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Abstract

In this paper, we offer an extension of an ear-
lier proposal for treating wh-questions within a
compositional, neurally—implemented seman-
tic framework that interfaces with memory to
the other main class of questions, namely polar
questions. Our proposal yields improved empir-
ical coverage for polar questions as compared
with previous formal semantic accounts. It also
offers the basis for an account of the finding
that understanding for wh-questions emerges
in language development before that of polar
questions—a finding that goes against all pre-
vious formal semantics accounts of questions
where polar questions are simplest in terms of
their semantic complexity.

1 Introduction

Formal semantics and cognitive neuroscience have
not always been in tight collaboration. Frege (1918,
e.g., p- 69) (the originator of compositionality) be-
lieved (scientific) analysis of meaning should be di-
vorced from psychological considerations, whereas
(Fodor, 1974) argues that appealing to ‘lower-level’
sciences is useless for understanding cognitive
systems, giving rise to the criteria of (Fodor and
Pylyshyn, 1988) for explanatory cognitive systems
which includes compositionality.

Considerable progress in bringing semantics and
cognitive neuroscience together has been achieved
by work pioneered in the Semantic Pointer Archi-
tecture (SPA) (Eliasmith, 2013). This framework
underpins what is currently the world’s largest func-
tional brain model (Spaun Eliasmith, 2013; Elia-
smith et al., 2012; Voelker and Eliasmith, 2023),
which includes perception, decision making, and
motor control systems integrated in a cognitive
model that is implemented in spiking neurons
and captures detailed anatomical and physiolog-
ical characteristics of the mammalian brain. The
SPA’s structured representations are a neural im-
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plementation of a Vector Symbolic Architecture
(VSA; Gayler, 2004; Schlegel et al., 2022).

The basic strategy of the SPA is to couple a
VSA’s algebraic structure on a vector space, with
coding and decoding operations into ensembles
of neurons. In this way, one can both maintain
compositional analyses of natural language in a
transparent way that differs sharply from Large
Language Model approaches, while retaining the
robustness and the continuity vectors provide in
semantic space.

While significant progress has been made within
such an approach, it has dealt so far with relatively
simple semantic phenomena. (Larsson et al., 2025)
offers extension of this approach to a complex se-
mantic phenomenon involving variable binding, de-
veloping an analysis of wh—questions. In contrast
to existing formal semantic treatments, this analysis
enables an interface with memory, since answering
questions involves in some cases long term mem-
ory (e.g., (1a)), in others working memory, at times
a combination thereof (e.g., (1b)).

(D

a. What is the largest city in Kurdistan?

b. Are you aware of the tsetse fly on your
plate?

In this paper, we extend this approach to po-
lar questions. We analyze a polar question p?
as a propositional function AP.P(p) that seeks
to instantiate a modifier of the proposition p and
show how this can be implemented in SPA. What
emerges is a unified, compositional treatment of
the two major classes of questions! in a neuro-
semantic framework. Beyond the explicit interface
with memory, our analysis of polar questions is
superior to existing accounts of polar questions de-
veloped in the formal semantics literature in two
important ways:

"Evidence from 10 languages show these two classes con-
stitute typically >95% of questions (Bolden et al., 2023).
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1. Answerhood: Formal semantic treatments of
polar-questions (with a few exceptions dis-
cussed below) analyze these as the simplest
type of question, whose answers are ‘yes’ and
‘no’ (hence the term ‘yes/no—questions). As
we will demonstrate, this widely held assump-
tion is contradicted by both introspective and
corpus data that shows such questions give
rise to an intrinsically wider range of answers,
which our analysis captures.

. Order of emergence in language develop-
ment: recent data from language acquisition
(Moradlou et al., 2021) shows that across lan-
guages, wh-questions are understood by in-
fants before polar questions, despite biases
favouring the latter in the input.”> As Moradlou
et al. (2021) demonstrate, (in the languages
they consider and probably in general) polar
questions are clearly not more complex syn-
tactically than wh-questions. This suggests
that polar questions are in some way more
complex semantically than (certain types of)
wh-questions, contradicting virtually all ex-
isting formal semantic analyses, as discussed
below. Our analysis underpins the explanation
offered by Moradlou et al. (2021) for the order
of emergence, tied as it is to the relative dif-
ficulty of grounding answers of a given type
of question to elements in the context. For
the early understood wh-questions, these are
concrete entities (Carer: What is this? (Carer
points to the object): A pencil), whereas for
polar questions these are (abstract) proposi-
tional modifiers (Carer: Is the pencil green
Yes (It is green)/No (It is not green)).

The structure of the paper is as follows: Sec-
tion 2 provides background on existing work on
polar questions, the Semantic Pointer Architecture
(SPA), and Type Theory with Records, the high
level symbolic theory we use for semantic formu-
lation. In Section 3 we describe our proposal for
the analysis of polar questions. Section 4 reviews
and extends the account of Larsson et al. (2025)
of wh-questions in SPA to incorporate the analy-
sis we propose of polar questions. In Section 5
we report the results we obtained of a simulation

“This finding is based both on a corpus study (in the Provi-
dence Corpus (American English) (?) showing that children
provide answers to certain wh—questions before ‘yes’/no’ are
produced. It is also based on experimental work involving
elicitation studies (in German and Chinese).
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of our account within the neuro-simulator Nengo
(Bekolay et al., 2014). In Section 6, we conclude
and describe future work.

2 Background

2.1 The semantics of polar questions

There are a wide range of approaches to the se-
mantics of questions (see Wisniewski, 2015 for a
review.). Nonetheless, on just about all existing
theories, the entities denoted by wh-interrogatives
are more complex entities than those denoted by
polar-interrogatives. For instance, in what is prob-
ably the most commonly held view, the approach
of (Hamblin, 1973), polar interrogatives denote the
set {p, —p}, whereas wh-questions denote a poten-
tially large set of possible candidate entities that
might instantiate the property in question; in the
partition theory (Groenendijk and Stokhof, 1997),
a polar-interrogative denotes a partition that has ex-
actly two entities (corresponding to the question be-
ing resolved positively or negatively, respectively.)
With a unary wh-interrogative, the size of the parti-
tion is less determinate, it depends on the number
of possible candidate entities that could serve as
fillers for the property in question—if that number
is known to be n, then the size is 2.

Related to this is the fact that the notion of an-
swerhood provided by such theories recognizes for
a polar question p? two answers, p and its negation
—p. The motivation for this is that when interroga-
tives are embedded by resolutive predicates (e.g.,
‘know’ or ‘discover’) they coerce the interrogative
to denote a proposition that resolves the question
(Lahiri, 2002; Ginzburg and Sag, 2000) and for po-
lar questions these are p and —p. As pointed out by
(Ginzburg, 1995; Omar, 2020) there are a variety
of other propositions that count as about a question,
without potentially resolving it:

(2) a. Jill: Is Millie leaving tomorrow? Bill:
Possibly/It’s unlikely/If it doesn’t rain.
b. Bill provided information about whether

Millie is leaving tomorrow. ((Ginzburg,
1995), ex., (99,101))

Corpus studies indicate that such answers are
not rare: in a study of polar answers in (a subcor-
pus of) the Switchboard corpus by (de Marneffe
et al., 2009) non-polar answers constitute 21/638
responses, whereas in a study of indirect answers to



polar questions building subcorpora from Switch-
board and the Circa corpora (Wang et al., 2024) pro-
vide figures of 55% (Movie domain), 7% (Travel
domain), and 34.7% (Tennis domain) (n=900) for
responses not entailing ‘yes’ or ‘no’ (though these
presumably also include cases classified as ‘evasive
responses’ (e.g., ‘I don’t know’, ‘Not a question
I would like to answer etc) in the taxonomy of
responses to questions of (Ginzburg et al., 2022).).

2.2 SPA (Semantic Pointer Architecture)

SPA utilizes holographic reduced representations
(HRR; Plate, 2003). These are a particular im-
plementation of compressed representations, that
is, (higher-order) semantic representations that are
obtained by “compressing” (lower-level) semantic
representations (Hinton, 1990). HRRs achieve this
with two key operations: vector addition that simu-
lates conjunction, and circular convolution, a mul-
tiplication operation that binds high-dimensional
vectors of dimension d into a new vector of di-
mension d. HRR is a true-to-dimension instance
of a Vector Symbolic Architecture (VSA; Gayler,
2003), in contrast to, for instance, tensor products
(Smolensky, 1990). This feature of HRR is cru-
cially for biological plausibility in terms of space
utilized for representation (Stewart and Eliasmith,
2012)

The vector algebra of HRR includes the follow-
ing operators (a, b, ... are (normalized unit) vec-
tors.):

+:a+b = [ao+b0, a;+bq,... ,ad_1+bd_1]

—a—b= [ao—bo, al—bl, e ,ad_l—bd_l]

-1
®c=a®b:c;= > arb; i (mod q)
k=0

: ol
inverse: a’ = [ag,a4-1,a4-2,a4-3,...,a1]

+ and ® have many properties in common with
both scalar and matrix multiplication. They are
commutative, associative, and satisfy distributivity.
In this approach, contents for NL expressions can
be compositionally built up with potential recursion
using these operations on vectors, as exemplified
in (3); (here and below dog_52,cat_63, etc. are
vectors corresponding to a fixed entity, or class
thereof.)

(3) a. The dog chases the cat —
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chase®rel+dog_52®agent+cat_63®
theme

John thinks the dog chases the cat
— John_17 ® theme + think ® rel +
(chase®rel+dog_52®agent+cat_63®
theme) ® proparg

The fact that any vector a has an approximate in-
verse a’ (for which a ® a’ ~ 1) plays a key role
in enabling a theory of questions to be developed.
Given a structure such as

(4) agent ® dogs; + frame ® chase 4 theme ®
catys

“Who does dogs, chase?” amounts to unbinding
(4) with theme’ and thereby retrieving an answer.

(5) (4) ® theme' = agent ® dogs, ® theme’ +
frame ® chase ® theme’ + theme ® catyz ®
theme’ = noise + caty3 ~ caty3

It is noteworthy that the true-to-dimension HRR
vector manipulations are lossy: in particular the
inverse a’ of a vector a is not the exact inverse but
approximates it. This “lossiness” introduces the
need for clean-up memories when using it in cog-
nitive VSA architectures like the SPA (see below).

2.3 Type Theory with Records (TTR)

Our general strategy to semantic analysis is to for-
mulate analyses in a high level (symbolic) semantic
framework, here Type Theory with Records (TTR).
(Cooper, 2023; Chatzikyriakidis et al., 2025). An
important motivation for using TTR is that all com-
plex TTR objects are constructed from labelled sets,
which correspond to the representation of struc-
tured objects which SPA achieves using superpo-
sition and circular convolution. This is the basis
for a systematic mapping to SPA (Larsson et al.,
2023), which in turn has a direct mapping into
neural networks via the Neural Engineering Frame-
work (NEF; Eliasmith and Anderson, 2003) which
implements vectorial representations and manipu-
lations in neural simulations.’> How many levels
of explanation are necessary is an open question,
but as Eliasmith and Kolbeck (2015, e.g., p. 331)
demonstrate, it is often necessary to ‘[be] thinking
about multiple levels simultaneously when con-
structing information-processing systems.’

3See https://www.nengo.ai/.



We sketch here those aspects of TTR that are
used in this paper. s : T represents a judgement
that s is of type T'. Types may be either basic or
complex (in the sense that they are structured ob-
jects which have types or other objects introduced
in the theory as components). One basic type that
we will use is Ind, the type of individuals; another
is Real, the type of real numbers.

Among the complex types are ptypes which are
constructed from a predicate and arguments of ap-
propriate types as specified for the predicate. Ex-
amples are ‘woman(a)’, ‘see(a,b)’ where a, b : Ind.
The objects or witnesses of ptypes can be thought
of as situations, states or events in the world which
instantiate the type. Thus s : woman(a) can be
glossed as “s is a situation which shows (or proves)
that a is a woman”.

Another kind of complex type are record types.
In TTR records are modelled as a labelled set con-
sisting of a finite set of fields. Each field is an
ordered pair, (¢, 0), where / is a label (drawn from
a countably infinite stock of labels) and o is an ob-
ject which is a witness of some type. No two fields
of a record can contain the same label. Importantly,
o can itself be a record.

A record type is like a record except that the
fields are of the form (¢, T) where / is a label as
before and 7T is a type. The basic intuition is that
a record, r is a witness for a record type, 7', just
in case for each field, (¢;, T;), in T there is a field,
(4;,0i), in r where o; : T;. (Note that this allows
for the record to have additional fields with labels
not included in the fields of the record type.) The
types within fields in record types may depend on
objects which can be found in the record which is
being tested as a witness for the record type. We
use a graphical display to represent both records
and record types where each line represents a field.
Example (6(i)) represents the type of records which
can be used to model situations where a woman
runs, whereas (6(ii)) represents a record of that type
where a : Ind, s : woman(a) and e : run(a):

ref Ind
6) ()| Ccwoman woman(ref)
Crun run(ref)
ref = a
(11) Cwoman S
Crun = ¢
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3  Questions: Semantic analysis

We will assume a view of questions as proposi-
tional functions, a view apparently initiated by Aj-
dukiewicz (1926), developed significantly in Ku-
binski (1960), and subsequently shared and further
developed by a number of different approaches,
e.g., Krifka (2001). This view offers (a) a direct
explanation of short answers to questions (Jacob-
son, 2016) —the short answer corresponds to the
‘missing argument’ and (b) is the basis for the most
detailed account of answerhood (Ginzburg and Sag,
2000, pp. 129-149) that we are aware of.

The simplest way to implement a propositional
abstract in TTR, which we adopt here, is to treat
a question as being an entity as in (7a), that is, a
function from objects of a particular type returning
a type that can be used as a proposition. A ‘who’—
question is exemplified in (7b), a ‘where’—question
is exemplified in (7c), and a multiple wh-question
is exemplified in (7d):

(7) a. Ax:Ty.7T, where T} and T5 are types.
b. Who chased the cat —
Ax : Ind . [cl : Chase(a:,c))]
c.  Where is the cat —
AL: Loc . [e2: In(l,0)]
d. Who chased whom

Az Ind,y: Ind . [cl : Chase(x, y)]

In past work on questions in TTR questions were
treated as O-ary abstracts, implemented as abstrac-
tion over an empty set or as unrestricted abstraction.
Here we propose to unify polar-questions with wh-
questions and identify the ‘missing element’ for po-
lar questions as a propositional modifier, drawing
on the data in (2). This yields a content exemplified
in (8).
(8) Did the dog chase the cat
AP : PropMod . [03 : P(Chase(d,c))]

As a consequence, the space of simple answers
to the question—the instantiations of the proposi-
tional abstract the question is assumed to denote—
is broadened widely for a wide range of answers
such as probably, certainly, unlikely, certainly not,
and even conditional answers such as if it does not
rain can be included. This also yields a particu-
lar simple view of what ‘yes’ and ‘no’ denote as
short answers, which gives rise to a unified account



together with answers to wh—questions: ‘Yes’ on
this view is the identity function, whereas ‘No’ is a
function that is the negation function for positive
polar questions and the identity for negative polar
questions, given the data in (9):

©) a. Yes+— Ap: Type.p
b. Now~ {Ap: Type.—p q : positive pol-
question
Ap : Type.p q : negative pol-question }
c. A: Do you want coffee? B: No (I don’t
want coffee).
d. A: Youdon’t want coffee? B: No (I don’t

want coffee).

On this view polar questions involve searching
for propositional modifiers in contrast to ‘who’-
questions and ‘where’-questions, which which in-
volves searches for (human) individuals and loca-
tions, respectively. This offers the required under-
pinning for the developmental finding by (Morad-
lou et al., 2021, p. 175) discussed in section 1:
‘Wh-questions emerge earlier because the answer
that can be provided to such questions in “train-
ing sessions” between carer and child is easier
to ground perceptually than the abstract entities
expressed by propositional answers required for
polar-questions.’

4 Integration of semantic analysis of
questions and neural modeling

4.1 Question construction in SPA

This paper builds directly on the framework de-
veloped by Larsson et al. (2025), which proposes
a hybrid semantic—neural account of question an-
swering, integrating a type-theoretic analysis of
questions with the Semantic Pointer Architecture
(SPA).

A \-structure is encoded in SPA as a structured
semantic pointer comprising (i) a vector represent-
ing the ptype corresponding to the question body,
(ii) a A-path pointer indicating the role or field in
the ptype where the abstracted value is to be in-
serted, and (iii) a type constraint on the abstracted
variable:
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(10) a. Awv: Ind.chase(dogssa,v)

lambdapath ® arg2+
lambdatype ® Ind+
pred ® chase+
argl ® dogsa+
arg2 ® I

b. Q

body ®

with I the identity vector I = [1,0,0, .. .], such that
for any vector x, I ® x = x. This is a variant of de
Bruijn indexing (de Bruijn, 1972), coding lambda
terms without using variables but using paths to
mark positions instead.

Question answering is modelled as a function
application and memory retrieval over such repre-
sentations. A-application is approximated by vec-
tor symbolic operations that replace the abstracted
component of the question-body ptype with an an-
swer vector, yielding a fully specified ptype:

(11)  f(Q,A) = Q@®body — Path+ Path® A
where Path = () ® lambdapath’

For the specific () = Q given above and A = A
given in (12a), Path = (Q ® lambdapath’ evalu-
ates (with some noise) to arg2, hence yielding, as
shown in (12b) the desired answer:

(12) a. A =catys
pred ® chase+
b. P = argl ® dogs2+ — arg2 +
arg2 ® I

pred & chase+

arg2®caty3~ | argl ® dogsa+
arg2 ® catys

Memory retrieval exploits the structural similar-
ity between the question-body ptype and stored
ptypes in associative memory, where candidate
ptypes are retrieved via unbinding and clean-up
operations. Lastly, the abstracted value is extracted
by unbinding with the A-path pointer. Type com-
patibility between questions, answers, and ptypes
is enforced using vector-encoded type information
and clean-up over a domain of types.

In extending the SPA-TTR framework from wh-
questions to polar questions, the modifier is repre-
sented as a separate meta-propositional field. The
new proposition is augmented with a modifier slot,
and the original proposition itself becomes an argu-
ment.

Accordingly, a polar question abstracts over the
modifier field inside the nested structure rather than
over an unstructured response token. A Yes answer



corresponds to binding the modifier role to a value
YES, while No corresponds to binding it to a neg-
ative value NO. This strategy cleanly separates
propositional content from modification, supports
short answers, and avoids destructive vector nega-
tion.

(13)
Q=
lambdapath ® modifier+
lambdatype ® modifiertype+
modifier ® I+

pred ® chase+
body @ argl ® | arg2 ® dog+

arg3 ® cat

For example, with an answer such as (14), we
expect to obtain a ptype such as (15) by inputting
Q and A into a SPA network for \-application.

(14) A =Yes
modifier ® Yes+
_ pred ® chase+
sy P= argl ® | arg2 ® dog+
arg3 ® cat

Using the schema in (11), the computation above
outputs the body of the question with the A- ab-
stracted variable replaced by the argument, yielding
the form indicated in (15).

4.2 Answer extraction from a polar question
ptype

So far, we have focused on how to construct a com-
plete propositional type by combining the given
question and answer. In naturalistic question an-
swering, however, the more common situation is
the converse: a question is given as input to the net-
work, and an appropriate answer must be extracted
from a proposition stored in memory a priori. In
this setting, the network is assumed to have access
to a ptype P encoding a proposition that resolves
the question Q, and the task is to retrieve the corre-
sponding answer value A.

In Larsson et al. (2025), a type checking mecha-
nism is implemented via a reconstruction test: after
a candidate proposition is retrieved from memory,
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the model attempts to recombine it with the ques-
tion’s A—abstraction, and type compatibility is de-
termined by whether the resulting vector can be
successfully cleaned up to a proper ptype. Failure
is taken to indicate a type mismatch. The present
work adopted this mechanism and extended it to
polar questions by replacing abstraction over indi-
viduals with abstraction over modifier values.

The answer-extraction process utilizes the same
structural information encoded in the question rep-
resentation that is used for A application. In par-
ticular, the A-path field of the question specifies
the role or position within the ptype from which
the answer is to be retrieved. Answer extraction
can therefore be implemented by unbinding the
stored ptype with the inverse of the A-path pointer
supplied by the question:

(16)  f4p(Q, P) = P ® (Q ® lambdapath’)’

Intuitively, the modifier is first unbound with
lambdapath to recover the role corresponding to
the abstracted argument. This role pointer is then
inverted and used to unbind the stored ptype, yield-
ing the filler associated with that role.

For the example discussed above, where the
question is Does dog chase cat? and the stored
ptype encodes the proposition (15), the computa-
tion proceeds as:

(17) P) P® (Q®

P ® (modifier)’ ~ Yes

A Jap(
lambdapath’)’

)
~
~

5 A proof-of-concept model

5.1 Neural simulation results

To see if A-abstracted question answering is feasi-
ble with neural network models, we implemented
the key steps of Section 4 in Nengo (https://
www.nengo.ai/).The encoded proposition reser-
voir, from which an answer is to be found, consists
of 5 propositions, represented by role-filler seman-
tic pointers (vectors of 256 or 512 dimensions).
The contents of the propositions are the following:
P1 = dog chases cat, P2 = cat does not like mouse,
P3 = mouse sees dog, P4 = cow does not chase
cat, P5 = dog likes cow. The inputs to the network
are three questions, posed one after the other: 1.
Does dog chase cat? 2. Does cat like mouse? 3.
Does mouse see dog? Answers corresponding to
the questions can be found in propositions 1, 2, and
3, respectively. To obtain the answers from the



propositions, the networks unbind the body and the
A-path from the question, subtract the \-path, and
unbind both to retrieve the value bound with the
propositional modifier (i.e., compare the resulting
vector to the semantic pointers in clean-up mem-
ory).

In (Larsson et al., 2025), an intermediate mem-
ory clean-up step, which, by design, is to use an
index of ptypes for searching the answer, was in-
troduced to reduce noise. In its implementation, an
auto-associative module was used to achieve the
desired outcomes. This module is preserved. After
the ptypes P1 to PS5 unbind the body from Q (see
“Memory Input”), the intermediate output semantic
pointer is processed by an auto-associative mem-
ory clean-up to pin point the most similar ptype
by a winner takes all mechanism (see “Memory
Output”).

Memory Input
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Figure 1: Retrieving a fragment answer according to 4.2 from
a neural simulation. The neural simulation is dynamic because
it runs in real time. The elapsed time (in seconds) is shown on
the x-axis. The input to the network changes over time: from
0 to 0.25 the input is a semantic pointer corresponding to the
question Does dog chase cat?, from 0.25 to 0.5 to the question
Does cat like mouse?, and from 0.5 to 0.75 to Does mouse see
dog?. From 0.75 onwards, no question is asked.

The simulation result is shown in the bottom row
in Figure 1 (“Answer with Intermediate Memory
Clean-up”) and indicates the network’s capacity
to retrieve answers from encoded propositions via
the A-calculus. As is clear from the intermediate
Figure 1 (which shows that winning P has similarity
near 1 in all cases), the robustness issues arising
from noise, exemplified in the bottom Figure 1
are not in relation to finding the right ptype but
only in extracting out the polarity from the ptype
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once it has been identified. Thus, if the simulation
instead looked solely for non-elliptical answers
(answering with the whole ptype) we obtain near
perfect performance. Robustness issues are likely
due to unbinding from P with a noisy path (Q ®
lambdapath’).

5.2 Robustness test results

Since representations and operations in the SPA
rely on randomly initialized high-dimensional vec-
tors, the behavior of the model is, in principle, sen-
sitive to the choice of the initial state, i.e., a ran-
dom seed. To assess the robustness of the proposed
question-answer mechanism, a systematic evalua-
tion was conducted. Specifically, we sampled 100
random seeds. For each seed, the full question-
answering procedure was executed on the same set
of 3 test questions. We used the number of correctly
answered questions per trial, a score between 0 and
3, as the metric. 2 conditions were evaluated: 256-
and 512-dimensions. As shown in Figure 2, per-
formance is more stable at higher dimensionality:
the 256-dimensional condition exhibits greater vari-
ability across random initializations, whereas the
512-dimensional condition shows a stronger con-
centration of perfect scores. This indicates that the
proposed question-answering mechanism is robust
to random initialization, more consistent at higher
dimensionalities, and that human-like performance
is not driven by idiosyncratic properties of specific
random seeds.

100 Score Distribution over 100 Random States

mm d =256
3 d =512

80 1

Frequency
o
S

2
S

04

0 1 2 3
Score

Figure 2: Score distributions over 100 random initializations
for the polar question task. Each histogram shows the frac-
tion of the three test questions answered correctly per trial
for semantic pointer dimensionalities of 256 (blue) and 512
(orange). Higher dimensionality yields more consistent per-
formance.

6 Concluding Remarks and Future Work

In this paper we offer an extension of an earlier pro-
posal for treating wh-questions within a composi-
tional, neurally—implemented semantic framework



that interfaces with memory to the other main class
of questions, namely polar questions. Our proposal
yields improved empirical coverage for polar ques-
tions as compared with previous formal semantic
accounts. It also offers the basis for an account
of the finding by (Moradlou et al., 2021) that un-
derstanding for wh-questions emerges in language
development before that of polar questions—a find-
ing that goes against previous accounts of questions
in which polar questions are simplest in terms of
their semantic complexity.

However, our account is still preliminary in a
number of important respects that require develop-
ments in neural semantics and neural modelling of
memory.

Answer Selection As mentioned in Section 4,
the modifier term can contain different answers
ranging from short answers to more complex con-
ditional answers. Implementing such an enriched
answer space in SPA would requires mechanisms
beyond the binding and clean-up operations em-
ployed at current stage. In particular, distinguishing
between graded or conditional answers plausibly
depends on relations of entailment or compatibility
between propositions, rather than on simple struc-
tural matching. Though SPA supports approximate
similarity-based reasoning, modeling answerhood
in this richer sense requires integrating explicit log-
ical constraints, graded inference (Sadrzadeh et al.,
2018), and probabilistic representations (Furlong
et al., 2022) into our account. This is also necessary
for developing answer selection strategies akin to
exhaustivity.

Memory compartmentalization in SPA A cen-
tral issue highlighted by the present work concerns
the treatment of memory in SPA. The SPA we cur-
rently employ represents memory as a collection of
semantic pointers in its vocabulary, without a prin-
cipled architectural distinction between different
memory systems such as long-term memory and its
various subsystems (episodic, semantic, procedural
etc) and working memory. Despite recent efforts
to bridge this gap (Gosmann and Eliasmith, 2021),
memory in SPA is largely modelled as a uniform
representational substrate. From a computational
perspective, this lack of compartmentalization lim-
its the transparency. In the current model, proposi-
tional representations that function as background
knowledge and those that are actively manipulated
during question answering are treated uniformly.
However, the operations involved in answering a
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question naturally decompose into stages with dis-
tinct functional roles: propositions must first be
stored in a relatively stable form, plausibly corre-
sponding to long-term or short-term memory, while
the receipt of a question initiates a transient se-
quence of transformations that are more naturally
associated with working memory.

Besides, a more articulated memory architec-
ture is also desirable on linguistic and cognitive
grounds. Empirical work suggests that language
comprehension involves dynamic interaction be-
tween stable knowledge representations and tem-
porarily maintained structures that are sensitive to
the current conversational context (Daneman and
Merikle, 1996). Treating all memory as a single
homogeneous store risks conflating these distinct
roles, whereas a whole network with distinct mech-
anisms might better reflect current views in psy-
cholinguistics and cognitive neuroscience.
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