
Proceedings of the 6th Workshop on Natural Language Meets Logic and Machine Learning (NALOMA), pages 60–70
August 3-7, 2026 ©2026 Association for Computational Linguistics

Visual Question Answering and the relation between
language, perception and the world

Staffan Larsson

staffan.larsson@ling.gu.se

Bill Noble
Centre for Linguistic Theory and Studies in Probability (CLASP)

Department of Philosophy, Linguistics and Theory of Science
University of Gothenburg, Sweden

bill.noble@gu.se

Robin Cooper

cooper@ling.gu.se

Abstract

We outline a general account of VQA using
a perception-oriented formal semantic frame-
work. We believe that it is instructive to de-
scribe VQA not only in terms of an engineering
challenge, but also as a linguistically and philo-
sophically relevant task that can help us better
understand the relation between language, per-
ception and the world. Specifically, we will
argue that linguistic meaning helps us struc-
ture our takes on visual scenes, enabling us to
classify situations so that we e.g. can answer
questions and determine whether a sentence
correctly describes a scene.

1 Introduction

When studying abstract matters like the relation
between language, perception and the world, it is
often helpful to look at specific problems. Visual
Question Answering (VQA) is a machine learning
task where the model is provided with an image and
a natural language question and must provide an an-
swer to the question based on the image. The task
is focused on the natural language and visual un-
derstanding capabilities of the model. Many VQA
datasets, such as the eponymous dataset from Antol
et al. (2015), are susceptible to relatively superfi-
cial correlations between the inputs and the answer
(Zhang et al., 2016; Agrawal et al., 2016; Goyal
et al., 2019), which allow machine learning mod-
els to avoid the complexity involved in associating
language and world more generally.

While Visual LLMs generalize better on VQA
and related tasks when compared to older vision-
and-language models, LLMs are essentially “black
boxes” which can be trained and deployed but
whose inner workings are opaque. Hence, LLMs
do not necessarily help us derive insights into the re-
lation between language, perception and the world.

In formal semantics in the Montague tradition
and Possible World Semantics, the meaning of a

Figure 1: Consider this example from the CLEVR
dataset (Johnson et al., 2016, image ID: 11568; question
ID 115673). What is involved in answering the question
about the scene? Q: What color is the cylinder in front
of the yellow cube?

word such as “dog” is taken to be a function from
possible worlds (and times) to its extension, i.e. the
set of all dogs in that world. Such logical repre-
sentations, however, have no natural interpretation
in terms of neural implementation (be it artificial
or biological), and offer no biologically plausible
explanation of how language is related to sensory
perception and the physical world. In modern com-
putational linguistics the meaning of a word such
as “dog” might be related to a statistically-based
perceptual classifier that is able to recognize dogs
or give a probability estimation that a given indi-
vidual is a dog. This corresponds to our ability to
recognize a dog when we see one and is also much
more hopeful in terms of neural modelling.

We adopt a view of linguistic meaning that re-
lates to the notion of classifiers while at the same
time preserving important techniques from formal
semantics, such as the treatment of compositional-
ity.

In this paper, we outline a general account of
VQA, taking the CLEVR data set (see Figure 1)
as an example and using a perception-oriented for-
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mal semantic framework.1 We believe that it is
instructive to describe VQA not only in terms of an
engineering challenge, but also as a linguistically
and philosophically relevant task that can help us
better understand the relation between language,
perception and the world. Specifically, we will ar-
gue that linguistic meaning helps us structure our
take on a visual scenes, enabling us to classify sit-
uations so that we can e.g. answer questions and
determine whether a sentence correctly describes a
scene.

2 TTR

TTR is a theory of types with records (Cooper
and Ginzburg, 2015; Cooper, 2023). It is a broad
semantic framework intended to account for how
agents dynamically understand and interact with
each other and the world. Thus, TTR accounts
have been proposed for a multitude of linguistic
and language related phenomena, including percep-
tion (Larsson, 2015, 2018), spatial and pragmatic
reasoning (Dobnik and Cooper, 2017; Breitholtz,
2020), learning (Larsson and Cooper, 2009; Lars-
son, 2020b), quantification (Cooper, 2013; Lücking
and Ginzburg, 2022; Cooper, 2023) and humour
(Maraev et al., 2021).

We can only give a brief and partial introduction
to TTR here; see also Cooper (2005, 2012); Cooper
and Ginzburg (2015); Cooper (2023). To begin
with, s : T is a judgment that some s is of type T .
To make explicit who is making this judgment, the
of-type relation may be subscripted with an agent
A, as in :A T . One basic type in TTR is Ind, the
type of an individual; another basic type is R, the
type of real numbers. Given that T1 and T2 are
types, T1 → T2 is a functional type whose domain
is objects of type T1 and whose range is objects of
type T2.

Next, we introduce records and record
types. If a1 : T1, a2 : T2(a1), . . . , an :
Tn(a1, a2, . . . , an−1), where T (a1, . . . , an) rep-
resents a type T which depends on the objects
a1, . . . , an, the record to the left in Figure 2 is of
the record type to the right.

In Figure 2, `1, . . . `n are labels which can be
used elsewhere to refer to the values associated
with them. A sample record and record type is
shown in Figure 3.

Types constructed with predicates may be depen-

1https://github.com/GU-CLASP/
types-vectors-spiking-neurons/




`1 =a1
`2 =a2
. . .
`n =an
. . .




:




`1 :T1
`2 :T2(l1)
. . .
`n :Tn(`1, l2, . . . , ln−1)




Figure 2: Schema of record and record type




ref =obj123
cman=prf(man(obj123))
crun =prf(run(obj123))


:




ref :Ind
cman:man(ref)
crun :run(ref)




Figure 3: Sample record and record type

dent. This is represented by the fact that arguments
to the predicate may be represented by labels used
on the left of the ‘:’ elsewhere in the record type.
In Figure 3, the type of cman is dependent on ref (as
is crun).

If r is a record and ` is a label in r, we can use a
path r.` to refer to the value of ` in r. Similarly, if
T is a record type and ` is a label in T , T .` refers
to the type of ` in T . Records (and record types)
can be nested, so that the value of a label is itself a
record (or record type). As can be seen in Figure
3, types can be constructed from predicates, e.g.,
“run" or “man”. Such types are called ptypes and
correspond roughly to propositions in first order
logic.

A fundamental type-theoretical intuition is that
something of a ptype T is whatever it is that counts
as a proof of T . One way of putting this is that
“propositions are types of proofs”. In Figure 3, we
simply use prf(T ) as a placeholder for proofs of
T ; below, we will show how low-level perceptual
input can be included in proofs.

Judgements (and other type actions, see Cooper
(2023)) are regulated by action rules of the form

(1)
ϕ0, ϕ1, . . . , ϕn

ψ

Each ϕi is either an action or some other condition
that must hold true and ψ must be a type action
such as a judgement. The wavy line as opposed
to a straight line indicates that this is not a rule
of inference but that the premises above the line
holding license or afford the action below the line.
Thus there is no guarantee that the agent will carry
out the action even if all the premises hold.
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3 Related work

VQA is a rich test bed for investigating the compo-
sitional nature of– and relationships between lan-
guage, perception, and reasoning. Because of its
structure, the CLEVR dataset has been used exten-
sively to test systems that explicitly combine these
components. The Memory, Attention, and Com-
position (MAC) network (Hudson and Manning,
2018), is a modular neural network with a recurrent
unit that sequentially decomposes the question into
operations that retrieve information from the image
representation. While the MAC architecture is de-
signed to accommodate compositional reasoning,
it does not create explicit symbolic representations
of the image or question. One such approach is that
of Johnson et al. (2017), who trains a sequence-to-
sequence program generator that transforms the
natural language question into a sequence of func-
tions. A neural module network, with modules for
each function, is then used to sequentially execute
the program and derive an answer. Improving on
the already high accuracy of these previous two
methods, Yi et al. (2018) achieves near-perfect re-
sults on CLEVR by introducing a module that gen-
erates symbolic sense representations. This allows
for the use of a deterministic program executor that
answers the parsed question. A key insight of these
approaches is already present in the ground-truth
question semantics of CLEVR itself: the meaning
of a question can be represented as a procedure
to determine its answer. This insight can also be
found in the treatment of questions in Formal Se-
mantics; by introducing a neuro-symbolic system
with TTR at its core, we hope that insights from
VQA can be generalized to other domains such as
perceptually-grounded linguistic interaction.

In line with this proposal, there have been recent
efforts to combine neural network representations
with linguistic formal semantics. For example, Liu
and Emerson (2022) use a Convolutional Neural
Network (CNN) to extract entity representations
from images. Treating a collection of these repre-
sentations as a world model, they learn probabilis-
tic lexical and compositional functions that take the
entity representations in input and use image cap-
tions as the learning signal. The framework used in
that work is inspired by linguistic theory, but only
attempts to model very simple predicate-argument
structures. Likewise, Bekki et al. (2021) use neural
network-based entity representations embedded in
a dense vector space, but use these representations

as the basis for interpreting types in a dependent
type system.

Looking more specifically to work on VQA in-
volving TTR, Dobnik and Cooper (2017) assume
data in the form of a point map representing a visual
scene. The authors propose two functions which (if
taken together) take a point map and produces a set
of record types such that records of that type would
specify an individual, a witness of a ptype predi-
cating that the individual occupies a certain region,
and a witness of a ptype predicating the property
of the individual. However, only the types of such
records are provided, not the records themselves.

Matsson et al. (2019) can be regarded as an im-
plemented variant of the account in Dobnik and
Cooper (2017). Matsson’s implementation uses
YOLO classifiers and is limited to polar questions.
You Only Look Once (YOLO) (Redmon et al.,
2016) is a neural network model for image recog-
nition that detects and classifies objects in an im-
age. So here, the starting point is an image rather
than a point map as in Dobnik and Cooper (2017).
In YOLO, each detected object is represented as
bounding box coordinates, a class label and a con-
fidence score.

In both Dobnik and Cooper (2017) and Matsson
et al. (2019), representations stay on the type level
and witnesses takes are not represented as such.
This leaves open the question of what constitutes
a witness for a ptype, whereas we want to suggest
an answer this question, namely that witnesses of
ptypes consists of tuples of high-level perceptual
data (H-data) associated with the individuals in-
volved in the ptype (typically, the arguments of a
predicate).

The account in Utescher (2019) is more similar
in spirit to the approach suggested in this paper,
both in representing witness takes explicitly and in
doing lazy classification conditioned by the need
to answer questions. However, Utescher does not
address the problem of structuring perceptual data
to match the semantics of linguistic expressions as
we do here.

We believe that the account presented below is
an improvement both technically and philosophi-
cally by showing how, when relating linguistic ex-
pressions to visual scenes, we use linguistic mean-
ing to structure our take on the visual scene, which
includes finding the referents of linguistic expres-
sions referring to objects in the scene. This also
allows us to handle predicates of arity 2 or more in
an elegant way, whereas the examples in Utescher
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(2019) are limited to 1-place predicates. Further-
more, the account presented here is meant to gen-
eralise over specific kinds of visual data and classi-
fiers.

4 A general TTR account of VQA

Larsson (2011, 2013, 2020a); Larsson et al. (2021);
Larsson and Cooper (2021); Larsson (2021) present
work towards a general formal perception-oriented
semantics. Here, we revise and extend this account
to fit with the VQA task. In Section 5 we will
show how the general account can be adapted to
the CLEVR dataset, where H-data is regarded as
CLEVR scene graphs.

4.1 Low-level and high-level perceptual data
When talking about an agent’s perception of a si-
tation, we can call the “raw" input “low level per-
ceptual data" (L-data). This can be e.g. the retinal
image in a biological system, a digital image from
a camera connected to a computer (as in Matsson
et al. (2019) and Utescher (2019)), or a point map
(as in Dobnik and Cooper (2017)). We will use
LScene for the type of L-data from a scene (a visu-
ally perceived situation).

When processing perceptual data, L-data is
turned into “high level perceptual data” (H-data).
H-data is the result of processing L-data, and this
processing may include e.g. object detection, indi-
viduation, feature detection and compression. Indi-
viduation is needed to pick out the part of L-data
that concerns a single individual. A biological ex-
ample of H-data is visual cortical information (sim-
plifying somewhat, the output of the visual cortex
when fed the retinal image as input). Computa-
tional examples include a set of pairs of point maps
and associated features (Dobnik and Cooper, 2017),
a set of image and a list of tuples, each consisting
of a bounding box, a label and a confidence value
(as in YOLO), or an image and a set of bounding
boxes corresponding to detected objects.

We can say that H-data is the result of applying
a function fpp (’pp’ for ’perceptual processing’)
to L-data. If an agent A is visually perceiving a
real-world situation s, the L-data on A’s retina is
sAL : LScene and the H-data in the output layer of
A’s visual cortex is

(2) sAH = fpp(s
A
L) : HScene

where

(3) fpp : LScene→ HScene

is the function of A’s visual cortex.
We will assume that H-data is individuated,

which in TTR terms means that sections of H-data
is associated with different objects of type Ind2.
We define a type HScene as a list of H-data items
corresponding to individuals in a perceived scene.

(4) HScene=List(
[

id : Ind
data : HData

]
)

We can now define a scene-specific judgement
of being of a type Ind in a scene s:

(5) For h:HScene, a :h Ind iff for some n, a =
h.n.id (and for all i, a = h.i.id, i = h)

We use a hash table to access H-data associated
with an individual (i.e., an object of type Ind)3.

(6) If h : HScene and a :sInd then #ha =
h.n.data for n such that a = h.n.id

The scope of the H-data associated with an indi-
vidual a is basically "any available information that
can be relevant to understanding an utterance refer-
ring to a". If information about other things than
a, for example information about other individuals,
is needed to understand an utterance referring to a,
then such information can be included in #a.

4.2 Perceptual data as evidence for ptypes
In general, we will be using H-data as ev-
idence/proofs for ptypes, echoing the dictum
"propositions are types of proofs". We will here
limit our analysis to ptypes whose arguments are
individuals (objects of type Ind). Ptypes con-
structed from an n-place predicates with arguments
a1, . . . , an have an n-tuple 〈#a1, . . . ,#an〉 as ev-
idence.

(7) 〈#a〉 : yellow(a)
〈#a〉 : cube(a)
〈#b,#a〉 : in-front(b,a)
〈#b〉 : cylinder(b)

Judging whether some H-data evidence is of a
ptype can be done using classifiers,4 for example

2For most datasets, making individuation explicit in the
way we do here is trivial.

3The hash table is thus relative to an HScene h. However,
we will be surpressing this subscript for the remainder of this
paper.

4The examples (8) and (9) may appear confusing to a type-
theorist. The left-hand side is a judgement in type theory
whereas the right-hand side belongs not to type theory but to
the world of classifiers. The classifiers are used to place con-
straints on what judgements are available in the type theory.
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(assuming a colour classifier κcol whose domain
is Hdata and whose range are colour labels RED,
BLUE etc, and assuming that a and b are variables
over objects of type Ind):

(8) 〈#a〉 : red(a) if κcol(#a)=RED

〈#a〉 : blue(a) if κcol(#a)=BLUE

. . .

...and similarly for 2-place ptypes assuming a left-
or-right classifier κlor:

(9) 〈#a, #b〉 : right(a, b) if κlor(#a, #b)=RIGHT;
〈#a, #b〉 : left(a, b) if κlor(#a, #b)=LEFT

4.3 Natural language semantics

In Larsson (2020a), meanings of linguistic expres-
sions are defined as objects of type Mng5:

(10) Mng=




bg : RecType
intrp : bg→Type
clfr : bg→Type




Intuitively, for a declarative utterance with mean-
ing p:Mng, p.bg is the type of the context in
p is appropriately uttered, p.intrp is the context-
independent meaning of the utterance (a function
from a situation to a type) and p.clfr is a function
that evaluates whether the utterance of p holds of
the situation.

In general, the bg field can be understood as cap-
turing the presupposition of a linguistic expression.
When interpreting linguistic expressions referring
to visual scenes, an agent needs to structure their
take on the scene to reflect these presuppositions.
For example, "the red cube" needs to be mapped
to a specific object (which is red and a cube) in the
agent’s take on the scene. This means that the agent,
starting from low-level perceptual data, needs to
individuate and object which is classified as both
red and as cube (and also to make sure no other
object can be individuated which can be classified
as red and a cube).

For an utterance u of a declarative sentence with
meaning p:Mng and a situation s:p.bg, we can pro-
vide an action rule specifying when an agent A
may judge (A’s take on the situation) s to be of the
type specified by the (situated interpretation of) u
in s.

(11)
p :A Mng s :A p.bg p.clrf(s) = p.intrp(s)

s :A p.intrp(s)

5We are here disregarding the ‘params’ field.

So an agent is licensed to judge s to be of the type
T specified by the (situated interpretation of the)
u in s provided that s fulfills the presuppositions
of p, and A perceives the situation to be of type T .
For example, the meaning of the sentence p=“The
cylinder in front of the yellow cube is green” could
be:6

(15) p=




bg =




x : Ind
colourx : yellow(x)
shapex : cube(x)
y : Ind
placeyx : in-front(y,x)
shapey : cylinder(y)




intrp=λr :bg.
[
coloury:green(r.y)

]

clfr =λr :bg.
[
coloury:Tcol(r.y)

]




where Tcol is a dependent type that takes a tuple
of relevant H-data, calls a classifier function κcol,
and returns a ptype, e.g. red(r.y) or green(r.y)
depending on the output of the classifier:

(16) Tcol : Ind→ Type

(17) Tcol(x) =
{ red(x) if κcol(〈#x〉)=RED

blue(x) if κcol(〈#x〉)=BLUE

. . .

For a two-place relation7:
6We are here and for the remainder of this paper for sim-

plicity of exposition ignoring the uniqueness presupposition of
the definite article. Nevertheless, for completeness we indicate
in this footnote how to remedy this.

(12) If T : RecType and ` ∈ labels(T ), then Tuniq(`) is a
type.

(13) o : Tuniq(`) iff o : T and there is an a such that for all
r :H T , r.`.x = a

Here, we use ’:HT ’ for a type judgement relative to an
H-scene H , to establish whether T could be instantiated with
respect to H , that is, whether a record of this type could be
created from H with respect to the basic types and ptypes in
T .

Given the above, the meaning of the sentence is now

(14)




bg =




o1:




x:Ind
colour:yellow(x)
shape:cube(x)




uniq(x)

o2:




x:Ind
place:in-front(x,⇑o1.x)
shape:cylinder(x)




uniq(x)




intrp=λr :bg .
[
c:green(r.o2.x)

]

clfr =λr :bg .
[
c:Tcol(r.o2.x)

]




Other definitions in this paper would need to be adapted ac-
cordingly.

7We are here assuming that κlor always returns LEFT or
RIGHT.
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(18) Tplace(x, y) ={
left(x, y) if κlor(〈#x, #y〉)=LEFT

right(x, y) if κlor(〈#x, #y〉)=RIGHT

Assuming that s provides information that can be
used by a classifier to decide whether the cylinder
in front of the yellow cube is green or not, an agent
A may judge s :A green(s.y) provided Tcol(s.y) =
green(s.y).

As mentioned above, H-data tuples are regarded
as objects of ptypes that witness (i.e. provide ev-
idence or proof of) the ptype. Consequently, a
record type containing ptypes (such as the bg field
above) can be instantiated by a record where val-
ues of ptype fields are H-data tuples. We use such
records to represent an agent’s take on a scene, a
so-called ’witness take’ . A situated interpretation
of a linguistic expression e is attained by applying
[e].bg to a witness take s.

Assume that the declarative sentence above is
stated about a focus situation s123 to an agent A
whose take on this situation is

(19) sA123=




x = a
colourx = 〈#a〉
shapex = 〈#a〉
y = b
placeyx = 〈#b, #a〉
shapey = 〈#b〉
coloury = 〈#b〉




To evaluate whether p is true for sA123, A com-
putes p.intrp(sA123) and p.clfr(sA123) and checks for
equality.

(20) p.intrp(sA123)=

λr:




x :Ind
colourx:yellow(x)
shapex :cube(x)
y :Ind
placeyx :in-front(y,x)
shapey :cylinder(y)




.
[
coloury:green(r.y)

]
(sA123)=

[
coloury:green(b)

]

(21) p.clfr(sA123) =
[
coloury:red(b)

]

assuming that κcol(〈#b〉)=RED and hence
Tcol(b)=red(b).

In this case, the equality fails and hence p is re-
garded as not true of s123.

4.4 Questions
Now, what about questions? In this case, we sug-
gest that the situated interpretation is not a Ptype
but instead a function from an answer (in this
case, a predicate function) to a Ptype. A ques-
tion q=“What color is the cylinder in front of the
yellow cube?" could then have the meaning:

(22) q=




bg =




x :Ind
colourx:yellow(x)
shapex :cube(x)
y :Ind
placeyx :in-front(y,x)
shapey :cylinder(y)




intrp=λr :bg.λP :(Ind→Type).[
coloury : P (r.y)

]

clfr =λr :bg.
[
coloury:Tcol(r.y)

]




Whereas for declaratives, we compared the inter-
pretation output with the classifer output, for ques-
tions these functions have different roles. Specifi-
cally, the interpretation function allows an agent to
compute a Ptype from the question and an (ellipti-
cal) answer, whereas the classifier function can be
used to compute the answer to the question based
on the agent’s take on the situation referred to. The
former is useful in integrating an agent’s verbal
answer to the question8. The latter is useful for
figuring out the answer (which could be used when
providing a verbal answer).

Assume that q=“What color is the cylinder in
front of the yellow cube?" is asked about a focus
situation s123. This question presupposes that there
is a (unique) yellow cube and a (unique) cylinder
in front of it. An agent who is asked this question
might use their take on the scene to find an answer.
The idea here is that the answer to a question is
attained by applying a function q.clfr derived from
the question to the take on the scene that the ques-
tion is about. This requires the scene to be of the
type specified by q.bg.

(23) q.clfr =

λr:




x :Ind
ccol-x :yellow(x)
cshape-x:cube(x)
y :Ind
cfob-yx :in-front(y,x)
cshape-y:cylinder(y)




.
[
coloury:Tcol(r.y)

]

4.5 Finding an answer to a question

We can imagine the question above being asked
about a focus situation s123 to an agent A whose
take on this situation is sA123 as above.

Finding the answer to a question about the focus
situation involves intepreting the question in light
of one’s take on the focus situation. Formally, the
question function is applied to the take on the focus
situation to yield an answer to the question.

8Assuming that a response r=“green” has the
meaning [r].intrp = λx : Ind.green(x) so that
q.intrp(s)([r].intrp) =

[
coloury:green(a)

]
.
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(24) q.clfr(sA123) =
[

coloury : red(b)
]

again assuming that κcol(〈#b〉)=RED.
Given the above, for a question q we want to take

an H-scene H and construct a take on the focussed
witness situation s:q.bg that q.clfr can be applied
to to find the answer to q. For ease of exposition,
we will below use Tbg for q.bg. The approach
we will take is this: From H and Tbg, create sH
such that sH : Tbg. We want this process to work
for any kind of H-data, as long as we have access
to classifiers that can take that data as input and
produce the required judgements.

4.6 Definition of witness takes

To build sH : Tbg from H , the idea is to label the
individual objects in H so that the ptype classifier
results (ptypes) come out as specified in Tbg. To
do this, we start from all possible labellings of
(H-data concerning) individuals in the H-data and
then filter them out by applying classifiers when
typechecking against the ptypes in Tbg.

Assuming an scene H : HScene, we create
records fromH , enumerating all possible labellings
(records) S of H that match Tbg. For a record
type T and an H-scene H , there is a function
# : Ind → Hdata and a set of records S (the
set of witness takes) such that:

• For each h ∈ H , #a = h.data iff h.ind=a

• For each s ∈ S:

– for all ` such that T.` : Ind, there is an
a :H Ind such that s.` = a

– for all ` such that T.` = 〈f, L〉 where
L = 〈`1, . . . , `n〉,
s.` = 〈#(s.`1), . . .#(s.`n)〉

– s : T

Given the above, we can now tentatively provide
an action rule licensing an agent A answering a
question q : Question based on perceptual data
H : HScene.9:

(25)
q :A Mng H :A HScene sH :A q.bg

:A ANSWER(A, q.clfr(sH))!

9The notation :A T ! means that A creates an object of type
T , see Cooper (2023). We are here making several simplifica-
tions for reasons of space, including allowing non-exhaustive
answers, not requiring that q is conversationally relevant, and
not defining the type QUESTION.

4.7 Building witness takes from H-data

Given a type T with labels labels(T ) and a H-
scene H , we want to find all of the records s that
are witness takes onH , i.e., for which s : Tbg holds.
Recall that each h ∈ H has a field h.id such that
h′.id 6= h.id for any h′ 6= h.

We define a function BUILDTAKES that uses tree
search to build up list of situation takes respecting
T . As input, takes a situation type, T , an instance
of H-data, H , and a partial label map L : {` ∈
labels(T ) | T.` : Ind} ⇀ {h. id | h ∈ H}. Run-
ning BUILDTAKES with an empty inital label map
produces the set of all takes on H (records) that
instantiate the given type.

The algorithm itself (see Algorithm 1) is not par-
ticularly important. Indeed, naive tree search is
probably not cognitively plausible since the com-
plexity scales exponentially with the number of
objects in the scene, and there are many ways to
make the search more efficient. What is of note
here is the relationship between the H-data and the
candidate situation takes, which are being built-up
and structured according to the interpretation of
the question. To satisfy the pre-conditions of the
question (i.e., to find a witness for q.bg and can-
didate argument to q.clfr), it is not enough to use
generic perceptual input; instead we must build up
(or structure) a take on the situation based on high-
level perceptual data and the question itself. Only
then can the situation take be used to answer the
question.

5 Adapting the general account to the
CLEVR dataset

Everything we have said above is independent of
the type of H-data. In this section, we will show a
concrete instance of this general framework, where
H-data is a set of CLEVR scene graphs. This is
intended as an illustration and proof-of-concept
only, showing an example of how the general TTR
account applies to a specific type of H-data and
classification method.

5.1 The CLEVR dataset

CLEVR (Johnson et al., 2016) is a synthetic dataset
of programatically rendered 3d scenes of geomet-
ric objects and template-generated questions about
them. Designed as a diagnostic dataset for visual
and linguistic compositional reasoning, it is drawn
from an extremely constrained visual and linguistic
domain domain. Objects are drawn from limited
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Algorithm 1 Recursive tree search for finding situation takes that satisfy a type from given H-data. The
function EXTRACTTAKE produces a record that represents all objects in H , labeled according to L.
Objects from H that don’t appear in the image of L are labeled with auxiliary labels that don’t appear in
T .

Require: L : {` ∈ labels(T ) | T.` : Ind}⇀ {h. id | h ∈ H}

function BUILDTAKES(T,H,L)
U ← labels(T ) \Dom(L)
s← EXTRACTTAKE(L,H)
if U = ∅ then

if s : T then
return {s}

else
return ∅

else
if s : T � Dom(L) then

l← Pop(U)
L′h ← L∪ {〈l, h.id〉}
return ∪{BUILDTAKES(T,H,L′h) | h ∈ H}

else
return ∅

number of geometric solids and have a finite range
of colors, sizes, and textures. Because the images
are generated from code, it is possible to use image
metadata to design train/test splits that probe for
compositional representation by testing how well a
model generalizes to novel situations.

Since the dataset is programatically generated,
it is possible to produce “ground truth” semantics
for the questions and schematic descriptions of the
image that are sufficient for answering the ques-
tions. In this work, we directly use these schematic
question and scene descriptions as input to validate
that the symbolic component of our system has
the inferential and representational power required
for the task. This ensures that the performance of
an eventual hypbrid system is reflective of the dis-
tributed representations and their interaction with
the symbolic components, and not theoretical limi-
tations.

Ground truth scene representations are presented
as a scene graph, whose nodes are objects, anno-
tated with attributes like color and shape (one-place
predicates), and whose edges represent binary spa-
tial relations between pairs of objects. Questions
are represented as a functional programs that oper-
ate on those graphs.

5.2 Using CLEVR for H-data

In general, classification of visual scenes may in-
volve e.g. processing of visual information in deep
neural networks. However, in CLEVR the visual
scenes are already annotated with formal structures
that we will exploit when defining the classifiers
required. In effect, we will treat the annotations
as H-data, despite not actually being the result of
processing of L-data. The classifiers themselves
will be rather trivial, and they are meant only as
an illustration of how the general account can be
adapted to a specific dataset.

Assume we have as a scene graph g, consisting
of a list of object descriptions that in turn consist
of feature-value pairs. The original CLEVR data
relies on the order of the items. To avoid this, we
massage the data so that it includes a field ’id’ to
avoid reliance on order:

[{'id ': 'h0',
'3d_coords ': [2.408, -2.868, 0.350],
'color ': 'green ',
'material ': 'metal ',
'pixel_coords ': [213, 257, 7.728],
'rotation ': 233.806,
'shape ': 'cylinder ',
'size ': 'small '
'behind ': ['h1', 'h2', 'h3',...],
'front ': [ ],
'left ': ['h2', 'h3', ...],
'right ': ['h5', ...]},

{'id:'h1',
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'3d_coords ': [1.649, -1.450, 0.350],
'color ': 'yellow ',
'material ': 'metal ',
'pixel_coords ': [246, 201, 9.081],
'rotation ': 140.802,
'shape ': 'cube ',
'size ': 'small '
'behind ': ['h2', 'h3', ...],
'front ': ['h0'],
'left ': ['h2', 'h3', ...],
'right ': ['h5', ...]},

]

We can transform g into H-data Hs:

(26) Hs=[
[

id =a
data= {’id’: ’h0, ’3d_coords’:. . .}

]
,

[
id =b
data={’id’: ’h1’, ’3d_coords’:. . .}

]
]

FromHs and a background type Tbg, we can con-
struct a witness take as described above in Sections
4.6 and 4.7.

As mentioned above, we are using H-data as evi-
dence/proofs of types, and judging if some H-data
is of a ptype is done using classifiers. In the case
where H-data are scene graphs, the classification
becomes rather trivial as the required information
is already available in the H-data. For example, a
colour classifier might be specified as follows:

(27) κcol = λh : 〈Hdata〉.
{ RED if h(1)[’color’] == ’red’

BLUE if h(1)[’color’] == ’blue’
. . .

For a two-place predicate:

(28) κcol = λh : 〈Hdata,Hdata〉.{
LEFT if h(2).[’id’] in h(1)[’left’]
RIGHT if h(2).[’id’] in h(1)[’right’]

Note that we are here mixing TTR notation with
Python code. This is specific to the type of H-data
we are using and a particular way of accessing it.
For other types of H-data, the classifier definition
may look quite different. However, we have set
things up so that the dependence on H-data type
has been isolated to the classifier definitions.

6 Summary and future work

We outlined a formal account of VQA where an
agent perceives a real world situation by receiv-
ing low-level perceptual data, processes that data
into high-level individuated perceptual data, struc-
tures this data in light of the semantics of a linguis-
tic expression (a question), and then classifies the

structured data to arrive at an answer to the ques-
tion. Importantly (although not directly in scope of
this paper), word meanings in general, including
perceptual meaning aspects modeled as classifiers,
are dynamic and subject to learning and coordina-
tion between dialogue participants (Larsson, 2015;
Larsson et al., 2021; Larsson, 2021).

In future work, we aim to apply and extend the
account to also encompass semantic pointers (Elia-
smith, 2015; Larsson et al., 2025).

7 Limitations

There are many ways in which the work presented
here could be extended. We only provide examples
for the CLEVR dataset, but to concretely show the
general applicability of the proposed account, we
want to provide examples a large and diverse range
of datasets. Furthermore, whereas the current ex-
amples focus on individual object classification, we
would like to offer a more detailed explanation of
how classification of images in terms of complex
spatial relations. Another limitation is that the ac-
count does not yet cover classification of image
sequences in terms of events that are extended in
time. Finally, classification is in general proba-
bilistic, and we would like to employ probabilistic
TTR (Larsson, 2020a)to extend the current account
accordingly.
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