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Abstract

Natural languages distinguish between objects
satisfying a predicate and those satisfying its
complement, often using a simple lexical nega-
tion. In emergent communication, however,
a system may separate positive and negative
meanings without developing a single negation
marker: polarity may be tied to the thing being
negated, distributed across multiple symbols,
or reflected only in accidental correlations. We
propose an information-theoretic account of
negation applicable to discrete communication
systems. We first study these metrics on toy
languages, showing how they can be used to de-
tect various patterns and how these are indeed
related to negation. We then apply them to lan-
guages emerging in a signalling game with set-
complement relations, under pressures known
to favour compositionality. The results suggest
that these pressures can produce high-scoring
polarity-sensitive features, but not necessarily
a compositional encoding of negation. More
generally, we highlight both the usefulness and
the limits of targeted semantic diagnostics for
analysing structure in emergent languages.

1 Introduction

In natural language, the fact that the meanings
of many complex expressions seem to be com-
putable using only the meanings of their imme-
diate subparts and the way they are combined is
known as compositionality (Frege, 1892; Montague
et al., 1970; Partee, 1995; Fodor and Lepore, 2002).
Recent work shows that compositionality is not
uniformly realised across language use, and that
complex expressions in natural language retain a
high degree of arbitrariness (Baroni, 2019; Dankers
et al., 2022; Sathe et al., 2024). Limited forms of
composition are also attested in some animal com-
munication systems (Crockford and Boesch, 2005;
Girard-Buttoz et al., 2022; Arnon et al., 2025).
What is distinctive about human language is
therefore not simply the presence of regular combi-
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nation, but its scale (Bortolato et al., 2023), system-
aticity (Pinker, 2003; Hurford, 2003), and cultural
transmission (Kirby et al., 2008; Arnon and Kirby,
2024). Compositionality may be crucial in this
respect, since finite, memorable components and
reusable rules make it possible to express an infinite
range of meanings.

In recent years, substantial work has investi-
gated the emergence of language-like communica-
tion systems, including the conditions under which
structured and compositional languages arise both
in human participants (Kirby et al., 2008, 2014)
and computational settings (a.o. Lazaridou et al.,
2018; Dessi et al., 2019; Chaabouni et al., 2020;
Baroni, 2019; Tucker et al., 2022; Bernard and
Mickus, 2023; Akkerman et al., 2024). So far,
this work has mostly focused on the emergence
of content words: labels for objects, properties,
spatial relations, commands for movement (e.g.
big blue bug, big red cube (to the) top left, go
right). Far fewer studies have investigated the emer-
gence of functional or logical elements (Steinert-
Threlkeld, 2020; Todd et al., 2020; Korbak et al.,
2020), such as quantifiers, determiners, or negation.
This is an important gap because content words
are commonly interpreted as sets, and their com-
position via set intersection (e.g. [blue bug] =
[blue] N [bug]) or, equivalently, logical conjunc-
tion (e.g. [blue bug](x) = [blue](z) A [bug](z))
— the resulting expressions are said to be trivially
compositional (Schlenker et al., 2016; Zuberbiihler,
2018; Steinert-Threlkeld, 2020). By contrast, oper-
ators such as negation and quantification introduce
non-intersective composition: the meaning of “not
blue”, for instance, cannot be computed by inter-
secting the meaning of “blue” with any set. In this
article, we focus on negation as a minimal instance
of non-intersective operator.

Note however that a language that can express
some predicates (or sets) and their negation (or
complement) might not encode negation composi-
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tionally, or not with a single dedicated lexical item
or syntactic construction. For instance, negation
may be conflated with some predicates (cf. present
and its negation absent) or distributed across multi-
ple lexical items (French ne ... pas negation). Dis-
tinguishing between these possibilities is necessary
for understanding emergent languages, comparing
how artificial and natural languages encode nega-
tion, characterising typological variation in nega-
tion, and analysing how models represent semantic
structure.

In this paper, we first propose information-
theoretic metrics — negation strength, homogeneity,
value entanglement, and value conservation — for
detecting some forms of negation encoded in dis-
crete communication systems, where signals are
finite sequences of symbols. These metrics dis-
tinguish constructions that encode polarity com-
positionally from those that conflate polarity with
predicate content, arise from distributed items, or
reflect incidental correlations with polarity. We
then apply these metrics on controlled toy lan-
guages to illustrate which kinds of negative con-
structions they can be used to detect. Finally, we
present a signalling game that crucially revolves
around set complementation and apply our met-
rics on languages obtained in an exploratory set-
ting to study the emergence of negation. The as-
sociated experiment serves to illustrate the met-
rics for emergent language and provides prelim-
inary validation; however, the results remain in-
conclusive regarding the types of pressure that re-
liably favour the development of a compositional
encoding of negation. Code is available at https:
//github.com/TimotheeMickus/LEMURIA/.

2 A Formal Model of Negation in Discrete
Communication

To express the negation of a predicate, languages
sometimes use a different, arbitrary name (ex:
leave for the negation of stay), a prefix (ex: im
in impossible), a preposition (ex: without), a syn-
tactic rule involving a dedicated lexical item (ex:
not), and we can think of many other attested and
non-attested solutions (such a simply changing the
position of the predicate in the utterance, repeating
the name of the predicate, or spelling it backward).
In this paper, we focus on forms of negation ex-
pressed via one or more elements, be them words,
parts of words, or any other sequences of symbols.
For simplicity, we call these forms of negation lexi-

cal negations (in slight contrast with the standard
terminology that takes the use of not in English to
be a form of syntactic negation) to distinguish them
from, among other constructions, the use of com-
plex syntactic rules (e.g. ones involving movement
or repetition).

In this section we first characterise lexical nega-
tion in a discrete communication channel through
multiple information-theoretic measures. We then
use these measures to define metrics aimed at quan-
tifying negation; optimising said metrics over a set
of constructions is a manner of detecting negation.
Finally, we discuss examples and cases where the
proposed metrics fail to capture intuitively valid
encodings of negation, for instance when negation
is expressed through multiple lexical items or when
correlations unrelated to negation lead to false pos-
itives.

2.1 Desiderata for Detecting Negation

Consider a set U and a language £ such that the
elements of L, called signals, are interpreted as
subsets of U. For example, we could have a set of
objects U, a signal r € £, and r interpreted as the
set [r] C U of red objects. In such a setting, set
complementation (in U) can be interpreted as nega-
tion: U \ [r] is the set of non-red objects; in what
follows, we note this set —[r]. If £ contains many
pairs of signals denoting a set and its complement,
then these signals might use a lexical item that one
would intuitively describe as a negation. How to
detect this lexical item automatically?

Here we assume a set of values V (e.g. colours,
such as blue and red) in bijection with the objects in
U; in fact, we assume that each value is a singleton
of U and vice-versa (e.g. each object is of a single
colour, and no two distinct objects are of the same
colour). We then define the set of messages to
be M = VU {-v | v € V}. For instance, if
V = {{o,},{og},{on}}, corresponding intuitively
to three colours (red, green, and blue), then M =
Hor}, {09}> {ov}, {or, 09}7 {or,0p}, {Og’ op}t}

We assume that the signals are finite sequences
of symbols; there is a finite alphabet ¥ such that
L C ¥*. We also assume that each signal expresses
amessage: Vs € L, [s] € M,so[s] CU.

We call boolean random variables on signals
features (e.g. the presence of a specific symbol),
and our goal is to automatically detect features
that are lexical negations as described above. To
formalise this notion, we define V and IV, the two
random variables on messages such that Vv € ),
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e V(v) =V(—w) =,
* N(v) =+and N(—v) = —.

V is the value variable and N the polarity variable.

If we consider a set of colours and English re-
stricted to expressions such as red, not red, blue,
not blue, we observe that the presence of not en-
tirely determines /N and gives no indication on V.
We note this feature X4 = not; X4 = 1 if not
appears in the signal, 0 otherwise. In information-
theoretic terms (Shannon (1948); Weaver (1953);
see also Cover and Thomas (2006) for an introduc-
tion) and noting [ (X;Y') for the mutual informa-
tion between random variables X and Y, I(X 4; N)
is maximal and I(X 4; V) is null.

We argue, however, that a feature X can qualify
as a negation even if I(X; N) is not maximal. That
I(X; N) be maximal corresponds to a form of ho-
mogeneity. Imagine a variant of English containing
not, red, and not-blue in its vocabulary, such that
red and not not-blue denote red and blue objects
respectively, and that not red and not-blue denote
not red and not blue objects respectively. Here,
the presence of not gives, by itself, no indication
on N, but just like in the first language, X 4 fully
determines N given V. In this language, X 4 is a
non-homogeneous negation. These considerations
lead to the following definitions:

Negation Strength

_I(X;N V) |
" HIN[V) .

Normalising on (conditional) entropy H (N | V)
coerces the value into a score in [0, 1]. Candidate
features for negation can be selected by optimising
this metric.

While we do not take homogeneity to be a nec-
essary property of negation, it is still an interesting
one. We quantify it as follows:

Negation Homogeneity

_I(X;V[N)

A AR

2

If for some values, the feature X is used to indicate
that N=+, and is used for other values to indicate
that N=—, then given the value of N, knowing
whether X = 1 helps determining the value of
V'; in other words, X carries information about V'
given N. The quantity above is 1 when X is used

homogenously and decreases for features that are
non-homogeneous.
Negation strength alone can be used to detect
negation in simple cases such as the language:
[red] = red,
[blue] = blue,
[not red] = —red,
[not blue] = —blue

(A)

Still considering the presence of not, X 4 per-
fectly encodes negation and has a negation strength
n = 1; similarly with [not not-blue] = blue in-
stead of [blue] and [not-blue] = —blue instead
of [not blue] in the language. However, we are
also interested in composite features, of the form
X = XV Xy V--- X, where each X is the
presence of a lexical item. Consider the following
language:

[red] = red,

[blue]] = blue,

[not red] = —red,

(B)

[no blue]] = —blue

In this language, Xp = (not V no) has maximal
negation strength, in contrast with both not alone
and no alone. Considering composite features is
useful when negation is lexicalised not by one but
by multiple lexical items. But as explained be-
low, when considering composite features, maxi-
mal negation strength does not guarantee that the
feature under discussion indicates the presence of
a negation in the intuitive sense.
Consider for instance the following language:

[red] = red,
[blue] = blue, ©
[der] = —red,

[eulb] = —blue.

The feature X = der V eulb has maximal nega-
tion strength, however it does not indicate the ex-
istence of what we would call a lexical negation.
More generally, if there is a bijection between mes-
sages and signals, the feature that is the disjunction
of all of the signals used for negative messages
will always have maximal negation strength (and
some other features do too), even if the language is
entirely arbitrary and no lexical negation exists.

To help us detect lexical negations, given some
composite feature X = X;VXaoV---V X, we note
T the random variable (X7, X, -+, X,;) (whose
values are in {0, 1}"). We now define:
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Value Entanglement

TV | X=1)

H(V | X=1) ©)

I(T;V|X=1) quantifies how much knowing
which of the Xs are true tells us about V' when
X=1. For X¢ in language C, ¢ is maximal, re-
vealing that the disjunct features of X together
fully predict V. The metrics n and ¢ provide
solid ground for detecting negation; when negation
strength is high and value entanglement is low, we
argue that X is probably a lexical negation marker.

However, zero or low value-entanglement may
be too strict a criterion. Indeed, value entangle-
ment can be non-zero for cases of class-specific or
typed negation1 (it is the case for Xp in B). For
instance, a simplified version of German might use
the negation kein for nouns and nicht for adjec-
tives. Consider the language including

[kein Wiirfel] = —cube,

[kein Kugel] = —sphere, D)
[nicht rot] = —red,

[nicht blau] = —blue,

and their non-negated counterparts. For Xp =
(kein V nicht), n = 1 and ¢ = 0.5 > 0, while
Xp is arguably a high-quality negation marker. We
believe that it is a negation marker because while
T does carry information about V/, this information
is entirely redundant with what is found elsewhere
in the signals (in the nouns and adjectives).

Let us formalise this idea. Given that we con-
sider features of the form X = X; VvV Xo VvV --- X,
where X is the random variable indicating the pres-
ence of some symbol z; € 3, we can define R the
random variable whose value for a signal s is the
sequence of symbols obtained from s by removing
all occurrences of any of z1,x3,--- , z,. For in-
stance, if X = not, for the signal not a white crow,
R = a white crow. We can now define:

Value Conservation

IRV | X=1)

HV | X=1) @

Value conservation quantifies how much the sig-
nals, “beyond X (so to speak), encode V. High
n but low c indicate that the feature X under dis-
cussion separates the meaning space according to

!This kind of negation is attested for natural language, see
for instance Japanese (Nyberg, 2012, 6.3.1).

N while the remainder carries little value informa-
tion. In unrestricted feature spaces, search may
exploit such distributions to construct non-minimal
or weakly interpretable candidates. We dub this
risk feature fabrication.

Finally, we distinguish two notions of negation
for a candidate feature X, based on the previously
defined information-theoretic metrics. First, X is a
strong negation whenn =~ 1 and ¢t ~ 0, i.e. when it
reliably encodes polarity without relying on value-
specific lexical items. Second, X is a weak nega-
tion when n =~ 1 and ¢ = 1, i.e. when it reliably
encodes polarity possibly relying on value-specific
items but then that encode value-information that
is redundant with that carried by the rest of the
signals. These two notions are captured by the
following definitions:

Strong Negativity
n(l —t)
Fe=2——«—— 5
T T+ (1-0) ©)
Weak Negativity
nc

F,=2 . 6
v n+c ©)

2.2 Further Analysis

We now examine how the proposed metrics behave
on other controlled languages.

Negation is typologically diverse in natural lan-
guage (Dryer, 2013) and its realisation may intu-
itively reflect the strong/weak distinction proposed
above. A relatively accessible example of this is
French sentential negation, which in its literary
form is often expressed by a preverbal particle ne
together with a postverbal negative element such
as pas (generic), jamais (never), aucun (none),
etc. In simplified French with sentences such
as [[x ne est pas un chat] and [x ne est aucun chat]
(x is no/not a cat), X, = ne is a perfect, ho-
mogenous negation feature while X, qsvaucun =
(pasV aucun) is a weak, homogenous negation fea-
ture, although both appear necessary for expressing
negation; the difference is that X,4svaucun carries
additional information beyond polarity information
(see scores in Appendix).

In contrast, by alleviating the constraint on
marking nouns or adjectives in D, we ob-
tain the language D’ = {nicht, kein, } X
{Wiirfel, Kugel, rot, blau}. The feature X =
(nicht V kein) in this language is a perfect nega-
tion marker, since nicht and kein are perfectly syn-
onymous.
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Note that in some extreme cases of incomplete
languages, that is languages that do not contain
a signal for all messages, value entanglement and
value conservation may be undefined for some fea-
tures that one might want to call a negation. Con-
sidering for instance

[cube] = cube,

[not cube] = —cube, )
[sphere] = sphere,

[pyramid] = pyramid,

feature X = not does look like a negation feature,
but ¢ and ¢ are here undefined because H(V | X =
1) =0.

Finally, the occurrence of negation might be cor-
related to other changes. Consider for instance the
case of simple past sentences in English, in which
the use of negation not triggers the apparition of
auxiliary did and a change in verb form (e.g. from
I went to I did not go). The presence of the past
auxiliary or of some verb forms is thus correlated
with that of the negative item, which has an im-
pact on the scores of the corresponding features,
even though only not would intuitively be called a
negation. Still, this is not a serious issue, because
the distributions of these features correlated with
negation are significantly different from that of the
actual negation not.

3 Application to Emergent Languages

In order to study the emergence of negation, we de-
signed the signalling game (Lewis, 1969) described
below. Many turns of the game are played in order
to train two artificial agents — the asker and the
retriever — who develop a shared language over the
course of their training.

3.1 Game Definition

As above, we start by considering a set of ar-
bitrary values V (e.g. {blue,red,...}, written
{v1,v2,- -+, vy} below) in bijection with a set of
objects; we see each value as a predicate on ob-
jects satisfied by exactly one of them. We then
define the set of messages as the set of predi-
cates V U {—w | v € V} — where —w stands for
Az. —w(z) —, containing each value and its logi-
cal negation; these messages/predicates are each
assigned a unique index. We call predicates in
V positive and predicates in {—v | v € V} nega-
tive. Positive predicates are thus each satisfied by

a single object while negative predicates are each
satisfied by all objects save one.

At each turn of the game, the index ¢ of a pred-
icate is drawn uniformly at random. The asker
observes ¢ and produces a signal, which is a fi-
nite sequence of symbols. The retriever receives
this signal along with a set of objects and must
determine which of them satisfy the predicate cor-
responding to index ¢. Note that the objects are
entirely symbolic; in our setting, there is one object
per value in V and observing an object for the re-
triever means observing the associated value. The
asker is shown only a categorical index because
any representation reflecting the syntactic or se-
mantic structure of the predicates would bias the
asker toward a structured language (Stowik et al.,
2021; Lazaridou et al., 2018) while our goal is to
see whether set interactions as experienced by the
retriever can induce compositional behaviour.

Both agents are implemented as neural networks,
each built primarily around an LSTM (used as a
decoder for the asker and as an encoder for the re-
triever). The asker includes a predicate embedding
matrix and when it observes an index i, it accesses
its 4™ vector. Similarly, the retriever includes a
value embedding matrix and when it observe an
object, it accesses the embedding of the value asso-
ciated with this object. The asker is trained using
REINFORCE (Williams, 1992): for each object
correctly recognised by the retriever, the asker’s pa-
rameters are updated to stabilise the association be-
tween the observed index and the signal produced
(and conversely, for each incorrectly recognised
object). The retriever is trained using standard su-
pervised learning to classify each input object as
positive or negative given the signal it receives.
Through repeated training, the asker can associate
a meaning (a predicate/set of objects) with each
index, a meaning that it learns to describe with sig-
nals that the retriever learns to interpret. In this situ-
ation, it is entirely possible that the agents develop
a non-compositional language where each index
is associated with an arbitrary, non-decomposable
signal. Nevertheless, under certain constraints —
limited memory, restricted symbol inventory — it
might become advantageous for them to develop a
compositional language.

The presence of semantically encoded negation
in the game creates a communicative pressure (or
advantage) for the development of a language that
will encode negation systematically; a holistic lan-
guage is by definition composed of one lexical item
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per message that the two agents have to agree on,
here twice the number of values, while the devel-
opment on a lexical negation can reduce the set
of lexical item to only one per value plus one for
negation.

3.2 Experiments

We conduct two experiments involving pressures
known to incentivise compositionality in emergent
language due to learning advantages and memory
limitations (Spike, 2017, §2.5).

First, we introduce a retriever reset period n: ev-
ery n training epochs the retriever is randomly reini-
tialised (while the asker is untouched). Kirby et al.
(2008, 2014) show that compositionality presents
a learning advantage when language is transmit-
ted across generations, more so than within a sta-
ble population. In our case, we predict that the
retriever regularly “forgetting” the language incen-
tivises the agents to develop a compositional encod-
ing of negation. We call an epoch a sequence of 250
batches, each batch corresponding to 2048 rounds
of the game played in parallel, with two objects per
predicate, exactly one satisfying it. We train the
agents for 50 epochs across spaces of 2 x 4, 2 x 16,
and 2 x 64 predicates (below, we often count in
terms of predicate pairs, i.e. in terms of |V|) and
retriever reset period of 1, 4, 10 and 50 epochs (the
latter value is equivalent in practice to no retriever
reset). Three randomly initialised runs are done
per setting. Signal length is capped at 10 and al-
phabet size at the number of predicates +1 (for
an end-of-sequence symbol 0), to allow arbitrary
codes.

Then, we repeat the experiment with 2 x 64 pred-
icates and add an alphabet penalty to the asker’s
training loss, i.e. a term that penalises alphabet
usage.” The higher its value, the stronger is the
pressure for the asker to use as few unique symbols
as possible, possibly trading off game performance.
A strong enough alphabet penalty would, among
other things, encourage the asker to be more consis-
tent, avoiding to use multiple symbols interchange-
ably (as if they were synonyms). In particular, en-
coding negation with a shared marker is then more
economical than using multiple alternatives.

>Within a batch of rounds, for each round, the asker re-
ceives a penalty for each symbol occurrence in the signal it
produces in this round. All symbols, globally in the batch,
lead to the same penalty (set as a hyperparameter Aqpn) and
this penalty is distributed equally over all occurrences of the
same symbol.

We report the value of the metrics defined in
Section 2 for the features that maximise them when
the agents game performance is the highest (one
evaluation is performed after each training epoch),
defined as the accuracy of the retriever. We focus
on this epoch because the metrics are only meaning-
ful for a language that solves the communication
task, and because, this study being exploratory, we
do not track the full learning trajectory but aim to
demonstrate the application of our metrics on suc-
cessful protocols. Importantly, we do not examine
all possible features (which would be intractable)
but implement a bounded expansion search: after
all non-composite features are built, growth is iter-
ative, only the top-k (here: 72) features (ranked by
negation strength) are kept as parents of the next
expansion round, and disjunctions are only built
up to 8 disjuncts. These should be interpreted as
evidence only within this tractable subspace rather
than exhaustive optima over all possible features.
Appendix A indicates which epochs were analysed
for each setup. For reference, Figure 3 there com-
pares the scores discussed here with those at the
final epoch: for the 64-pair setup, from which our
main observations are drawn, the two are close (Fj
differences below 0.06, with no systematic direc-
tion), indicating that the selected epoch is not an
unrepresentative point in training.

3.3 Results

1 1 =
. O.8><:7tf L 08] i
= 061 1= 06

04 o.4—7<‘t:%‘—
0 1 4 10 0 1 4 10
o416 « 64| | o416

64\

Figure 1: Mean top X F'-scores with min—-max range
over 3 runs, by retriever reset period, with one curve per
number of predicate pairs.

Retriever reset. Figure 1 show mean negation
F'-scores (Fs and F},) with min-max values over
the 3 seeds, depending on the number of predicate
pairs and retriever reset period. Recall that a pe-
riod of 50 effectively amounts to no retriever reset
being performed. According to our definition of
weak and strong negation, the weak kind dominates
overall, though Fj is highest in the 64-pair setup.
Within this setup, the 10-epoch reset period yields
the highest mean F; among the four tested intervals,
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based on a limited number of seeds. In these runs,
the absence of retriever reset (period 50) does not
appear to systematically lower the negation score
of the top items.

Table 1 provides an example of the realisation of
a relatively strong negation feature X (£ ~ 0.85)
from this 64-predicate pair setup. This language ef-
fectively uses || = 89 symbols, and the negation
feature is a disjunction over 8§ items.

v signal for v signal for —v

v1 | 114 @ 471 415 46 0
v2 | 114 4 114 0 102 28 96 2 26 0
v3 | 114 114 14 65 68 43 65 0 | 126 2 88 20 88 ©

Table 1: Selected signal pairs where X = (1V 126 v
3V 36V4V4l Vv 83V 85) occurs (on the negated,
non-negated, and negated side, respectively — see bold
symbols). Each line shows the signal produced for each
of two predicates; a positive predicate on the left and
the corresponding negative predicate on the right.

The size of the disjunction makes the resulting
feature difficult to interpret as a compact lexical
marker. At the same time, its scores are consistent
with a relatively strong negation; n and c are both
high (around 0.9), and value entanglement is low
(around 0.18) — the symbols on which X relies do
express some information beyond negation, but not
much. It seems to us that the use of many different
symbols here is due to a lack of incentive for the
asker to reduce its use of the alphabet at its disposal.

—e— F, —m— F topsiming
1 \ \ i i i ]
0.8 |
0.6 - |
0.4 )
0.2 1 \ \ \ ‘ ‘ -
Q a3 L o o > >
NN SN SN NP I
> £ >
alphabet penalty

Figure 2: Mean top-1 negation scores with min—max
range over 3 runs and mean message-length-normalised
Levenshtein topographic similarity, by alphabet penalty,
for a 64-predicate-pair setup with retriever reset pe-
riod=10 over 50 epochs.

Alphabet penalty. We apply an alphabet penalty
on the setup with the highest-ranking negation in
terms of F (64 predicate pairs, retriever reset pe-
riod = 10) and observe how this affects the lan-
guages that then emerge. We report the results

for seven non-zero values for the hyperparameter
Aaiph, Up to 3 - 107, Relative to the baseline
(Aaph = 0, see Table 2), game accuracy remains
near-perfect up to Agjpp = 10—, but drops substan-
tially at 3 - 10~%; for even larger tested values, the
penalty becomes so strong as to lead the asker to
produce empty signals (starting and ending with
the end-of-sequence symbol 0).> This indicates
that a moderate pressure toward low alphabet use
does not prevent successful communication, while
a stronger pressure leads to degenerate strategies.
Across our selected range of A\ypn values, F,
decreases overall as the penalty increases (save a
non-monotone dip at the lowest non-zero value),
with a sharp drop at higher values. By contrast,
Fs shows a non-monotone pattern across the range:
the mean over 3 runs decreases initially with al-
phabet penalty, and then starts rising, dominating
F,, for the two highest penalty values. This is con-
sistent with high alphabet penalties reducing value
entanglement, yielding a stronger negation. Taken
together, these trends point to a trade-off. Alphabet
penalty constrains vocabulary use, which correlates
with a decrease in value entanglement (¢, associated
with higher F;) and a decrease in value conserva-
tion (c, associated with lower F},): symbol reuse
then appears to promote a more general polarity
marking at the cost of compositional separability of
predicate-value information. At the highest tested
penalty the emergent language approaches degener-
acy and the F; gain there may be a consequence of
vocabulary compression and not actual emergence.
Figure 2 also shows topographic similarity
(Brighton and Kirby, 2006), the correlation be-
tween distances between messages on the one hand
and distances between the signals produced to con-
vey the messages on the other hand. Topographic
similarity (fopsim) is computed as Spearman’s p
between pairwise message distances — defined here
as the cosine distance between the asker’s predicate
embeddings — and pairwise signal distances — de-
fined here as the normalised Levenshtein distance
on signals — for the language obtained at the end
of a training epoch.* We include it as a reference

3See the previous footnote concerning Aypn. For com-
parison, the base reward is i% for each object (in)correctly
classified by the retriever.

*Because we define message distances as distances be-
tween the model’s learned predicate embeddings, we call the
resulting topographic similarity intensional. Instead of these
learned embeddings, an extensional alternative would consist
in using the boolean vectors indicating, for a given list of
objects, which ones satisfy the predicates. We do not find this
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alpha. penalty Fy, AF, F, AF, acc. Aacc.
baseline 0.909 +0.000 0.741 +0.000 1.000 +0.000
0 0939 +0.030 0.623 -0.118 0.999 -0.000
10~ 0.871  -0.038 0.691 -0.050 0.999 0.000
3-1076 0.893 -0.016 0.645 -0.096 0.999 -0.001
107° 0.806 -0.103 0.605 -0.136 1.000 0.000
3.107° 0.757 -0.152 0.662 -0.079  0.994 -0.006
1074 0.568 -0.341 0.746 +0.005 0.990 -0.010
3.1074 0.179  -0.730 0.802 +0.061 0.842 -0.158

Table 2: Game accuracies and top X mean F-scores for vocabulary penalty values relative to the baseline from the
first experiment at properties = 64 and retriever reset interval = 10. Deltas are alpha-pen. minus baseline.

point because it is common in emergent language
work. In the present experiments, topographic sim-
ilarity shows only limited variation across alphabet-
penalty conditions. This is consistent with previous
work reporting that topographic similarity fails to
detect non-trivial forms of compositionality such
as the one involved with negation (Korbak et al.,
2020).

v signal for v | signal for —v
v | 28 @ 99 99 0

v2 | 99 99 0 93 @

vz | 78 0 99 99 0

Table 3: Selected signal pairs where X = (78 vV 99)
occurs, in a game with A\gpp = 3 - 10~4.

The following examples suggest that in some
settings the current feature-selection procedure can
recover high-scoring, composite features, whose
interpretation as compositional negation markers
remains unclear.

The case at A\gpp, = 3 - 104 illustrates the vo-
cabulary compression effect. The emergent lan-
guage is not entirely degenerate, but still highly
constrained: symbol 99, involved in the identified
feature X = (78 VV 99), is also the most frequent
symbol, accounting for about 45% of all tokens.
Table 3 shows that X often separates negative from
positive values, but non-homogeneously and in fact
non-systematically. In the first row, X is active
only on the negative side through 99; in the second,
only on the positive side through 99; and in the
third, both on the positive side through 78 and the
negative side through 99. Thus, X tracks polarity
to a certain extent (n is high) without correspond-
ing to a clean lexical negation item.

The language obtained at A, = 10~ (Table 4)
yields much better game accuracy, but also heav-
ily makes use of a few frequent symbols in many
alternative notion of distance satisfying; for instance, for two

distinct values v1 and v2, it takes v; and vs to be very close,
and vy and —w; to be maximally distant.

signals, including the symbol 117, involved in the
detected composite feature. We note however that
the second pair in Table 4 contains the feature on
both sides; the other pairs contain it only on one
side. The feature’s high Fs suggests a strong nega-
tion according to our definitions, but its realisation
is not uniform across pairs, which makes it difficult
to interpret as a lexical marker.

v signal for v signal for —v
vy | 78 74 0 15 15 @
ve | 117 117 4 @ | 117 3 0
vz | 29 34 29 @ 29 29 @

Table 4: Selected signal pairs where X = (117 V 34 v
36 V 78) occurs, in a game with Agjpp, = 10~4.

4 Discussion

The toy-language analysis supports the intended
interpretation of the metrics and shows that they
distinguish different negation encodings and de-
generate features. In the emergent languages, the
main difficulty is to determine whether the highest-
scoring candidates correspond to interpretable lexi-
cal items. In some successful settings, strong nega-
tion is realised by large disjunctions, and qualita-
tive analysis shows that several disjunctions dif-
fering by only one or two disjuncts score almost
identically. This pattern suggests that our search
procedure may recover distributed or non-minimal
realizations of negation, rather than the compact
markers one might hope to observe. The present
exploratory study cannot determine whether this re-
flects actual distribution in the emergent language
or over- or under-expansion in the search proce-
dure.

This suggests that feature selection is also an
important issue, beyond metric design. Bounding
disjunction size makes the search tractable and may
reduce the risk of over-expansion, if it is indeed
relevant. Conversely, if a large disjunction is ob-
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tained by gradual expansion of an initially good
candidate, and each added item only marginally
improves negation strength, the score may be only
partially fabricated rather than entirely spurious.
Investigating this trade-off more directly appears
to be an important direction for future work.

The fact that topographic similarity does not tar-
get the encoding of any specific semantic operation
(in particular negation) justifies the use of targeted
metrics such as ours. Meaning-form correlation
may miss local structure tied to a specific semantic
operation. At the same time, high negation metric
scores do not imply that the language as a whole
is compositionally organised. Global and targeted
measures may capture different aspects of structure
and should be interpreted jointly.

5 Limitations

This study has several limitations. This framework
is designed for discrete communication channels
with symbol-based features, and does not directly
extend to settings where polarity is encoded in con-
tinuous representations. The formal setup is lim-
ited to atomic unary predicates and their comple-
ment/negation, and therefore does not cover richer
semantic phenomena such as scope interactions.
The empirical study is exploratory and computa-
tionally bounded, with few runs and a restricted top-
k pruning strategy, rather than exhaustive feature
discovery. The current search space is restricted to
single symbol-presence features and their disjunc-
tions, and does not consider conjunctions of fea-
tures, repetitions, and more complex combinations.
High-scoring candidates in emergent languages re-
main difficult to interpret, since disjunctions may
reflect genuine distributed encoding, feature fab-
rication, or both. We do not yet establish princi-
pled thresholds for how high ¢ or ¢ must be, nor
how strongly they ought to be weighted relative
to n, in deciding whether a feature can count as
a “good” negation marker. Moreover, candidate
selection for feature expansion depends on nega-
tion strength, but other metrics, namely ¢, could
play an important role in selection. Many compu-
tational pressures associated with the emergence
of compositionality have not been considered; in
particular, an additional penalty on signal length
could complement the alphabet penalty.
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msg. pairs retriever reset interval n meanepoch min max unique epochs
4 6 3 0.0 0 0 O

4 1 3 0.7 0 1 0,1

4 4 3 2.0 0 6 0,6

4 10 3 0.3 0 1 01

16 0 3 17.7 6 40 6,7,40
16 1 3 19.0 2 45  2,10,45
16 4 3 233 3 49  3,18,49
16 10 3 13.0 5 26 5,8,26
64 0 3 34.0 27 43 27,32,43
64 1 3 46.7 44 49 44,47,49
64 4 3 33.0 30 35  30,34,35
64 10 3 44.0 35 49  35,48,49

Table 5: Epochs analyzed for the finite retriever reset interval-only study F-score plots (best accuracy).

voc. penalty mean epoch min max unique epochs

n
0 3 323 19 49 19,29,49
1076 3 350 28 49 28,49
3.107¢ 3 353 29 39  29,38,39
107° 3 300 16 49 16,25,49
3.107° 3 413 26 49 26,49
1074 3 333 16 46 16,38,46
3.107* 3 480 46 49 46,49

Table 6: Epochs analyzed for the voc-penalty study F-score plots (best accuracy). Message pairs=064, retriever reset
interval=10.

—e—4--16 64

Figure 3: Mean negation F'-scores at peak-accuracy
epoch (solid, filled) and final epoch (dashed, open), by
retriever reset period, with one curve per number of
predicate pairs. See Figure 1 for the main result.
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Cat sentences

PO-vO Iam a cat I am not a cat

PO-v1 the cat sat on the mat the cat did not sit on the mat

PO-v2 the cat is hairy the cat is not hairy

PO-v3 curiosity killed the cat curiosity did not kill the cat

feat. n h t c

not 1 1 0 1

did 0.5 0.75 0 1

killvsit 0.5 0.75 1 1

cat 0 1 0 1

French cats

PO-vO je suis un chat je ne suis pas un chat | je ne suis aucun chat
Iam a cat I am not a cat | I am no cat

PO-v1 le chat a déja été sur la branche le chat ne a jamais été sur la branche
the cat has already been on the branch the cat has never been on the branch

PO-v2 le chat a été chez le docteur le chat ne a pas été chez le docteur
the cat went to the doctor the cat did not go to the doctor

feat. n h t c

ne 1 1 0 1

pas 0.41 0.81 0 1

aucunvjamaisvpas 1 1 0.67 1

aucunvdéjavpas 1 0.44 0.67 1

déja 0.3 0.74 0 0

Twisted logic

PO-vO I am present | I am not absent I am not present | I am absent

PO-v1 I am anxious | [ am not calm I am not anxious | [ am calm

PO-v2 I am here I am not here

feat. n h t c

absentvcalmvnot 0.45 0.94 0.53 0.61

not 0.2 0.89 0 1

absentvcalm 0 0.89 1

Untwisted logic

PO-vO I am present I am not present

PO-v1 I am anxious I am not anxious

PO-v2 I am here I am not here

P1-v0 I am not absent I am absent

P1-vl I am not calm I am calm

feat. n h t c

not 1 0.58 0 1

I 0 1 0 1

anxious 0 0.69 0 0

Table 7: Natural-language illustration with feature scores.



L1 Perfect negation
PO-vO
PO-v1
PO-v2

W N~ +

41
42
43

feat.
4

~
o

L- Holistic encoding
PO-vO
PO-v1
PO-v2

W N =+

NN A~

feat.
1v2v3
4v5v6
1v2v6
1v2

S =3

—_—

0.42
0.71

— e R
SO OO0

L5 Disjoint holistic enc.

PO-vO
PO-v1
PO-v2

W N =+

47

69

feat.

4v5v6
4v5v9
Tv8v9

_—— 3

—_——

—_ e R
—_— =0

L5 D. h. enc. with variation

PO-vO
PO-v1
PO-v2

W N = +

47

69149

feat.

4v5v6
4v6v8
2v4v6
1v5v9

_—— == 3

—_—

0.44
0.44

0.67
0.67
0.67

S U N

L3 Negation variants
PO-v0
PO-v1
PO-v2
PO-v3

AW =+

feat.
5v6
5
6

0.5
0.5

o
9]
—_——— 0

L4 Inhomogenous negation

PO-vO
PO-v1
PO-v2

41

43

feat.
4
1v2v3

0.42
0.42

Table 8: Toy languages with negation-metric scores.
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