability during navigation and other
coordination and cooperation tasks.
In this paper, we introduce a synthetic dataset,
CLEVR-POC1, for a reasoning-intensive VQA task
set in partially observable scenarios involving ex-
ternal knowledge in the form of constraints. The
dataset consists of pairs of an image, representing
a partial scene (B in Figure 1a) in some environ-
ment (D1 in Figure 1a where the environment is
defined by a set of constraints), and a question in
natural language about some hidden/missing ob-
ject (C in Figure 1a) in the scene. Although in
the literature, there exist datasets for QA tasks in
partially observable environments (e.g., CLEVR-
dialog (Kottur et al., 2019), Visual Dialog (Das
et al., 2017), GuessWhat? (De Vries et al., 2017)),

1The source code associated with this research
project is openly accessible at https://github.com/
savithasam88/CLEVR-POC/tree/master

https://github.com/savithasam88/CLEVR-POC/tree/master
https://github.com/savithasam88/CLEVR-POC/tree/master
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(a) The different components in VQA tasks.

(b) The different VQA tasks are based on expected inputs and outputs and the number of agents involved.

Figure 1: VQA task components and types of VQA tasks

these do not come with additional background
knowledge. The challenge presented in CLEVR-
POC necessitates the integration of knowledge
and multi-step reasoning involving eliminative in-
duction, into perception systems driven by learn-
ing. Given that the knowledge associated with
a scene typically varies depending on the spe-
cific environment involved, it is not a constant
across the dataset. It becomes challenging for a
learning system to simply memorize this knowl-
edge during training iterations. Moreover, be-
cause this knowledge is environment-specific, em-
ploying Large Language Models (LLMs) such as
GPT as the source of knowledge, as demonstrated
in some of the recent works like (Zhou et al., 2023)
and (Shah et al., 2023), does not yield favorable
results. We substantiate these assertions through
empirical experiments.
The contributions of this paper are as follows:

• We introduce a dataset, CLEVR-POC, that in-
troduces the task of reasoning-intensive VQA
- given a partial scene, the constraints (knowl-
edge) to which the scene conforms and a
question about a hidden object in the scene,
find the set of all plausible answers.

• We evaluate the performance of state-of-the-
art pre-trained vision language and large lan-
guage models on CLEVR-POC.

• We demonstrate that the synergistic use of
LLMs alongside a visual perception network
and a formal reasoning system with access
to external knowledge can efficiently and ef-
fectively address the challenges presented by
CLEVR-POC.

The organization of the paper is as follows. Sec-
tion 2 provides an overview of existing work in

VQA, focusing on various VQA datasets and
briefly discussing LLMs for reasoning. Section
3 delves into the detailed process of generat-
ing CLEVR-POC, while Section 4 outlines the re-
search questions explored in this study. Addition-
ally, this section presents the experiments con-
ducted on CLEVR-POC and the corresponding re-
sults.

2. Related Work
In this section, we provide an overview of research
in two domains - datasets in VQA and LLMs and
reasoning.

2.1. Datasets in VQA
A VQA task may involve various combinations of
the different components shown in Figure 1a - a
complete scene (A), a partial scene (B), a ques-
tion (C) about the scene, external knowledge in
the form of rules/constraints (D1), or facts in knowl-
edge graphs (D2), and the set of plausible answers
to the question (E). Each combination results in a
different VQA task (see Figure 1b).

2.2. Types of VQA Tasks
2.2.1. Task 1
Given a complete scene, and a question about
an object in the scene, find the answer to the
question. Since the scene is complete, the agent
can come up with the exact answer implying that
the solution set E has just one element (|E| = 1).
DAQUAR (Malinowski and Fritz, 2014), VQA (An-
tol et al., 2015), CLEVR (Johnson et al., 2017) are
datasets in this category.

2.2.2. Task 2
Given a complete scene, a question about one
of the objects in the scene and external knowl-
edge about objects (in the form of triples - D2), find
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the answer to the question leveraging this external
knowledge. FVQA (fact-based VQA) (Wang et al.,
2017), and KVQA (knowledge aware VQA) (Shah
et al., 2019) are datasets in this category.

2.2.3. Task 3
While the above two tasks involve a single agent
being posed with a scene and a question, this cat-
egory of VQA tasks involves more than one agent.
One of the agents has access to the complete
scene while the other agent is provided with a par-
tial scene and a question. Answering the ques-
tion requires the agents to interact with each other.
CLEVR-dialog (Kottur et al., 2019), Visual Dialog
(Das et al., 2017), Guess What? (De Vries et al.,
2017) are datasets handling Task 3.

2.2.4. Task 4 (CLEVR-POC)
Given a partial scene, knowledge in the form of
rules (constraints) about the environment to which
the scene conforms and a question about the hid-
den object in the scene, find the set of all plausi-
ble answers to the question. Since the question
is about a hidden object (for example, about the
shape of the object), it may not be always possi-
ble to provide an exact solution. Answering the
question is more about eliminating all cases that
are inconsistent with the background knowledge
(for example: given the knowledge - there are no
spheres in this environment) and returning all con-
sistent answers as the solution (the shape is a
cone or a cylinder or a cube, which is why |E| ≥ 1).
In contrast to Task 2, where the knowledge graph
encompasses general world facts (e.g.,“cows are
herbivores”), the knowledge in this context is con-
siderably more specific to an environment. While
an LLM can be presumed to possess awareness of
the former category of knowledge, the same can-
not be said for the latter.

2.3. LLMs and Reasoning
In this paper, our emphasis lies on the process
of reasoning which depends on a formal system
grounded in logical rules and principles. Such a
system ensures that all transformations or manip-
ulations of symbols within it, leading to new in-
ferences, adhere to the logical rules and princi-
ples governing the system (MacColl, 1897). While
LLMs can also be seen as performing symbolic
manipulations, these manipulations unlike tradi-
tional symbolic reasoning are based on statis-
tical associations or patterns learned from data
(Huang and Chang, 2023), because of which it
may or may not be logically sound. Despite the
progress in the development of large language
models (LLMs), many still struggle with a deep
understanding of symbols like humans do (Abra-
ham and Alirezaie, 2022; Yao et al., 2022). To ad-
dress this gap, there are ongoing efforts to create

benchmarks (Huang and Chang, 2023), like the
proposed CLEVR-POC, to evaluate the reasoning
capabilities of LLMs.
In CLEVR-POC, we introduce a VQA task that
involves constraint-based reasoning, a form of
logical reasoning, where the generated response
must satisfy a set of constraints given. These
benchmarks are used to assess the capacity of
language models in handling symbolic reasoning,
contributing to the advancements in the develop-
ment of more logically sound systems.

3. The CLEVR-POC Dataset
Now we describe in detail the generation of the
CLEVR-POC dataset. The dataset, as the name
suggests, is based on the CLEVR (Johnson et al.,
2017) dataset, which generated scenes with ge-
ometrical shapes. Each object is associated with
four attributes - color, shape, material, and size.
The objects in CLEVR-POC can have one of the
four shapes - cone, sphere, cylinder, and cube,
three sizes - large, medium, and small, two materi-
als - rubber and metal, and eight colors - red, blue,
green, yellow, gray, brown and purple. Besides
these four attributes, since a scene is divided into
four regions (see Figure 1a), CLEVR-POC also as-
sociates an object with the region it is in - 0, 1, 2 or
3. Each object belongs to exactly one region. Di-
vision of a scene into regions enables the specifi-
cation of constraints at multiple levels.

• Region-based constraints - for example, all
objects in Region 0 are of shapes cube or
cylinder. These constraints must be satisfied
by objects in the corresponding region.

• Across-region constraints - for example, the
total number of objects sharing the same color
in regions 1 and 2 is not more than 2. These
are constraints specified across two regions.

• Generic constraints - for example, there are
at least two cubes in the scene. These con-
straints apply to the whole scene.

One of the major points of distinction in the scene
generation process of CLEVR-POC from the orig-
inal CLEVR is that the scenes in CLEVR-POC are
generated such that they conform to a chosen set
of constraints. The steps in creating an instance i
in the dataset are:

• Generating an environment - Environmenti,
defined by a set of constraints.

• Generating a complete scene graph,
Completei, that conforms to Environmenti.

• Generating the partial scene graph, Partiali
by removing one of the objects, Obji, from
Completei.
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Template-1 (Value Restriction)
:- object(X),at(X, R’), not hasProperty(X, P1’, V1’).
Translation All objects at region R’ have value V1’ for the property P1’.
An instantiation :- object(X),at(X, 0), not hasProperty(X, color, red).
Template-2 (Negation Constraint)
:- object(X), at(X, R’), hasProperty(X, P1’, V1’).
Translation All objects at region R’ cannot have value V1’ for the property P1’.
An instantiation :- object(X), at(X, 0), hasProperty(X, material, metal).
Template-3 (Exactly N Constraint)
:- #count{X: hasProperty(X, P1’, V1’), object(X), at(X, R’)}!=N’
Translation There are exactly N’ objects at region R’ with value V1’ for the property P1’.
An instantiation :- #count{X: hasProperty(X, size, small), object(X), at(X, R’)}!=2
Template-4 (Atleast N Constraint)
:- #count{X1, X2: sameProperty(X1, X2, P1’), object(X1), object(X2), at(X1, R1’), at(X2,
R2’)} < N’.
Translation There are at least N ′ pairs of objects at regions R1’ and R2’ that has the same
value V1’ for the property P1’.
An instantiation :- #count{X1, X2: sameProperty(X1, X2, shape), object(X1), object(X2),
at(X1, 1), at(X2, 2)}<1.
Template-5 (OR Constraint)
:- object(X), at(X, R’), not hasProperty(X, P1’, V1’), not hasProperty(X, P1’, V2’).
Translation All objects in region R’ have value V1’ for property P1’ or V2’ for property P2’.
An instantiation :- object(X), at(X, 1), not hasProperty(X, color, yellow), not hasProperty(X,
color, blue).

Table 1: A few constraint templates

• Generating a question, Qi, about the partial
scene with object of interest Obji.

3.1. Environment Representation
An environment in CLEVR-POC is defined by a
set of constraints. We provide a set of 11 con-
straint templates with CLEVR-POC that are ex-
pressed in answer set programming (ASP)2. Each
environment is created by at most 15 different in-
stantiations of these templates, provided there are
at least two constraints associated with each re-
gion. A few example constraint templates with
their translation in English and an instantiation are
shown in Table 1. Around 30 different environ-
ments are generated (see Appendix A for an ex-
ample) and the scenes in the dataset belong to one
of these 30 environments - the dataset generation
process ensures that the scenes are uniformly dis-
tributed across the 30 environments.

3.2. Scene Representation
CLEVR represented a scene in the form of a scene
graph whose nodes represented objects anno-
tated with its attributes and edges denoted the
spatial relations (left, right, front, behind) between
objects. In CLEVR-POC, besides the scene graph
representation, we also represent a scene in ASP.
Below we show part of the ASP representation of
the partial scene in Figure 1a.

%Objects in the scene

2ASP is a declarative programming paradigm applied
to solve complex search problems (Lifschitz, 2008)

object(0). object(1). object(2). object(3).

%Attributes of objects
at(0, 2).
hasProperty(0, color, green).
hasProperty(0, size, large).
hasProperty(0, material, rubber).
hasProperty(0, shape, cylinder).
....
%Spatial relations between objects
front(1, 0). right(1, 0). ...

The predicate object is used to define the dif-
ferent objects (denoted using identifiers - 0, 1,
..). hasProperty(Object, Attribute, Value)
associates a Value for an Attribute of an
Object. at(Object, Region) represents the re-
gion where the object is located. The spatial
relations between objects are represented with
predicates left, right, front, behind - for ex-
ample, left(Object1, Object2) represents that
Object2 is located left of Object1.

3.3. Image Generation
While the images in CLEVR are generated from
a randomly sampled scene graph, CLEVR-POC
generates its images from scene graphs known
to adhere to constraints defining an environment.
Scene graph creation is thus a reasoning prob-
lem - given an environment (constraints in ASP)
and a desired number of objects (n) in the scene,
the goal is to assign each object to one of the
four regions and propose values to color, size,
shape, and material that are consistent with the
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(a) Pipeline for generating environment and complete scenes in that environment.

(b) Pipeline for generating partial scenes, and questions and then labeling them with answers.

Figure 2: Two steps in dataset generation process: Figure 2a shows the first step - environment gener-
ation from constraint templates and generating complete scenes satisfying these constraints. Figure 2b
shows Step 2 - partial scene and question generation from a complete scene.

constraints in the environment. An ASP reason-
ing engine solves this problem - each answer (a
consistent property-value assignment for the n ob-
jects) in the answer set returned is a scene graph
or a possible configuration of the objects in the
scene. Since there are many possible configu-
rations - we randomly sample a million of these
scene graphs for the subsequent image genera-
tion phase. A scene graph is then rendered us-
ing Blender3. The image representing the partial
scene is generated from a partial scene graph con-
structed from the actual scene graph by randomly
removing one of the objects from it. Figure 2a
shows the scene graph construction process.

3.4. Question Representation
The questions in CLEVR-POC query about one of
the four attributes - color, size, shape, and ma-
terial of the missing/hidden object in the partial
scene. Besides representing the questions us-
ing an equivalent functional program as in CLEVR,
CLEVR-POC also represents it in ASP. An exam-
ple question and its ASP form are shown below:

Question:
What is the color of the other cylinder that is
the same material as the medium red thing?

query(Q):- hasProperty(X,color,Q),
hasProperty(X,shape,cylinder),
hasProperty(Y,size,medium),
hasProperty(Y,color,red),
same_material(Y,X),
X!=Y.

If the query is about attribute A, A ∈
{color, size,material, shape}, the questions

3https://www.blender.org/

are generated such that the cardinality of the set
of possible solutions (S) is 1 ≤ |S| < |A|, where
|A| is the set of all values for the attribute A (for
example |size| = 3 = |{large,medium, small}|).
If the question generated has |A| solutions (for
instance, a solution like, ‘size is large or small or
medium’ is true for any question), it is considered
invalid. The questions are balanced across the
question types (that depend on the query attribute
- see Appendix B for the distribution). It should
be noted that the solution space of CLEVR-POC
questions is 16 times that of CLEVR as the
solutions expected are not always a single value,
but a set of values.

3.5. Question Generation
The question in CLEVR-POC is generated from
the question templates available in CLEVR. We
avoid the yes/no (existence, comparison) and
counting questions and focus on just the attribute
querying templates. An example template is as
follows:

What shape is the < Z2 > (size) <
C2 > (color) < M2 > (material) [that is]
< R > (relation) the < Z > (size) < C >
(color) < M > (material) < S > (shape)?

Question template instantiation is done based on
the complete scene graph of the associated im-
age. The object of interest is always the object
that is removed from the complete scene to gener-
ate the partial scene graph. The query attribute is
picked such that it satisfies the question type bal-
ancing requirements. The known attributes of the
query object (filling the slots < Z2 > or < C2 >
or < M2 > in the above template) are randomly
selected. While the filler for the slot < R > (one

https://www.blender.org/
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of the left, right, front, behind) is randomly picked,
the reference object in the query is picked based
on the spatial relations available in the complete
scene - picking one of the objects that are in< R >
relation of the query object.
The ASP representations of the question, the in-
complete scene, and the constraints in the envi-
ronment are given to an ASP solver to identify the
set of possible values for the query attribute. Fig-
ure 2b shows the pipeline of question generation.
Refer to Appendix A and B for a detailed example
and statistics of CLEVR-POC.

4. Experiments
The experiments are designed to answer the fol-
lowing research questions (RQ):

• RQ1: How do neural-based vision language
models perform on reasoning-intensive VQA
tasks (with an emphasis on symbolic knowl-
edge representation and reasoning)?

• RQ2: How well do neuro-symbolic vision
language architectures handle reasoning-
intensive VQA tasks (in the context of map-
ping raw inputs to symbolic space)?

• RQ3: How can we leverage LLMs in
reasoning-intensive VQA tasks and what are
the challenges associated with it?

In the sections following, we describe the methods
implemented to answer these questions.

4.1. Methods
4.1.1. CLIP-based model
CLIP (Contrastive Language Image Pre-training)
(Radford et al., 2021) is a vision-language model
that is trained to align pairs of text and images
to a unified space. We experimented with the
CLIP model to investigate RQ1. Figure 3 shows
the architecture of a CLIP-based model to solve
CLEVR-POC. The pre-trained vision transformer
(ViT-B/32) and the text encoders (masked self-
attention) in CLIP are leveraged to obtain en-
codings for the incomplete scene and the ques-
tion. The encoding for the environment is obtained
from its constraints. A pre-trained GPT-2 (Rad-
ford et al., 2019) model is used to encode the con-
straints. As GPT-2 is more language-oriented, we
input the natural language version of ASP con-
straints (while experimenting with ASP-form con-
straints to assess their impact on performance).
The problem is formulated as a multi-label classifi-
cation problem where the output is one or more of
the following 17 labels - {red, blue, green, yellow,
cyan, brown, gray, purple, rubber, metal, large,
small, medium, cone, cube, cylinder, sphere}.
Hence, the three encodings are passed to a multi-
label classifier (feed-forward network) which is the

only module of the whole model that is trained
from scratch. The classifier is trained with a
weighted binary cross entropy loss function (Ho
and Wookey, 2019) that gives more penalty to the
wrong prediction of minority class (as most of the
labels in the output are 0, except for the ones in the
answer - a false negative is given more penalty).
For each of the 17 labels, the weighted cross en-
tropy loss is thus defined as below:

WCE (y, ŷ) = − (βy log(ŷ) + (1− y) log(1− ŷ)) (1)

β is the weight (is set > 1 to penalize false nega-
tives)4, y is the ground truth, ŷ is the prediction.

4.1.2. Neuro-Symbolic Visual Question
Answering

The architecture for the neuro-symbolic approach
to solving CLEVR-POC task is shown in Figure
4. The idea is to convert both the image and the
question into a unified space as in CLIP, with the
difference that this space is symbolic (scene graph
and question in ASP). The architecture is based
on the state-of-the-art neuro-symbolic approach
on the CLEVR dataset, NS-VQA (Yi et al., 2018)
and will be used here to study aspects of RQ2. We
modify this architecture to include an ASP solver
that takes as input - the scene in ASP, the question
in ASP, and the environment constraints in ASP to
derive the answer to the question.
The question parser, (a Bidirectional Long Short
Term Memory (BiLSTM) sequence to sequence
model) is trained as in NS-VQA using REIN-
FORCE - the reward is positive if the ASP program
generated by the parser results in the correct an-
swer, else it is 0. The question parser is initially
pre-trained in a fully supervised way with a small
sample of (question, ASP program) pairs.
The image perception network in NS-VQA is
based on Detectron (Girshick et al., 2018) and it
was trained independently of the question parser
in a supervised way. The ASP solver used is the
same as the one used during the dataset genera-
tion phase.

4.1.3. LLMs for solving CLEVR-POC
LLMs are leveraged in two ways for solving a rea-
soning task like CLEVR-POC.
LLM as question parser in NS-VQA: In this ap-
proach, we use LLM as a question parser - con-
verting the question into a semantic representa-
tion like ASP. The image is converted to a scene
graph as done in NS-VQA. Both semantic repre-
sentations are then passed on to a formal reasoner
like an ASP solver to derive solutions consistent
with the constraints.
Stand-alone LLM: The second approach is to pro-
vide both the image description and the question

4The results in Section 4.3 are for β = 5.
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Figure 3: CLIP for CLEVR-POC

Figure 4: NS-VQA for CLEVR-POC - architecture is updated with an ASP solver

along with the constraints (in NL) as input to LLM
and generate as a response the consistent solu-
tions. We, here, assume as done in NS-VQA that
the scene graphs are accurate, as our focus is on
evaluating LLMs’ ability to perform symbolic rea-
soning. CLEVR-POC, a synthetic dataset where
environment-specific knowledge is not fixed, can
assess LLMs’ symbolic reasoning ability without
data contamination (where the dataset becomes
unusable once it has been exploited).
The LLM used in the experiments is GPT-4 (Ope-
nAI, 2023) (See Appendix C for details about
prompts used).

4.2. Evaluation
Let A = {a1, a2,..} denote the set of values in the
actual answer and P = {p1, p2,..} denote the pre-
dicted answer set. We evaluate the performance
of the two approaches on CLEVR-POC using the
two metrics based on accuracy.
Exact Accuracy checks whether the prediction
made is exactly accurate, i.e., A is exactly equal
to P .

Exact_Accuracy(A,P ) =

{
1 if x ∈ A ⇐⇒ x ∈ P

0 otherwise
(2)

Jaccard Index computes the similarity between

the actual answer and predicted answer sets as:

Jaccard_Index (A,P ) =
|A ∩ P |
|A ∪ P | (3)

The value of Jaccard_Index is between 0 (no com-
mon elements) and 1 (exact match). It gives some
credit for partially correct answers as well.

4.3. Results
Tables 2a and 2b show the results for exact and
partial answer accuracies respectively for NS-
VQA, CLIP-based models, and stand-alone GPT-
4 on CLEVR-POC. While NS-VQA (BiLSTM) uses
a BiLSTM trained from scratch as the question
parser, NS-VQA (GPT-4) uses pre-trained GPT-
4 as the question parser. We experimented with
varying dataset sizes - 2000, 6000, and then 12000
instances. 5 It can be seen that with a multifold
increase in the dataset size, there is an improve-
ment in the answer accuracy, but the performance
is not satisfactory.
RQ1 - CLIP-based model analysis: Since the
question is not about some object in the scene,
and the set of constraints to be satisfied is also not
fixed across the instances in the dataset, it is chal-
lenging to learn a mapping from the three inputs

5The models are trained on Intel® CoreTM i7-
12700K, 32GB RAM, and an NVIDIA GeForce RTX
3080 Ti for training.
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Dataset NS-VQA (BiLSTM) NS-VQA (GPT-4) CLIP-ASP CLIP-NL CLIP (no knowledge) GPT-4
2000 0.0200 0.9250 0.0350 0.0600 0.0500 0.4626
6000 0.1516 0.9550 0.1500 0.1700 0.1183 -
12000 0.2308 0.9441 0.1800 0.2283 0.1483 -

(a) Exact answer accuracies of CLIP, NS-VQA and GPT-4 models on CLEVR-POC.
Dataset NS-VQA (Bi-LSTM) NS-VQA (GPT-4) CLIP-ASP CLIP-NL CLIP (no knowledge) GPT-4
2000 0.0591 0.9287 0.1000 0.1557 0.1412 0.5164
6000 0.3602 0.9578 0.3100 0.3403 0.2447 -
12000 0.4331 0.9496 0.3600 0.4465 0.2912 -

(b) Jaccard Index of CLIP, NS-VQA and GPT-4 models on CLEVR-POC

Table 2: Exact accuracies and Jaccard index scores of NS-VQA with BiLSTM and GPT-4 as question
parsers, CLIP and GPT-4 on CLEVR-POC. CLIP-NL and CLIP-ASP take constraints in natural language
and ASP, respectively. CLIP (no knowledge) is the performance of CLIP without constraints.

Sample Size PA (after pre-training) PA (after REINFORCE) PA (GPT-4)
28 (prompt size) - - 0.9250

≈ 200 0.0512 0 -
≈ 1000 0.4487 0.0366 -
≈ 2000 0.5043 0 -

Table 3: Drop of program accuracies (PA) after REINFORCE and the performance of GPT-4 provided
with just 28 (question, ASP program) pairs as prompt.

(the incomplete scene, the natural language ques-
tion, and the constraints) to the output set of plau-
sible values. Table 2 shows three sets of results for
CLIP. The columns CLIP-NL and CLIP-ASP corre-
spond to instances of CLIP where the constraints
are given in natural language and ASP respec-
tively. It should be noted that CLIP-NL performs
better than CLIP-ASP, suggesting that represent-
ing symbolic knowledge in natural language may
be ideal while incorporating knowledge into neu-
ral frameworks for QA. The performance of CLIP
on CLEVR-POC when no external knowledge is
provided is shown in the column CLIP (no knowl-
edge). Although without the external knowledge
CLIP’s performance drops, there is not much of
a difference indicating that we need to consider
better techniques for incorporating such symbolic
constraints into neural frameworks. This points us
toward existing neuro-symbolic frameworks.

RQ2 - NS-VQA analysis: While neural mod-
els failed in symbolic reasoning and incorporat-
ing symbolic knowledge into the network, it can
be seen that the major challenge faced by neuro-
symbolic architectures lies not in reasoning but in
mapping image or question to a symbolic repre-
sentation in the absence of ground truth seman-
tic representations. In our experiments, we focus
on language perception while assuming 100% ac-
curacy in image perception. Tackling both per-
ceptions simultaneously is even more formidable
without access to ground truth representations.
Hence, the poor performance of NS-VQA (see
column NS-VQA (BiLSTM) in Tables 2a and 2b)
can be solely attributed to the failure of REIN-
FORCE in learning accurate ASP programs. As
mentioned in Section 4.1.2, a BiLSTM is initially
pre-trained in a supervised fashion with a few ex-

amples. We experimented by varying the num-
ber of examples provided for pre-training. Table
3 shows the program accuarcy after pre-training
with around 200, 1000 and 2000 pairs of<question,
ASP program>. When these pre-trained models
are further trained with REINFORCE, there is a
drastic drop in the program accuracy as the fo-
cus of the REINFORCE algorithm is on coming up
with the correct answer independent of the pro-
gram’s accuracy. This fall is observed even with
the original CLEVR dataset. The chances of de-
riving the correct answer even with a wrong pro-
gram by a fluke are higher in the case of CLEVR
compared to CLEVR-POC considering the larger
solution space of CLEVR-POC (see Section 3.4).
REINFORCE clearly fails to learn ASP programs
through weak supervision even when it initiates its
training from a proficient model.
RQ3 - LLM Analysis: In the first experiment we
used GPT-4 as a question parser. The BiLSTM-
based question parser of NS-VQA is replaced
with GPT-4 (the results are shown in column NS-
VQA(GPT-4) in Tables 2a and 2b). The model
is provided with just 28 (question, ASP program)
pairs of examples as prompts. GPT-4 with no fine
tuning was able to accurately predict the equiva-
lent ASP programs.
The stand-alone GPT-4 approach gave less than
50% exact accuracy. The evidence indicates that
employing GPT-4 as a question parser to trans-
late the question into an ASP program and subse-
quently utilizing an ASP reasoning engine leads to
better results compared to placing the entire bur-
den of symbolic reasoning on GPT-4. It should
also be noted that GPT-4 with no data-specific
training performed better than CLIP and NS-VQA
(BiLSTM). There is still room for improvement with
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some fine-tuning.

5. Discussion

We now discuss important challenges that our
dataset and work point to.
Reasoning and LLM: The experiments showed
that the direct application of LLMs is not a good
solution for such reasoning-intensive tasks. (Ma-
howald et al., 2023) also discusses the limitations
of LLMs in formal reasoning tasks. Our experi-
ments showed that a more appropriate approach
to harnessing LLMs involved relieving them of
the task of symbolic reasoning and instead em-
ploying them for generating symbolic representa-
tions. Progressing even further entails discovering
mechanisms for seamlessly incorporating specific
knowledge into LLMs and generating responses
that are consistent with this knowledge.
Symbolic knowledge in visual perception net-
work: Although the focus of this paper was on lan-
guage and reasoning, it may be noted that knowl-
edge in the form of constraints in CLEVR-POC can
play a significant role during image perception as
it can provide hints on what can or cannot be in
the image. This is a form of weak supervision
which is also required in the absence of ground
truth scene graphs to accelerate the learning pro-
cess. Developing neuro-symbolic models with
a stronger feedback mechanism for visual per-
ception, such as DeepProbLog (Manhaeve et al.,
2018), NeurASP (Yang et al., 2020), Semantic-
Loss (Xu et al., 2018) and LTN (Serafini and
Garcez, 2016)), would help in faster convergence.
The aforementioned frameworks, however, can-
not still be applied to VQA tasks due to scalability
issues.

6. Conclusion

Humans often have to interact with the partially ob-
servable environment. In light of the need to deal
with the inherent uncertainty in knowledge-rich
real-world scenarios, this work aimed to establish
a benchmark for evaluating reasoning-intensive
VQA in partially observable environments. Ap-
plying the benchmark to stand-alone LLMs and
other vision-language models yielded disappoint-
ing results due to their inability to perform symbolic
reasoning. We also demonstrated that combining
LLM with a visual perception network and a formal
reasoner produced positive results.
Future directions involve developing visual per-
ception networks with knowledge-guided supervi-
sion, enhancing LLMs’ reasoning capabilities, and
moving CLEVR-POC to an embodied setup like vi-
sion language navigation.
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Figure 5: A complete and incomplete scene from
CLEVR-POC

A. An example from CLEVR-POC
Complete and incomplete scene: Figure 5 is an
example of a complete scene and the incomplete
scene generated from it by hiding the small red
rubber sphere.
Environment Every scene is generated such that
it satisfies the constraints in an environment. The
following are the general rules shared by all envi-
ronments in CLEVR-POC.

1. property(color, gray). property(color, red).
2. property(color, blue). property(color, green).
3. property(color, brown). property(color, purple).
4. property(color, cyan). property(color, yellow).
5. property(shape, cube). property(shape, cylinder).
6. property(shape, sphere). property(shape, cone).
7. property(size, small). property(size, medium).
8. property(size, large).
9. property(material, rubber).

property(material, metal).
10. region(0). region(1). region(2). region(3).
11. right_R(0, 0). right_R(0, 1). right_R(0, 2).

right_R(0, 3).
12. right_R(1, 1). right_R(1, 3).
13. right_R(2, 0). right_R(2, 1). right_R(2, 2).

right_R(2, 3).
14. right_R(3, 1). right_R(3, 3).
15. left_R(R1, R2) :- right_R(R2, R1).
16. front_R(0, 0). front_R(0, 1). front_R(0, 2).

front_R(0, 3).
17. front_R(1, 0). front_R(1, 1). front_R(1, 2).

front_R(1, 3).
18. front_R(2, 2). front_R(2, 3).
19. front_R(3, 2). front_R(3, 3).
20. behind_R(R1, R2) :- front_R(R2, R1).
21. sameProperty(X1, X2, P) :- hasProperty(X1,P,V),}
22. hasProperty(X2,P,V), X1!=X2.
23. same_color(X,Y):- sameProperty(X, Y, color).
24. same_size(X,Y):- sameProperty(X, Y, size).
25. same_shape(X,Y):- sameProperty(X, Y, shape).
26. same_material(X,Y):- sameProperty(X, Y, material).
27. 1{hasProperty(X, color, V) :
28. property(color, V)}1 :- object(X).
29. 1{hasProperty(X, material, V) :
30. property(material, V)}1 :- object(X).
31. 1{hasProperty(X, shape, V) :
32. property(shape, V)}1 :- object(X).
33. 1{hasProperty(X, size, V) :
34. property(size, V)}1 :- object(X).
35.1{at(X, R): region(R)}1 :- object(X).
36.:- sameProperty(X1, X2, color),
37. sameProperty(X1, X2, material),
38. sameProperty(X1, X2, size)},
39. sameProperty(X1, X2, shape),
40. object(X1), object(X2), X1!=X2.
41.exceed_region_capacity(R) :-
42. #count{X: object(X), at(X, R)} >= 4, region(R).
43:- exceed_region_capacity(_).

Environment’s general rules in natural language:

1-9. Objects must have 4 properties. They are color,
shape, size, and material.

1-4. Objects can be in one of the 8 colors. It can
be gray, or red, or blue, or green, or brown,
or purple, or cyan, or yellow.

5-6. Objects can be in one of the 4 shapes.
It can be cube, or a cylinder, or a sphere or cone.

7-8. Objects can be in one of the 3 sizes.
It can be small, medium, or large.

9. Objects can be in one of the 2 materials.
It can be rubber or metal.

10. The scene is divided into 4 regions.
They are named 0, 1, 2, 3.

11. If there are two objects, the first object is
located in region 0 and the second object is to
the right of the first object, then the location
of the second object is either in region 0, 1, or
2, or 3.

12. If there are two objects, the first object is
located in region 1 and the second object is to
the right of the first object, then the location
of the second object is either in region 1, or 3.

13. If there are two objects, the first object is
located in region 2 and the second object is to
the right of the first object, then the location
of the second object is either in region 0, 1, 2, or 3.

14. If there are two objects, the first object is
located in region 3 and the second object is to
the right of the first object, then the location
of the second object is either in region 1, or 3.

15. If there are two objects, the first object is
to the right of the second object, then the second
the object is to the left of the first object.

16. If there are two objects, the first object is
located in region 0 and the second object is in
front of the first object, then the location of
the second object is either in region 0, 1, or
2, or 3.

17. If there are two objects, the first object is
located in region 1 and the second object is in
front of the first object, then the location of
the second object is either in region 0, 1, or
2, or 3.

18. If there are two objects, the first object is
located in region 2 and the second object is in
front of the first object, then the location of
second object is either in region 2, or 3.

19. If there are two objects, the first object is
located in region 3 and the second object is in
front of the first object, then the location of
the second object is either in region 2, or 3.

20. If there are two objects, the first object is
in front of the second object, then the second
the object is behind the first object.

27-28. Every object must be assigned exactly one
value for color.

29-30. Every object must be assigned exactly one
value for the material.

31-32. Every object must be assigned exactly one
value for shape.

33-34. Every object must be assigned exactly one
value for size.

35. Every object must be assigned exactly one value
for region.

36-40. Two different objects cannot have the same values
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for all the 4 properties.

41-43. Every region can have at most 3 objects.

The following constraints in ASP represent the
specific environment to which the scene in Figure
5 belongs.

44. object(0..4).
45. :- object(X), at(X, 0),

hasProperty(X, size, large).
46. :- object(X), at(X, 0),

hasProperty(X, shape, cylinder).
47. :- object(X), at(X, 0),

hasProperty(X, shape, cone).
48. :- object(X), at(X, 1),

hasProperty(X, size, small).
49. :- object(X), at(X, 1),

hasProperty(X, shape, cone).
50. :- object(X), at(X, 1),

hasProperty(X, material, rubber).
51. :- object(X), at(X, 1),

hasProperty(X, shape, cube).
52. :- object(X), at(X, 2),

not hasProperty(X, size, medium).
53. :- object(X), at(X, 2),

not hasProperty(X, material, metal).
54. :- object(X), at(X, 2),

hasProperty(X, material, rubber).
55. :- object(X), at(X, 2),

hasProperty(X, shape, sphere).
56. :- object(X), at(X, 2),

hasProperty(X, shape, cube).
57. :- object(X), at(X, 3),

hasProperty(X, size, small).
58 :- object(X), at(X, 3),

not hasProperty(X, material, metal),
59. not hasProperty(X, color, blue).
60. :- #count{X1, X2: sameProperty(X1, X2, shape),
61. object(X1), object(X2), at(X1, 3), at(X2, 2),
62. hasProperty(X1, color, yellow),
63. hasProperty(X2, color, yellow)} >= 4.
64. :- #count{X1, X2: sameProperty(X1, X2, color),
65. object(X1), object(X2),
66. at(X1, 0), at(X2, 3)} >= 2.

The following is a natural language interpretation
of each line of the preceding rules.

44. There are 5 objects in the scene.
45. There are no large size objects in region 0.
46. There are no cylinder shape objects in region 0.
47. There are no cone shape objects in region 0.
48. There are no small size objects in region 1.
49. There are no cone shape objects in region 1.
50. There are no rubber material objects in region 1.
51. There are no cube shape objects in region 1.
52. All objects in region 2 have medium size.
53. All objects in region 2 have metal material.
54. There are no rubber material objects in region 2.
55. There are no sphere shape objects in region 2.
56. There are no cube shape objects in region 2.
57. There are no small size objects in region 3.
58-59. All objects in region 3 have either metal
material or blue color.
60-63. There are at most 1 pairs of color yellow
objects with the same shape in regions 3 and 2
together.
64-66. There are at most 0 pairs of objects with the
same color in regions 0 and 3 together.

Question: For each given incomplete scene, we
generate one question about (any property) of the
missing object. The following is the question in
natural language that is associated with the in-
complete scene in Figure 5:

There is another red rubber object that is the
same shape as the big purple object; what size
is it?

The following is the same question represented
in ASP:

1. missing(Q) :-
2. hasProperty(X,size,Q),
3. hasProperty(X,material,rubber),
4. hasProperty(X,color,red),
5. hasProperty(Y,color,purple),
6. hasProperty(Y,size,large),
7. X!=Y,
8. same_shape(Y,X).

Answer set: The answer set for the above ques-
tion that satisfies the constraints in the specified
environment is:

{small, medium}

Reasoning Steps: The reasoning involved in de-
riving the answer set from the question, the incom-
plete scene, and the constraints in the specified
environment is given below.

• Interpreting each line of the question:

1. What are the possible values for Q such that:
2. Q is size of the missing object,
3. the missing object's material is rubber,
4. the missing object's color is red,
5. the reference object's color is purple,
6. the reference object's size is large,
7. the missing object is not equal to the

reference object,
8. the missing object's shape = the

reference object's shape.

• Inferring the missing object’s properties:
from the scene graph: =>

8. the reference object's shape is a sphere.
9. => The missing object's shape is also a sphere.
10. => The missing object is a red rubber sphere.

• Inferring the missing object’s possible re-
gions based on the rules listed as the
Environment’s constraints:

Among the four regions:

A red rubber sphere CAN be located at region 0,
as none of the constraints in lines 45-47 is
violated.

A red rubber sphere CAN'T be located in region
1, as it violates the constraint about the
material at line 50.

A red rubber sphere CAN'T be located in region
2, as it violates the constraints in lines 53,
54, and 55.

A red rubber sphere CAN'T be located in region
3, as it violates the constraints in lines 58-59.

=> The missing red rubber sphere is located at
region 0.

• Inferring the possible answer set for the prop-
erty of interest w.r.t the inferred location of the
missing object:
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Figure 6: (a) Question templates distribution (b) Distribution of query attributes with object counts be-
tween 5 to 9.

There are 3 possible values for the size
property:
small, medium, large.

The environment constraint at line 45 discards
the large size for region 0.

=> The possible answer set for Q is:
small, medium.

B. Dataset Statistics
Distribution across question templates: Figure
6 (a) shows the distribution of questions across dif-
ferent question templates. Six templates present
in the original CLEVR dataset are used in CLEVR-
POC.
Distribution of query attributes with number of
objects in the scene: Figure 6 (b) shows the dis-
tribution of questions of a specific type based on
the number of objects in the scene.
Distribution across question types: The type
of question asked depends on the attribute of the
object that is being inquired about. The genera-
tion process enables the user to have control over
this distribution. For instance, when generating
the specific dataset that was used in the experi-
ments, we established the following criteria: 40%
of the questions pertain to the color attribute, an-
other 40% focus on the shape attribute, 10% ad-
dress the size attribute, and the remaining 10% re-
late to the material attribute. We made this selec-
tion based on the observation that attributes like
color and shape encompasses a larger set of val-
ues (8 values for color and 4 for shape) in compar-
ison to material (which has just two values). Con-
sequently, the solution space for questions cen-
tered around color is more extensive than that for

material, resulting in amore diverse solution space
for the dataset. Figure 7 (a) displays the question
type distribution of the dataset generated based on
this setting.
Distribution across solutions: Figure 7 (b), (c),
(d), and (e) illustrate the distribution of potential
solutions for various question types: size, shape,
material, and color, respectively. We aim for a bal-
anced distribution, avoiding a situation where the
majority of questions lead to the same set of an-
swers. For instance, when a question pertains to
the size of an object, its possible solutions could be
one of {large, medium} or {large, small}, or {small,
medium} or {large}, or {medium} or {small} as de-
picted in Figure 7 (b). Since the possible solutions
for questions with query attribute color are large
(as color can take 8 values), the entire space is
not listed in Figure 7(e). However, it can be seen
that the distribution is not favoring any specific so-
lution.

C. Prompts for Language Model
C.1. Stand-alone GPT-4 to solve

CLEVR-POC
The format of the prompt provided to GPT-4 when
employing it to solve CLEVR-POC is shown be-
low. The prompt contains the task description, the
scene description, the constraints or knowledge
associated with the scene, the question about the
scene, and the answer. The prompt contains two
such examples.

Task description: You are a helpful assistant who
answers questions about hidden objects based on
scene description and the constraints in the scene.
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Figure 7: (a) Distribution of question types. (b) Distribution of solutions for questions with query attribute
size. (c) Distribution of solutions for questions with query attribute material. (d) Distribution of solutions
for questions with query attribute shape. (e) Distribution of solutions for questions with query attribute
color. Since the solution space of these questions is larger (> 100), it is not listed here.

The scene graph is in JSON format with the following
keys. The key objects contain a list of objects present
in the scene. Each object has various attributes like
material, color, shape, size, and region. The key re-
lationships hold information about the spatial relation-
ships between objects in the scene. It contains sub-
fields like ”front,” ”right,” ”left,” ”behind,” etc., each as-
sociated with a list of object indices representing ob-
jects that have that specific relationship with another
object. For example, relationships[”front”][0] refers to
the objects that are in front of the object at index 0.
Scene Observed: The following is the scene graph:

{'objects': [
{'material': 'metal', 'color': 'red',

'size': 'medium', 'region': '0',
'shape': 'cube'

},
{'material': 'metal', 'color': 'gray',

'size': 'medium', 'region': '3',
'shape': 'sphere'

},
{'material': 'metal', 'color': 'brown',

'size': 'medium', 'region': '1',
'shape': 'sphere'

},
{'material': 'rubber', 'color': 'gray',

'size': 'medium', 'region': '3',
'shape': 'sphere'

},
{'material': 'metal', 'color': 'red',

'size': 'medium', 'region': '0',
'shape': 'sphere'

},
{'material': 'rubber', 'color': 'red',

'size': 'medium', 'region': '2',
'shape': 'sphere'

}
],

'relationships':
{'left': [[4], [0, 2, 4, 5], [0, 4, 5], [0,

1, 2, 4, 5], [], [0, 4]],
'front': [[1, 3, 4, 5], [5], [0, 1, 3, 4,

5], [1, 5], [1, 3, 5], []],
'behind': [[2], [0, 2, 3, 4], [], [0, 2, 4],

[0, 2], [0, 1, 2, 3, 4]],
'right': [[1, 2, 3, 5], [3], [1, 3], [], [0,

1, 2, 3, 5], [1, 2, 3]]
}

}

Constraints: The scene contains several visible ob-
jects, and has one additional object that is hidden.
Objects must have 4 properties. They are color,
shape, size, and material. The scene must conform
to the following constraints.

Objects can be in one of the 8 colors. It can
be gray, or red, or blue, or green, or
brown, or purple, or cyan, or yellow.

Objects can be in one of the 4 shapes. It can
be a cube, cylinder , sphere, or cone.

Objects can be in one of the 3 sizes. It can be
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small, medium, or large.

Objects can be in one of the 2 materials. It
can be rubber or metal.

The scene is divided into 4 regions. They are
named 0, 1, 2, 3.

If there are two objects and the first object
is located in region 0 and the second
object is to the right of the first object
, then the location of the second object
is either in region 0, 1, 2, or 3.

If there are two objects and the first object
is located in region 1 and the second
object is to the right of the first object
, then the location of the second object
is either in region 1, or 3.

If there are two objects and the first object
is located in region 2 and the second
object is to the right of the first object
, then the location of the second object
is either in region 0, 1, 2, or 3.

If there are two objects , the first object is
located in region 3 and the second object
is to the right of the first object, then
the location of the second object is
either in region

1, or 3.

If there are two objects , the first object is
to the right of the second object, then
the second object is to the left of the
first object.

If there are two objects , the first object is
located in region 0 and the second object
is in front of the first object, then the
location of the second object is either in

region 0, 1, 2, or 3.

If there are two objects , the first object is
located in region 1 and the second object
is in front of the first object, then the
location of the second object is either in

region 0, or 1, or 2, or 3.

If there are two objects , the first object is
located in region 2 and the second object
is in front of the first object, then the
location of the second object is either in

region 2, or 3.

If there are two objects , the first object is
located in region 3 and the second object
is in front of the first object, then the
location of the second object is either in

region 2, or 3.

If there are two objects , the first object is
in front of the second object, then the
second object is behind the first object.

Every object must be assigned exactly one value
for color.

Every object must be assigned exactly one value
for material.

Every object must be assigned exactly one value
for shape.

Every object must be assigned exactly one value
for size.

Every object must be assigned exactly one value
for region.

Two different objects cannot have the same
values for all the 4 properties.

Every region can have at most 3 objects.

There are 6 objects in the scene.

There are at least 1 pair of color red objects
with the same size in regions 0 and 2
together.

There are no small-size objects in region 0.

There are no cone-shaped objects in region 0.

There are no purple color objects in region 0.

There are no blue color objects in region 0.

There are no cylinder shape objects in region
1.

There are no cyan color objects in region 1.

There are no rubber material objects in region
1.

There are at least 1 pair of material metal
objects with the same size in regions 0
and 3 together.

There are no metal material objects in region
2.

There are no large-size objects in region 2.

There are at least 1 pair of size medium
objects with the same shape in regions 1
and 3 together.

There are no red color objects in region 3.

There are no cube-shaped objects in region 3.

There are at least 1 pair of objects with the
same material in regions 0 and 1 together.

There are at least 1 pair of color gray objects
with the same size in regions 3 and 2

together.

Question: Answer the following question about the
hidden object. The solution should satisfy the con-
straints. The other cylinder that is the same material
as the medium red thing is what color?
Answer: ###{Gray}###
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C.2. GPT-4 as Question Parser
When we use GPT-4 to parse a question to its
ASP equivalent, we give as prompt 28 examples of
questions in natural language to ASP representa-
tion. The prompt with just one Question-ASP pair
is shown below.

Task description: You are a helpful assistant
that converts questions in English into ASP logic
language.

Question: What is the color of the cylinder to the right
of the blue sphere?
ASP:

###
unknown(Q):-hasProperty(X, color, Q),

hasProperty(X, shape, cylinder),
hasProperty(X1, color, blue),
hasProperty(X1, shape, sphere),
right(X1, X).

###
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