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Semantic composition allows us to construct complex meanings (e.g., “dog house”, “house dog”) from simpler constituents (“dog”,
“house”). Neuroimaging studies have often relied on high-level contrasts (e.g.,, meaningful > non-meaningful phrases) to identify
brain regions sensitive to composition. However, such an approach is less apt at addressing how composition is carried out, namely
what functions best characterize constituents integration. Here, we rely on simple computational models to explicitly characterize
alternative compositional operations, and use representational similarity analysis to compare models to target regions of interest.
We re-analyze fMRI data aggregated from four published studies (N = 85), all employing two-word combinations but differing in task
requirements. Confirmatory and exploratory analyses reveal compositional representations in the left inferior frontal gyrus (BA45), even
when the task did not require semantic access. These results suggest that BA45 represents combinatorial information automatically
across task demands, and further characterize composition as the (symmetric) intersection of constituent features. Additionally, a
cluster of compositional representations emerges in the left middle superior temporal sulcus, while semantic, but not compositional,
representations are observed in the left angular gyrus. Overall, our work clarifies which brain regions represent semantic information

compositionally across contexts and tasks, and qualifies which operations best describe composition.
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Introduction
The neural bases of semantic composition

One of the core features of human cognition is the ability to con-
struct complex meanings from simpler constituents. For example,
the meaning of the complex word “party boat” — a boat that is
used by people to celebrate — can be understood by combining
the constituent concepts of “boat” and “party”, even if you have
never heard of it. These “minimal combinations”, namely pairs
of content words (e.g., noun-noun compound words), offer cogni-
tive scientists a privileged window into conceptual combination:
rather than producing sentences or coining new words, minimal
phrases rely on the ability of people to infer the implicit meaning
that links constituents. By looking at how minimal combina-
tions are represented and processed, cognitive scientists com-
pare and refine theories of semantic composition. For example,
some theories propose that combinations are formed by selecting
an implicit relational interpretation among a set of competitors
(Gagné and Shoben 1997), while others (Wisniewski 1996) posit a
qualitative distinction between combinations based on attribute
modification (e.g., “robin hawk” is “a hawk with a red underbelly”)
and those based on thematic relations (e.g., “taxi driver” is “a
driver of taxis”). In this context, neuroimaging evidence can help
adjudicate some theories by tapping into unobservable represen-
tations (Mack et al. 2013). Indeed, minimal combinations have
been the object of many neuroimaging studies (Coutanche et al.

2018; Frankland and Greene 2020a), which have often focused
on isolating brain activity related to semantic composition. More
specifically, these approaches leverage a-priori-defined, high-level
dimensions of interest (e.g., plausibility, familiarity, literalness),
which, through appropriate contrasts (e.g., simple vs. complex
words, familiar vs. novel complex words), are used to predict
changes in the single-voxel signal.

Following this approach, neuroimaging studies have identified
multiple regional and network specializations sensitive to factors
attributable to conceptual combination. Of those, four regions of
interest - from now on, core ROIs — have been consistently observed
(Coutanche et al. 2018): the left anterior temporal lobe (LATL), the
left and right angular gyri (LAG, RAG), and the left inferior frontal
gyrus (LIFG). In line with its role as a multimodal semantic hub
(Lambon Ralph et al. 2010; Ralph et al. 2016), the LATL appears to
support the integration of semantic information to specify a single
entity (Coutanche et al. 2018; Frankland and Greene 2020a), both
at the level of features (e.g., “green”, “round”, and “tart” as features
of the concept “lime”; Coutanche and Thompson-schill 2015) and
the level of concepts (e.g., the “red” concept specifying the concept
“boat” in the compound “red boat”; Bemis & Pylkk&nen, 2011; see
also Solomon and Thompson-Schill 2020). Consistent with this,
evidence from MEG studies suggests that early LATL activation is
modulated by how much a concept is made specific by the com-
bination (Westerlund and Pylkkdnen 2014; Zhang and Pylkkdnen
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2015; Ziegler and Pylkkédnen 2016; Pylkkdnen 2019), and that the
LATL supports combinations based on extracting shared features,
or intersective conjunctions (e.g., “The girls are tall and blonde”,
with both “tall” and “blonde” referring to the same entity; Poort-
man and Pylkkdnen 2016), with fMRI studies advancing analo-
gous considerations (Baron and Osherson 2011; Coutanche and
Thompson-schill 2015). Finally, semantic combination in LATL
has been characterized as largely independent of plausibility
and morphological information (even though these factors might
lead to additive effects; Parrish and Pylkkdnen 2022). Instead,
RAG and, most notably, LAG activation have been related to
compound meaningfulness (Forgacs et al. 2012; Graessner et al.
2021b; Graves et al. 2010; Price et al. 2015; Price et al. 2016).
Concerning AG computations, Coutanche et al. (2018) argue that
AG supports relational combinations (see Boylan et al. 2017), namely
those mediated by an implicit thematic relation linking con-
stituents (e.g., “crayon box” is “a box that contains crayons”),
consistent with evidence showing that AG represents thematic
relations more broadly (Schwartz et al. 2011; Wang et al. 2020;
Zhang et al. 2022). However, Ralph et al. (2016) and Humphreys
et al. (2021) raised the possibility that, in line with its contri-
bution to the default mode network, AG activation may simply
index task difficulty (but see Boylan et al. 2017). Finally, LIFG
(specifically pars triangularis and pars orbitalis) involvement in
semantic composition studies has been linked to decreased com-
pound meaningfulness (Forgacs et al. 2012; Graessner et al. 2021a;
Graves et al. 2010 ; Molinaro et al. 2015). It has therefore been
suggested that the involvement of this region could be explained
by the greater semantic control demands (e.g., selection of the
appropriate features to integrate; Coutanche et al. 2018) imposed
by less meaningful combinations (Graves et al. 2010; Molinaro
et al. 2015), consistent with LIFG role within the semantic control
network (Jackson 2021). Besides these core ROIs, other regions
have been implicated in semantic composition, most notably
the ventromedial prefrontal cortex (vimPFC), posterior cingulate
cortex (PCC), and left middle-superior temporal sulcus (ImSTS)
(Pylkkénen 2019; Frankland and Greene 2020a), which, together
with the LATL, AG, and LIFG, mostly lie within the broader seman-
tic network (Binder et al. 2009; Jackson 2021) and the default mode
network (Frankland and Greene 2020a).

While these studies have provided a rich picture of the neural
bases of semantic composition, their approach based on high-
level contrast (e.g., interpretable vs. uninterpretable, literal vs.
figurative combinations) is more apt at isolating composition-
related brain activity, rather than characterizing the transfor-
mations that define composition itself. For example, contrasting
plausible and non-plausible combinations might reveal which
regions engage in semantic composition and are thus modulated
by the degree to which constituents are combinable. However,
such results do not tell us how constituent meanings are trans-
formed and integrated (e.g., by feature intersection or “intersec-
tive conjunction”, by attribution or subordination; Scalise and
Bisetto, 2005). In other words, while this approach can reveal
whether and where composition is accomplished, it does not
shed light on how the combination is carried out. We do not
claim that high-level contrasts cannot be of help: indeed, one
can devise contrasts that target specific composition types (e.g.,
attributive vs. relational combinations; Boylan et al. 2017). How-
ever, this approach is still limited in a number of ways. First,
it relies on high-level distinctions that might not adequately
describe the mechanisms of combination. For example, Marelli
et al. (2017) showed that some effects of conceptual combination

can be accounted for by a general mechanism based on extracting
statistical regularities over (compound) word usage. In this con-
text, distinctions among combination types are better described
as the by-product of a general distributional system and are thus
less amenable to be pigeonholed into discrete contrasts. Second,
many combinations are amenable to more than one interpreta-
tion (Schmidtke et al. 2018) and composition type (Kenett and
Thompson-Schill 2020). Finally, the meaning of familiar combi-
nations (e.g., “swordfish”) can be both retrieved from long-term
memory (like single words) or can be generated by an active pro-
cess of combination (like sentences), with theoretical and empiri-
cal reasons suggesting that the two are attempted simultaneously
(Libben 2014). In other words, the same combinations can be
processed and thus represented in alternative ways, both compo-
sitional and non-compositional, which the brain might carry out
in parallel (Baggio 2021). Conceptual combination could then be
attempted automatically, albeit modulated by, for example, task
and sentential contexts (Benjamin and Schmidtke 2023). Studying
these distinctions with contrasts would thus be difficult or even
impossible, since the same stimulus may belong to different con-
trast levels depending on specific conditions (e.g., context, task
demands, or individual preferences), or even irrespective of con-
ditions (e.g., if both retrieval and combinations were attempted
in parallel and automatically; Libben 2014). We argue that these
limitations can be addressed by relating brain activity to com-
putational models of semantic combination. Indeed, by formally
defining both semantic representations and the transformations
that operate over them, the explanatory performance of com-
putational models can be directly related to the specific type of
semantic composition they implement.

Semantic composition from a distributional
semantics perspective

Based on the hypothesis that words with similar meanings
tend to occur in similar contexts (Harris 1954), distributional
semantics models (DSMs) exploit the co-occurrence statistics of
large collections of text to generate semantic spaces, namely high-
dimensional vector spaces where word meanings are represented
as vectors (i.e., points in a semantic space) whose distance is
inversely proportional to their semantic similarity (Figure 1).
Because vectors span a space of latent, abstract semantic dimen-
sions, their individual features are uninterpretable (Glunther et al.
2019). Nonetheless, the way in which meanings are clustered in
DSMs vector spaces correlates with that obtained from relying
on lists of interpretable features (even though the two sources
of information often tap into complementary aspects of word
meaning; Riordan and Jones 2011). To understand what a word
means, then, one can look for the words whose vectors are
most similar - i.e., more overlapping - to that of the target
word (Lake and Murphy 2023). This notion of “feature overlap” is
central to both DSMs and other feature-based models of semantic
memory (Kumar 2020), and firmly separates them from set-
theoretic approaches. DSMs have shown good performance on
diverse tasks (Baroni et al. 2014b), and are considered cognitive
models of semantic memory (Glnther et al. 2019; Kumar 2020).
Importantly for our purpose, many studies have demonstrated
representational similarities between these models and fine-
grained activation patterns in the brain (Mitchell et al. 2008;
Carota et al. 2017; Pereira et al. 2018; Zhang et al. 2020).

To combine word vectors, scholars developed compositional
distributional semantics models (cDSMs), namely algebraic func-
tions that take as their argument constituent vectors to generate
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(compositional) distributional semantics space
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Fig. 1. Representational similarity analysis (RSA) between the space of a cDSM (top) and the space of an ROI (bottom). The top left image depicts a
simplified semantic space where the meaning of “cat” and “fish” are represented by 2-dimensional vectors. A cDSM, namely the function f, takes the
two vectors as argument to generate the vector of their combination, “catfish.” then, the semantic dissimilarity of “catfish” and another combination,
“snowman”, is quantified. The dissimilarity d% between combinations i and j defines the i row and j™ column of a representational dissimilarity matrix
(RDM). The bottom right corner depicts a simple activation space, where the meaning of “catfish” is defined by the signal of voxels 1 and 2 in response
to the presentation of the “catfish” stimulus. Again, a given metric is used to quantify the dissimilarity dizj of “catfish” and “snowman”, and a neural
RDM is built from the dissimilarities of all combination pairs. Finally, the two RDMs are correlated with spearman rank correlation (rs) to quantify the

representational similarity between the cDSM and neural spaces.

novel, complex ones (catfish = f(cat,ﬁsh); Baroni et al. 2014a;
Mitchell and Lapata 2010). To our knowledge, neuroimaging
studies of minimal semantic composition have not made use of
(c)DSMs, although they have been used to control for confounds
and devise stimuli (Krieger-Redwood et al. 2022; Wang et al. 2020;
see also Djokic et al. (2020) for a model-driven study of negation).
They have, however, been widely adopted in psycholinguistics
(Amenta et al. 2020), where some cDSMs have been proposed
as cognitive models of complex word semantics (Marelli and
Baroni 2015; Marelli et al. 2017). Indeed, besides their successful
application to NLP (Mitchell and Lapata 2010; Dinu et al. 2013b),
cDSMs have been shown to predict explicit judgments of minimal
combinations (Gunther and Marelli 2016, 2021, 2022; Vecchi et al.
2017; Ciapparelli et al. 2025), as well as chronometric behavioral
measures related to their processing (Glinther and Marelli 2018,
20203, 2020Db). Therefore, by specifying what functions are needed
to carry out composition and by relying on rich constituent
representations (and their known representational similarity
with brain regions in the semantic network), cDSMs constitute
promising tools for studying the neural correlates of semantic
composition.

More specifically, since different functions can be applied to the
same word vectors, cDSMs allow us to specify alternative com-
positional representations of the same stimuli (complemented
by non-compositional ones from DSMs, if the compound is
familiar). When cDSMs differ exclusively along the combinatorial

dimension, model comparisons can be transparently attributed
to the compositional functions, which, if interpretable, can be
related to (neuro)cognitive theories of conceptual combination.
Model comparison can thus inform researchers not only about
which regions are correlated with semantic combination but also
what type of combination they likely support. In the present
work we take this approach and rely on three cDSMs whose
computations are interpretable and can be related to theories
of conceptual combination advanced in cognitive neuroscience
(section 1.1) and computational psycholinguistics (Baroni 2013;
Marelli et al. 2017; Vecchi et al. 2017). Specifically, we focus on the
following compositional models:

¢ Additive model (Mitchell and Lapata 2010): This model com-
putes the sum of constituent word vectors:

—>
add = W} + W>

The model can be parsimoniously taken to represent the simple
co-activation of constituents’ meanings (i.e., their superimposi-
tion) rather than proper combination.

e Multiplicative model (Mitchell and Lapata 2010): This model
consists of the component-wise multiplication of a word
vector pair, namely:

it = @ O T
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Where (© represents the multiplication of vector components,
mi = 7 x W;. The model can be taken to compute the inter-
section of constituent word vectors (Baroni 2013), as their seman-
tic components interact to jointly determine the combination’s
component (Baron and Osherson 2011). Note that, in this context,
“intersection” refers to the (multiplicative) interaction between
the (abstract) features of word vectors, not to set intersection
(Baroni 2013).

e Compounding as Abstract Operation in Semantic Space
(CAOSS) model (Marelli et al. 2017): The CAOSS model is a
multiple linear regression trained to predict the vector of a
compound from the vectors of its constituents (see Methods
2.3.2). Atinference, the model generates compound represen-
tations in two steps. First, constituent words are multiplied
by position-specific matrices. In English, left constituents
are always modifiers, while right constituents are heads,
namely the semantic and syntactic core of the compound
(e.g., “swordfish” is a kind of fish). Hence, CAOSS matrices
transform constituent vectors according to their position, and
thus to their role of modifiers or heads. Then, the compound
representation is obtained by taking the sum of modifier
and head constituent vectors (i.e., the updated left and right
constituents, respectively):

P

CAOSS=T1 + 0 =M x W; +H x W)

Where the M matrix is applied to W; to obtain its role-specific
representation as the left constituent ¢; (the same process is
applied to the right constituent w5 via the H matrix). Thus, con-
trary to the additive and multiplicative models, CAOSS distin-
guishes words as left (modifier) and right (head) constituents and
assigns those roles in the form of a linear transformation applied
to their vector representation.

Putting the pieces together: A model-based
re-analysis

In the present work, we re-analyze data aggregated from four
fMRI studies, all employing English two-word combinations but
varying in task requirements (see Table 1; section 2.1), using the
cDSMs described above. Consistent with the definition of seman-
tic composition as a transformation of (semantic) representations,
we employ representational similarity analysis (RSA; Kriegeskorte
et al. 2008) to compare model and brain representations. Contrary
to univariate approaches, RSA does not relate neural activity to a
property of the stimulus or task (first-order isomorphism); rather,
RSA is concerned with whether neural activation patterns reflect
the representational structure of the stimuli (second-order iso-
morphism), namely the dissimilarity among stimuli in the space
of theoretical models (Figure 1; section 2.3). In this way, we set out
to test how constituents are combined across the studies consid-
ered, testing claims of region-specific computation (section 1.1) by
leveraging what we know of model-specific computations (section
1.2). Specifically, we conduct a series of confirmatory RSAs to test
the following brain-model correspondences (Figure 2):

e LATL < multiplicative model: It has been claimed that the
LATL supports semantic composition via the intersective con-
junction of constituent concepts (Baron and Osherson 2011;
Coutanche et al. 2018), which is non-syntactic (Pylkkanen
2019). Similarly, the multiplicative model operates a form of
feature intersection (Baroni 2013), which is insensitive to the

syntactic (morphological) role of constituents (i.e., W; © W)
= W5 © ). Therefore, we expected to observe a significant
representational correspondence between the LATL and the
multiplicative model, with the latter offering the best model
of LATL representations compared to other theoretical mod-
els.

¢ LAG, RAG < CAOSS model: LAG and RAG are hypothesized to
support relational semantic composition based on thematic
relations (Schwartz et al. 2011; Boylan et al. 2017; Coutanche
et al. 2018). Morphological information (correctly assigning
the role of modifier or head to constituents) is essential
to build thematic links (e.g., a “house dog” is not a “dog
house”). The CAOSS model applies role-specific linear trans-
formations to assign left and right constituents the typical
semantic behavior of modifiers and heads. Notably, because
the modifier and head roles come with different syntactic and
semantic behaviors, CAOSS representations are asymmetric
(e, MxW; +Hx W, # M x W5 +H x i;; e.g, housedog #
doghouse ). Marelli et al. (2017) demonstrated that CAOSS can
predict the effects of relational dominance and relational
priming, which depend on the thematic relations connect-
ing constituent meanings (Gagné and Shoben 1997), while
Gunther and Marelli (2022) showed that these are implicitly
encoded by the compositional vectors it generates. Therefore,
we expect the CAOSS model space to best match the neural
space of LAG and RAG.

¢ LIFG < multiplicative model, CAOSS model: Because specific
hypotheses concerning the type of composition supported by
the LIFG are currently lacking (but see Solomon and Thomp-
son-Schill 2020), we do not advance specific claims of cor-
respondence between cDSMs and this region. However, we
include LIFG in our analyses to address the possibility that
its involvement in semantic composition might be driven by
increased semantic control demands posed by less plausi-
ble combinations (Graves et al. 2010; Molinaro et al. 2015;
Coutanche et al. 2018). Specifically, we would take a sig-
nificant model match for either the multiplicative and/or
the CAOSS model as evidence for the contrary, that is, of
LIFG representing combinatorial information. We also extend
these considerations to the AG, for which analogous claims
have been advanced (Ralph et al. 2016; Humphreys et al.
2021).

In this context, the additive model is used as a baseline model
for the non-combinatorial juxtaposition of constituents’ mean-
ings (Baron and Osherson 2011). Because all core ROIs (except
RAG) have been largely implicated in general semantic processing,
we expected to find representational similarities between the
additive model and all core ROIs, while we also expect those
core ROIs to represent combinatorial information beyond simple
addition. Notably, besides LATL, LAG, RAG, and LIFG, other regions
from the broader semantic network have been implicated in
semantic composition, albeit less consistently (Pylkkdnen 2019;
Frankland and Greene 2020a). Furthermore, few neuroimaging
studies have used RSA to study semantic composition (but see
Baron and Osherson 2011; Momenian et al. 2021; Wang et al. 2020),
and none with computational models of semantic composition.
For this reason, we complement our confirmatory ROI analysis
with an exploratory searchlight RSA conducted in the broader
semantic network.

Finally, our modeling approach and data allowed us to test
two additional hypotheses advanced in psycholinguistic research,
namely the claim that semantic composition is attempted
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Table 1. Summary of the stimuli, task, and participant characteristics of the studies included.

Study

Stimuli

Task

Participants

Graves et al. (2010;
experiment 1)

Graves et al. (2010;
experiment 2)

Wang et al. (2020)

Graves et al. (2022)

480 noun-noun phrases, comprising 240
meaningful phrases (e.g., “ski jacket”)
and their reverse non-meaningful
counterparts (“jacket-ski”).

400 noun-noun phrases; 200 meaningful
phrases and their reverse
non-meaningful counterparts. 200
nonword phrases were used as baseline
trials.

312 noun-noun phrases. Of these, 96
were place-thing phrases (e.g.,
“temple-priest”), 96 were
category-exemplar phrases (e.g.,
“dessert-brownie”), 96 whole-part
phrases (e.g., “dog-tail”) and 24 were
unrelated (e.g., “mascara-spoon”)

192 adjective-noun phrases, varying
along the socialness-figurativeness
dimensions (i.e., social figurative, social
literal, nonsocial figurative, nonsocial
literal)

1-back task. Participants indicated
whether either word of the current
phrase matched a word in the same
position of the previous phrase (true in
1/6 of trials).

Meaningfulness judgements.
Participants indicated whether phrases
were meaningful, non-meaningful, or
made of “nonwords.”

Semantic relation judgements.
Participants indicated whether they
could think of a relation between the
constituents or not. 1/3 of related
phrases were primed (i.e., preceded by a
phrase with the same relation type)

Familiarity judgements. Participants
indicated whether each phrase they
were seeing was familiar or unfamiliar.

23 participants (13 females); all were
healthy adult native English speakers,
had normal or corrected-to-normal
vision, and were right-handed. Mean age
was 24.2 (SD: 3.0).

22 participants (15 females); all were
healthy adult native English speakers,
had normal or corrected-to-normal
vision, and were right handed. Mean age
was 24.7 (SD: 5.4).

18 participants (11 females); all were
healthy adult native English speakers,
and were right handed. Age ranged from
18 to 28 years.

22 neurotypical participants; all were
healthy adult native English speakers,
had normal or corrected-to-normal
vision, and were right handed. Mean age
was 21.3.

activation spaces

LATL

LIFG

model spaces

additive

wi+wy

| multiplicative

|WwiOw;

CAOSS
M Xwyq + HXw;,

Fig. 2. cDSM-ROI correspondences tested in the confirmatory RSA. The RDMs of the four core ROI (spherical ROIs on the left) are correlated with the RDMs
of theoretical models. Colored connections indicate correlations of special interest based on claims of specific compositional operations in core ROIs.

automatically, and that this attempt is carried out in parallel

e Parallel routes of semantic composition and retrieval: Two

with retrieval from long-term memory (Libben 2014; Giinther
and Marelli 2020), compatible with a parallel architecture of
compositional processing (Baggio 2020, 2021) and neuroimaging
evidence of automatic semantic processing (Liuzzi et al. 2021):

e Automaticity: If semantic composition was attempted auto-
matically upon the presentation of a suitable stimulus, we
should expect to observe combinatorial semantic represen-
tations in the brain even when the task does not require
explicit semantic processing. To test this claim, we re-run the
confirmatory analyses described above using only the data
from one study where the task could be accomplished relying
on word form alone (study 1; Graves et al. 2010), expecting to
nonetheless replicate the results observed when all studies
are considered.

of the four studies we re-analyze include familiar stimuli,
namely familiar combinations (e.g., “airplane”) for which
a non-compositional vector representation is available in
the DSM’s semantic space. This allows us to compare, for
the same stimuli, non-compositional and compositional
representations, dissociating the “storage” (i.e., lexicalized
meaning retrieval) and “computation” (i.e., automatic and
active semantic composition) routes that are claimed to
operate in parallel (Libben 2014). We focus on this stimulus
subset and conduct a second exploratory analysis in the
broad semantic network, comparing compositional and non-
compositional representations. Following Libben (2014), we
expect both composition and retrieval to be attempted; thus,
we expect to find representational similarities driven by both
compositional and non-compositional models.
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Table 2. Summary of the characteristics of image acquisition for the four studies included.

Study

Scanning and trial structure

Image acquisition

Graves et al. (2010; experiment 1)

Graves et al. (2010; experiment 2)
Wang et al. (2020)

Graves et al. (2022)

The scanning session was split into four runs. On
each trial, a phrase was displayed for 1 sec and
replaced with a fixation cross. For each run, 120
phrase trials were randomly interspersed with 100
fixation trials (mean duration: 3.6 sec, SD: 2.4).

Identical to Graves et al. (2010; experiment 1).

The scanning session was split into four runs. On
each trial, a phrase was shown for 2 sec, followed by
a variable duration fixation cross (ranging from 1 to
6 sec).

The scanning session was split into four runs. On
each trial, a phrase was displayed for 1.5 sec,
followed by a fixation cross for 0.5 sec and a
fixation cross for a randomly jittered inter-trial
interval (mean duration: 2.5 sec).

3 T GE Excite system scanner. Functional volumes
were acquired using a gradient-echo echoplanar
sequence (matrix = 64x64, 33 interleaved axial
slices, voxels dimension 3.5x3.5 mm and slice
thickness 3.0 mm with a 0.5 mm gap, TR = 2000
msec, TE = 25 msec). T1 structural images were
acquired as a set of 134 contiguous axial slices using
a spoiled-gradient-echo sequence. Functional
volumes were acquired with gradient-echo
echoplanar sequence.

Identical to Graves et al. (2010; experiment 1)

3 T Siemens MRI scanner. Functional volumes were
acquired using an EPI sequence (matrix = 64x64, 34
descending axial slices, 3.5 mm isotropic voxels, TR
= 2000 msec, TE = 22 msec). T1 structural images
were acquired with gradient-echo inversion pulse
sequence (1-mm isotropic voxels).

3 T S TIM Trio scanner. Functional volumes acquired
as T2x-weighted gradient-echo single-shot EPI
(matrix = 64 x 64, 35 interleaved axial slices, 3 mm
isotropic voxels, TR = 1900 msec, TE = 2.52 msec). T1
structural MPRAGE images (1 mm isotropic voxels).

Materials and methods
Experimental materials

We searched for fMRI studies that met the following criteria. First,
because combinatorial semantics is expressed differently across
languages (e.g., compound productivity, headedness; Libben et al.
2020), we decided to focus on a single language. We chose English
due to the larger number of fMRI studies available, its compound-
ing productivity (Libben et al. 2020), the availability of compu-
tational resources and their psycholinguistic evaluation (Baroni
et al. 2014b; Gunther and Marelli 2020, 2022; Marelli et al. 2017;
Mitchell and Lapata 2010). Therefore, we required participants to
be native speakers of English. Relatedly, we focused on studies
that employed English stimuli, either adjective-noun or noun-
noun phrases, requiring both constituents to be presented visu-
ally and simultaneously. Finally, to apply the same data analytic
procedures across studies, we considered studies for which raw
structural and functional data, either DICOM or un-preprocessed
NIfTI files, were available. We contacted the authors of studies
meeting the above criteria and obtained data from four studies:
Graves et al. (2010; experiments 1 and 2), Graves et al. (2022), and
Wang et al. (2020). Table 1 displays the main characteristics of the
stimuli, tasks, and participants involved in each study. Informed
consent was obtained from all participants in the original stud-
ies, which were approved by the respective institutional review
boards.

Imaging methods

Table 2 summarizes the characteristics of fMRI data acquisition
across the four studies included. The same preprocessing and
data analysis pipelines were applied to all studies, accounting
for study-specific differences in image acquisition (i.e., TR and
acquisition sequence). The code used for data preprocessing and
analysis, as well as the brain masks used, are available at: https://
osf.io/3dnqg/?view_only=7df0e90f3a0745549d7563827eb%e49b

fMRI preprocessing

We carried out fMRI data preprocessing with SPM12 software
(Wellcome Trust Centre for Neuroimaging, London, UK). Volumes
were spatially realigned, unwarped, slice-time corrected, and
co-registered to structural T1 images. We employed the TsDif-
fAna toolbox (http://www.fil.ion.ucl.ac.uk/spm/ext/#TSDiffAna)
to detect volumes of exceedingly high activation that were
potentially due to artifacts. Subsequent analyses were carried
out in subject space, with the exception of group-level searchlight
RSA, for which volumes were normalized to the standard MNI
template.

General linear model estimation

We conducted univariate analyses using the general linear model
(GLM) approach implemented in SPM12. The primary goal of these
analyses was to generate beta maps for each phrase stimulus,
which would serve as the foundation for subsequent representa-
tional similarity analyses (RSAs). Across all studies, each phrase
was presented only once, requiring the estimation of beta maps
from single trial presentations. Such estimation, however, poses
a significant challenge. Indeed, the combination of trial-by-trial
estimation and rapid event-related designs can lead to unreliable
beta estimates due to the collinearity arising from the overlap of
BOLD signals from adjacent trials, as noted by Mumford et al.
(2012). To counter this problem, we implemented a staggered
estimation approach.’ In this approach, we estimated beta coef-
ficients for each trial at intervals of three trials and used another
regressor to model all remaining trials falling within the trials of
interest. Specifically, we employed three separate GLMs. The first
GLM included a predictor for each individual phrase in trials 1,
4,7, etc., while a single predictor coded for all left-out trials (i.e.,
trials 2, 3, 5, 6, 8, and so on). The second GLM included predictors
for trials 2, 5, 8, and so on, and the third for trials 3, 6, 9, etc., each
with their corresponding left-out trials. In these GLMs, predictors
coded for the identity of each phrase or group of phrases against
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an implicit baseline. Notably, we made a deliberate choice to
exclude covariates coding for high-level conditions (e.g., whether
the word pair was “forward” and meaningful, or “reverse” and
non-meaningful; Graves et al. 2010). This decision was based on
two considerations. First, since high-level conditions varied across
studies, their inclusion could result in beta estimates that depend
more on the specific manipulation carried out in each study. This
could potentially confound the aggregation of results across dif-
ferent studies. Second, most high-level conditions code for seman-
tic dimensions, which could represent part of the information that
should be captured by semantic models. Including these as covari-
ates could inadvertently remove meaningful signals. Additionally,
it could hinder model comparison, as semantic models might
differ in their sensitivity to the semantic dimensions underlying
these high-level conditions.

Representational dissimilarity matrices

After describing each stimulus with a beta map, we compared
the activation similarity among stimuli to construct representa-
tional dissimilarity matrices (RDMs). First, given a subject and a
region of interest (ROI), we constructed an RDM by computing the
Mahalanobis distance (a distributional distance metric showing
good results for complex stimuli; Bobadilla-Suarez, 2020) between
pairs of stimulus phrases, each described by a vector of beta
estimates, covering all voxels in the ROI (Nili et al. 2014). From
all RDMs, we removed the rows and columns corresponding to
stimuli with unreliable beta estimates. First, we used TsDiffAna
to detect volumes with anomalous activation. TsDiffAna detects
anomalies instantaneously, whereas the HRF accounts for the
delayed nature of the BOLD response, effectively attenuating
signal contributions from the initial 0-2 seconds. Accordingly,
we considered a stimulus unreliable if any anomalous volumes
occurred between 2 and 10 seconds after stimulus onset. Rows
and columns corresponding to such stimuli were removed from
the RDM. Second, single-trial beta estimates of adjacent trials can
be unreliable due to collinearity, leading to inflated positive corre-
lations between temporally adjacent trials (Mumford et al. 2014;
Prince et al. 2022). Because phrases from 1/6 adjacent trials share
a constituent in Graves et al. (2010; experiment 1), and phrases
from 1/3 adjacent trials share their semantic relation in Wang
et al. (2020), the overestimated similarity of adjacent trials might
lead to inflated Type I errors (Mumford et al. 2014). Therefore, we
removed the first off-diagonal elements from all RDMs.

Theoretical models

We defined three classes of theoretical models: baseline mod-
els coding for possible confounding variables, distributional
semantics models coding for non-compositional semantic
representations, and ¢cDSMs coding for compositional semantic
representations. Each model defined a theoretical RDM (or candi-
date RDM; Nili et al. 2014) used in RSA analyses. Figure 3 displays
the second-order dissimilarities among theoretical models.

Baseline models

To better isolate semantics from confounding representations,
we controlled semantic models for information coded by the
following five theoretical RDMs:

e Run: The run RDM coded for whether trials belonged to the
same (0) or different (1) functional runs.
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e Orthographic overlap: The degree of orthographic overlap
between two phrases was quantified by their Levenshtein dis-
tance, namely the minimum number of single character edits
needed to change a phrase into the other. The orthographic
overlap RDM was populated by the Levenshtein distances
among all pairs of phrases.

¢ Left and right constituent frequency: We quantified word
frequency based on the log-transformed word frequency data
from the Baroni et al. (2014b) corpus, the same corpus used
to train the semantic models (section 2.3.2). We constructed
a RDM coding for the absolute difference in word frequency
of the left constituents from all trial pairs (e.g., the absolute
value of the difference between the word frequency of “snow”
and “cat” for the “snow man” and “cat fish” trials). We con-
structed a RDM for the right constituents analogously.

¢ Concreteness: We employed Brysbaert et al. (2014) concrete-
ness norms and defined the concreteness of a word pair to be
the average concreteness of its constituents.” We constructed
a concreteness RDM based on the absolute difference in
concreteness between trials.

Distributional semantics models

Word vectors were obtained from the semantic spaces provided by
Baroni et al. (2014b); specifically, word vectors were derived from a
~ 2.8 billion word corpus obtained from the concatenation of the
web-collected ukWacC (Baroni et al. 2009), a 2008 English Wikipedia
dump, and the print-media-based British National Corpus (BNC
consortium, 2007). Vectors were computed with the chow version
of the word2vec model (Mikolov et al. 2013), a prediction-based
DSM (Mandera et al. 2017) aimed at predicting a word given its
context. The model was trained on the corpus described above,
choosing the parameter set producing the best empirical results in
Baroni et al. (2014b), namely where 400-dimensional vectors were
trained to predict words within a context window of five words
(negative sampling with k = 10, subsampling with t = 1e—5). These
vectors represent the lexicalized meaning of single words and
form the basis on which compositional vectors were generated.
Based on these vectors, we defined three semantic models:

o Left constituents: ;. These vectors represented the meaning
of the left constituents, i.e., the first word of each phrase;

* Right constituents: >. These vectors represented the mean-
ing of the right constituents, i.e., the second word of each
phrase.

We quantified the semantic dissimilarity of two stimuli by
computing 1 - the cosine similarity of their vectors. For each
semantic model, we constructed a corresponding RDM coding for
the semantic dissimilarity of stimuli, resulting in two semantic
RDMs: w; RDM and wy; RDM.

Compositional distributional semantics models

From the semantic space described in the previous section, we
defined three compositional distributional semantic models:

« Additive model: add = W} + W5 (Mitchell and Lapata 2010).
These vectors represented the unweighted sum of the left
and right constituents. Note that, while technically a com-
positional model, when used as a model of neural repre-
sentations a more parsimonious interpretation of the vector
addition is that it codes for the mere (non-combinatorial) co-
representations of constituents’ features.
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Fig. 3. Second-order dissimilarities among theoretical models for all stimuli across all studies (run RDM excluded due to subject- and study-specific
construction). (left) multidimensional scaling based on spearman distance, computed with Nili et al. (2014) toolbox. (right) second-order dissimilarity
matrix; each cell shows the distance of two theoretical RDMs, computed as 1 — Their spearman correlation.

« Multiplicative model: mult = W} © W) (Mitchell and Lapata
2010). These vectors represent the elementwise multiplica-
tion of constituents’ features.

e CAOSS model: CAOSS = & + & = M x W; + H x
W, (Marelli et al. 2017). Following Giinther and Marelli
(2021), the training data consisted of a set of triplets of
(left constituent, right constituent, compound) from the union of
four noun-noun compound databases: The 629-compound
database by Juhasz et al. (2014), the 1,865-compound
database by Glinther and Marelli (2018), the 2,861-compound
database by Kim et al. (2019), and the 8,376-compound
database by Gagné et al. (2019). To guarantee reliable model
representations, we kept those for which the compound and
its constituents had a raw frequency higher than 50 in the
Baroni et al. (2014b) corpus. This resulted in a training set of
4,429 triplets. We estimated CAOSS parameters (i.e.,, the M
and H matrices) with the DISSECT toolkit (Dinu et al. 2013a).

We then built additive, multiplicative and CAOSS RDMs coding
for the trials’ semantic dissimilarity as estimated by these models
(i.e., 1—the cosine similarity of additive, multiplicative and CAOSS
representations).

Representational similarity analyses

After having defined theoretical and empirical RDMs, we per-
formed the following representational similarity analyses (RSAs).

Confirmatory RSA

We performed RSA in four regions of interest, namely LATL, LAG,
RAG, and LIFG. We defined the core ROI as spherical masks with
a diameter of 9 voxels, centered on the average activation peaks
reported in the literature (Feng et al. 2015; Forgacs et al. 2012;
Ford et al. 2010; Graessner et al. 2021b; Graves et al. 2010; Molinaro
et al. 2015; Schell et al. 2017; Wang et al. 2020; Zhang et al.
2022; Supplementary Table S2). The MNI coordinates we used
are: LATL (x = -48.1, y = 0.1, z = -24.5), LAG (x = 40.2, y =
-66.6, z = 36.9), RAG (x = 46.9, y = -62.3, z = 35.2), and LIFG (x =
-47.4,y =21.3,z =7.7). We quantified the second-order similarity
between the representational spaces of a given ROI and theo-
retical model by computing the Spearman correlation between
their RDMs (Kriegeskorte et al. 2008; Nili et al. 2014). Importantly,

because we wanted to control for the influence of confound-
ing dimensions, we conducted partial RSA by performing partial
Spearman correlations between RDM pairs controlling for the
influence of other RDMs. Specifically, for each ROI, we performed
a partial RSA for every candidate semantic (w1, w,) and composi-
tional semantic (additive, multiplicative, CAOSS) model, controlling
for baseline models (i.e., including all baseline models as control
variables in partial Spearman correlations). We then conducted
statistical inference over the entire sample of participants and
studies by computing right-tailed Wilcoxon signed-rank tests,
testing whether the partial correlation coefficients were signifi-
cantly greater than zero (Kriegeskorte et al. 2008; Nili et al. 2014),
applying Bonferroni correction for the number of ROIs (ie., a =
.05/4). Significant results indicate that a given ROI represents
semantic information consistently with a theoretical model and
that this second-order similarity cannot be attributed to the
confounding dimensions of word frequency, orthographic overlap,
concreteness, or run. As stated in section 1.3, we expected to
observe a significant representational match between the space of
c¢DSMs and ROIs, with the multiplicative model providing the best
representational model of LATL, CAOSS providing the best model
of LAG and/or RAG, and either multiplicative or CAOSS showing
significant representational correspondence with LIFG.

Confirmatory RSA: Non-semantic subset

Because evidence suggests that (compositional) semantic pro-
cessingis automatically enacted (Glinther and Marelli 2020; Liuzzi
et al. 2021), we expected to find a representational match for
semantic and compositional semantic models even when compo-
sition was not required to carry out a task. To test this hypothesis,
we focused on Graves et al. (2010) experiment 1, where partici-
pants were tasked to indicate if either word in the current phrase
matched a word in the same position from the previous phrase.
This 1-back task could be accomplished by simply processing
surface-level properties of the stimuli, without semantic process-
ing. Therefore, we considered all semantic and compositional
models significant in the previous confirmatory analysis (section
2.4.1), and repeated the RSA analyses using only this data subset.
We expected to observe the same pattern of model significance in
this non-semantic study subset.
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Exploratory RSA

Searchlight RSAs were carried out by iteratively considering vox-
els belonging to a sphere with radius = 3 voxels centered at each
voxel across the general semantic network (Jackson 2021). The
analysis was performed in the space of each subject, for every
subject and study. For each sphere, the corresponding brain RDM
coded for the Mahalanobis distance between pairs of stimuli.
Stimuli falling in outlier volumes were discarded. We performed
Spearman correlations between brain RDMs and each baseline
model, and partial Spearman correlations between brain RDMs
and each semantic and compositional semantic model controlling
for all baseline models. Searchlights RSAs were implemented
with Nili et al. (2014) toolbox. The resulting correlation maps
were normalized to reference MNI space, and masked using the
intersection of two masks: 1) a mask excluding all voxels missing
from atleast 9 subjects; ii) a mask of the general semantic network
peaks from Jackson (2021) meta-analysis. We conducted group-
level analyses over the resulting normalized correlation maps
using SPM12, applying a threshold of & = .005 at the voxel level,
and « = .05 at the cluster level, family-wise error (FWE) corrected
for multiple comparisons. We did not have specific expectations
about where significant clusters could emerge and for which
model (with the exception, of course, of the core ROIs).

Exploratory RSA: Composition and retrieval

We repeated the searchlight RSAs in the semantic network
focusing on the subset of stimuli for which a lexicalized (i.e., non-
compositional) vector was available. Specifically, we identified
the stimulus phrases for which a vector representation was
available in the Baroni et al. (2014b) semantic space: 45 stimuli
in Graves et al. (2010; experiment 1 and 2), 11 stimuli in Graves
etal. (2022), and 4 stimuli in Wang et al. (2020) met this criterion.
Due to the limited number of stimuli, we decided to focus on
data from Graves et al. (2010; experiment 1 and 2; N = 45). Brain
RDMs coded for the Mahalanobis distance between these 45
stimuli (990 pairs), excluding stimuli falling in outlier volumes.
Brain RDMs were constructed from voxel spheres (radius = 3
voxels) whose center was systematically varied to cover the
general semantic network. In this analysis, theoretical models
;il)so included the lexicalized representations of phrase stimuli,
L, from which we constructed the corresponding L RDM. Thus,
the semantic representations of a given stimulus phrase (e.g.,
“apple tree”) were the following: left constituent (M), right
constituent (tr_)ee), additive model (m + tr_>ee), multiplicative
N AN —_ —
model (apple © tree), CAOSS model (M x apple + H x tree), and
lexicalized meaning (apple tree). We were especially interested in
the unique contribution of the combinatorial and the lexicalized
meaning models. Thus, we conducted partial RSAs controlling
for the confounding dimensions of each model. Specifically,
given a searchlight voxel sphere, we performed partial Spearman
correlations between its brain RDM and the lexicalized meaning
RDM, controlling for all baseline and non-combinatorial semantic
models. Similarly, we performed partial Spearman correlations
between the brain RDM and each combinatorial model (i.e.,
mult and CAQSS, independently) controlling for baseline models
and non-combinatorial semantic models. The resulting partial
correlation maps were normalized to standard MNI space, and
masked with the intersection of a mask of the general semantic
network and a mask excluding all voxels missing from at least
5 subjects. Once again, we performed group-level analyses over
the resulting maps applying an alpha threshold of « = .005 at
the voxel level, and of @ = .05 at the cluster level, FWE-corrected
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for multiple comparisons. In line with the claim that active com-
position and retrieval processes are simultaneously attempted,
we expected to observe significant clusters of combinatorial and
lexicalized representations. Although we did not have a-priori
localization hypotheses, we expected to observe compositional
clusters consistent with results from the previous exploratory
searchlight RSA (which included all stimuli from all studies).

Results

Confirmatory analyses

Confirmatory RSA

Table 3 and Figure 4 report the results of semantic and com-
positional semantic models. We find significant results for
the additive model in LAG (Z = 356N = 85p < .001),
probably driven, at least in part, by the representational match
for the right constituent (Z = 2.89,N = 85p = .002). To
further explore the differential contribution of the left and
right constituents to the performance of the additive model,
we repeated the analyses after applying different weights to
the left and right constituents. Specifically, we performed RSA
with the weighted additive model add = B, + (1 — B) 05, where
B €{0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9} . Results confirm that the
right constituent was more represented by the LAG, and further
show an opposite trend in LIFG (Figure 5). For compositional
models, we observe significant results for the multiplicative
model in LIFG (Z = 2.30,N = 85,p = .011), and a match close
to the adjusted alpha threshold (¢ = .0125) for the multiplicative
model in LATL (Z = 2.09, N = 85, p = .018).

Confirmatory RSA: Non-semantic subset

Focusing on the non-semantic task subset of Graves et al. (2010;
experiment 1), we repeated RSA for the right constituent and
additive model in LAG. Neither the right constituent (Z = 0.99,N =
23,p = .16) nor the additive model (Z = 1.14,N = 23,p = .13) were
significant. However, the multiplicative model was still significant
in LIFG (Z = 2.21,N = 23,p = .014).

Exploratory analyses

Exploratory RSA

Across all models, a significant representational match was
observed only for the multiplicative model. Specifically, search-
light RSA partialling over baseline models revealed two significant
clusters, one located in pars triangularis of the LIFG (BA45), the
other in the left middle superior sulcus (ImSTS; Figures 6 and 7;
Supplementary Table S4).

Exploratory RSA: Composition and retrieval

No significant clusters emerged for any theoretical model.> For
the lexicalized model, a cluster in the left Fusiform gyrus was
close to significance (FWE-corrected cluster p = .054; MNI coor-
dinates of peak activation: x = —40, y = -56, z = -14).

Discussion

Semantic composition allows us to construct complex meanings
from simpler constituents. Theorists have proposed different
ways in which constituents can be combined, some of which have
been formalized by computational models such as compositional
distributional semantics models (cDSMs). Complementing
behavioral studies, neuroimaging can aid the study of semantic
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Table 3. Right-tailed Wilcoxon signed-rank test results for semantic and compositional semantic models. Test statistics were
computed over the partial spearman correlation coefficients (i.e., subject-level RSA results) for all subjects and all studies (N = 85). All
models were controlled for baseline models. The table reports Z scores and uncorrected p-values; results significant after Bonferroni
correction (adjusted e = .0125) are reported in bold. See supplementary table S3 for baseline model results.

RDM predictor LATL LAG RAG LIFG

z p z p z p z p
wq 1.50 .066 1.21 113 0.51 .306 2.14 .016
wo 0.62 .268 2.89 .002 0.14 444 1.48 .069
add 1.39 .082 3.56 <.001 1.32 .094 2.00 .023
mult 2.09 .018 1.32 .093 0.54 295 2.30 .011
CAOSS 0.21 418 0.50 .309 0.36 .358 0.02 493

Multiplicative model (Z = 2.30,p = .011 <

g a = 0.05/4)

—

P | n.s.

E (Multiplicative model; Z = 2.09,p = .018 >
a = 0.05/4)
n.s.

£E8E

Fig. 4. RSA results in the a-priori-defined core ROIs.

composition by tapping into otherwise unobservable represen-
tations. Most neuroimaging studies take a univariate approach
best suited to identify regions sensitive to high-level contrasts
related to semantic composition. However, this approach is
more limited in its ability to say how composition occurs, that
is, what transformations constituent concepts undergo during
combination/integration. To address this limitation, the present
work asks whether the distributional representations predicted by
cDSMs match the fine-grained neural patterns observed in core
semantic brain regions. To better target semantic representations
beyond specific processing demands, we re-analyzed fMRI data
aggregated from four published studies, all employing two-word
combinations but differing task requirements. We identified
compositional representations in the pars triangularis (BA45) of
the left inferior frontal gyrus (LIFG), both when aggregating data
across all studies and within a subset of studies where the
behavioral task did not explicitly require semantic processing.
These findings support the hypothesis that the LIFG represents
combined concepts and suggest that compositional processing
in the LIFG may occur automatically. An exploratory searchlight
RSA confirmed these results and revealed an additional cluster
of compositional representations in the left middle superior
temporal sulcus (ImSTS). Similar, though considerably weaker,
representations were also observed in the left anterior temporal
lobe (LATL). Unexpectedly, we did not observe combinatorial

Additive model (Z = 3.56,p < .00l < a =
0.05/4)

representations in the left or right angular gyri (LAG and RAG). We
discuss these findings in detail, explore how model characteristics
might explain these observations, acknowledge the limitations
of the present study, and outline potential avenues for future
research.

Compositional representations in the semantic
network

Left Inferior Frontal Gyrus (LIFG): Compared to LATL and AG, the
specific type of semantic composition supported by LIFG is less
clear, with theoretical accounts linking LIFG activation to seman-
tic control demands (Graves et al. 2010; Molinaro et al. 2015;
Coutanche et al. 2018). Hence, we did not put forward specific
hypotheses about which ¢cDSMs would best capture LIFG repre-
sentations. Instead, we tested whether at least one cDSM could
provide a significant model of LIFG, considering a positive result
as evidence that LIFG represents semantic compositions beyond
specific task demands. This inference is made credible by the
diverse array of tasks covered by our re-analysis (Table 1). Indeed,
while combinatorial processing could be confounded with seman-
tic control on specific tasks, leading to spurious representational
similarities driven by task demands, the same pattern is less
likely to drive similarities across multiple, different tasks. Thus,
because we find significant representational similarities between
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Fig. 5. RSA results of the weighted additive model in the core ROIs. The
x-axis shows the weights g of the left constituent (the weights of the right
constituent were obtained by 1 — g). The y-axis shows the Z-statistic of
the corresponding Wilcoxon signed-rank tests.

the multiplicative model and the LIFG (significant after con-
trolling non-semantic confounds), we conclude that the LIFG
represents combinatorial information beyond semantic control
demands. Crucially, the searchlight RSA identifies a significant
cluster for the multiplicative model in LIFG. This cluster partially
overlaps with the spherical mask from the confirmatory RSA
analysis, and both are located in LIFG pars triangularis (BA45).
Moreover, we do not observe non-combinatorial semantic rep-
resentations in LIFG (albeit our exploratory inspection of the
weighted additive model suggests representational similarities
driven by the left constituent, in line with its primary importance
for conceptual combination; Gagné and Shoben 1997; Glnther
and Marelli 2018; Figure 5). This is surprising, as composition
depends on constituents’ meaning. We speculate that, if LIFG
is rapidly and automatically engaged in composition, the time
resolution might be too coarse to identify representations of con-
stituent word meanings before combination has occurred. Indeed,
we find multiplicative representations even when considering
the 1-back data subset from Graves et al. (2010; experiment 1).
These results suggest that LIFG automatically enacts combina-
torial processing even when semantic access is not required to
solve the task. Consistent with this finding, Liuzzi et al. (2021)
showed that LIFG pars triangularis was one of three areas where
the representations of semantic category information were sim-
ilar across tasks requiring passive and active semantic access.
Semantic category representations, while more pronounced in the
active semantic task, were recoverable with a decoder trained
on one task and modality and tested on the other. Overall, we
take the above considerations to support the notion that LIFG
pars triangularis represents combinatorial semantic information of
the multiplicative kind - interpretable as a feature conjunction
(Baron and Osherson 2011; Baroni 2013) — which is computed
automatically and is unlikely to depend on specific semantic
control demands.
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Left Anterior Temporal Lobe (LATL): Confirmatory RSA showed
no compositional model was significant in LATL, with the mul-
tiplicative model being non-significant after correcting for mul-
tiple comparisons (p = .072 after Bonferroni correction). While
weak, we contend that this result is notable in light of the signal
dropout in ATL (Visser et al. 2010), which was not controlled
for with appropriate sampling strategies in the fMRI studies we
re-analyzed, possibly compounding with the already noisy beta
estimates (see Methods 2.2.2). This finding is in line with the
hypothesis that the LATL specifically supports composition based
on the intersective conjunction of constituent meaning, that is,
meaning defined by the properties satisfied by both constituents
simultaneously (Poortman and Pylkkdnen 2016; Coutanche et al.
2018), operationalized by the component-wise multiplication of
semantic vectors (Baroni 2013). Indeed, closest to our approach,
Baron and Osherson (2011) sampled the multivoxel BOLD patterns
in response to images of faces differing in gender and age, tar-

geting both constituent properties (i.e., “male”, “female”, “adult”,

“child”) and their combinations (“woman”, “man”, “girl”, and “boy”)
demonstrating that, in LATL and posterior cingulate cortex alone,
the activation patterns of combinations were predicted by the
multiplication of the activation patterns of their constituents.
On the other hand, besides not reaching significance after cor-
rection, there are reasons to question this result. First, besides
multiplicative representations, Baron and Osherson (2011) find
that additive representations can be recovered from the LATL
(and many other regions; see also Baron et al. 2010). Instead, we
do not find significant representational similarities between the
LATL and the additive model, nor between the LATL and each
constituent individually. This goes against the vast evidence of
LATLs centrality in semantic processing more generally and in
semantic integration in particular (Ralph et al. 2016), which we
hypothesized should lead to representing constituent meaning
and their addition, besides multiplication. Thus, overall, while
consistent with previous findings of combinatorial processing
of the intersective kind in LATL and with our expectations of
ROI-model correspondence, this result awaits to be confirmed in
future studies.

Left and Right Angular Gyrus (LAG and RAG): Contrary to our
hypotheses, we did not observe compositional representations
in the angular gyri (AG). This finding aligns with the theoretical
account proposed by Humphreys et al. (2021), which argues that
the AG may not represent semantic information per se. The incon-
sistent involvement of the AG in semantic cognition studies may
be attributable to task complexity acting as a confounding factor
in contrasts such as word versus nonword or combinatorial versus
non-combinatorial stimuli. Specifically, given the involvement of
the left angular gyrus (LAG) in the default mode network (DMN),
task complexity could drive the observed deactivation of the AGin
univariate studies of semantic composition (see also Ralph et al.
2016). Nevertheless, it remains possible that the AG does sup-
port semantic composition, and our compositional DSMs (cDSMs)
simply did not provide the appropriate compositional function
to detect it. In this regard, Frankland and Greene (2020) link the
AG to the DMN, suggesting that the DMN - rather than serving
as a repository of semantic knowledge - supports conceptual
combination by providing multimodal, context-dependent, and
knowledge-based information needed to infer appropriate rela-
tionships among constituents. These relationships are frequently
complex and challenging to systematize. On this account, cDSMs,
as a class of models, might be too simple and rigid to explain
combination in the DMN, and consequently in AG* (e.g., they are
based on decontextualized word representations, and on textual
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Fig. 6. Searchlight RSA results in the broad semantic network. Red: Cluster of multiplicative model representations controlling for baseline models;
blue: A-priori ROI sphere for LIFG used in confirmatory RSA; purple: Cluster and sphere overlap.

Wiy
e

Fig. 7. Searchlight RSA results in the broad semantic network. Geen: Mask of the general semantic network (Jackson 2021). Red: Cluster of multiplicative
model representations controlling for baseline information; blue: Voxel sphere for LIFG used in the confirmatory RSA. Purple: Cluster and sphere overlap.

information alone). Interestingly, however, we find highly signifi-
cant representational similarities between the additive model and
LAG (driven by — but not reduceable to - the right constituent), but
not RAG. This finding suggests that at least the left (Binder et al.
2009; Jackson 2021) AG is involved in semantic representation in
contrast to the Humphreys et al. (2021) account discussed above.
Thus, overall, our findings are consistent with the claim that the
reported involvement of AG in conceptual combination might be
due to task demands (Humphreys et al. 2021), but also support the

notion that LAG does represent semantic information, as widely
reported (Binder et al. 2009; Jackson 2021).

General semantic network: Exploratory analyses identify signif-
icant clusters of multiplicative representations in the middle
portion of the superior temporal sulcus ImSTS) and in pars tri-
angularis of the LIFG (BA45). Extensive evidence has linked LIFG to
semantic memory (Binder et al. 2009; Ralph et al. 2016; Jackson
2021), including more specific evidence of representational simi-
larities between this region and DSMs (Carota et al. 2017; Liuzzi
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et al. 2020; Zhang et al. 2020). There is also extensive evidence for
the involvement of STS in language processing (Humphries et al.
2006; Pallier et al. 2010; Malik-moraleda et al. 2022). Looking more
specifically at composition, however, previous work implicated
STSin processing thematic relations and, more specifically, agent-
patient relations (i.e., who did what to whom; Frankland and
Greene 20203, 2020b), which is incompatible with the multiplica-
tive model's symmetry. While these results are challenging to
reconcile with existing evidence for the localization of semantic
composition, we note that the latter are overwhelmingly based
on univariate analyses, the complementation of which motivated
the exploratory analyses we are discussing. A degree of divergence
between univariate and model-driven multivariate investigations
is, in this sense, expected, and might inform future studies.

Modeling considerations

Notably, across both confirmatory and exploratory analyses,
the multiplicative model consistently emerged as the only
cDSM and, in the exploratory RSA, the only theoretical model
displaying significant representational similarities with target
brain regions. Because cDSMs were tested against data from
diverse study settings, which share only the most fundamental
properties, we speculate that the good performance of the
multiplicative model stems from its simplicity. The fact that
we could observe multiplicative representations in the 1-back
subset corroborates this interpretation. Indeed, if multiplicative
combination is automatically enacted regardless of the need to
access or compute semantic information, it naturally follows that
one should be able to observe multiplicative representations in
other task settings, assuming the same stimulus type (adjective-
noun and noun-noun phrases). Nonetheless, similarities with a
simple alternative such as the additive model were not observed
as pervasively and consistently as those of the multiplicative
model. Therefore, the superior performance of the multiplicative
model cannot be reduced only to simplicity.

The CAOSS model was never significant, despite predicting
compound processing and representation across different behav-
ioral measures and languages (Glunther, Marelli, et al. 2020a;
Gunther and Marelli 2018, 2020, 2022; Marelli et al. 2017). Mir-
roring the considerations above, CAOSS might be too complex
to generate semantic representations consistently present across
tasks and thus preserved in their aggregate. Alternatively, while
CAOSS predicts a diverse array of behavioral results related to
compound processing, the representations that drive such predic-
tions may just not be good models of the neural representations
that underlie those behaviors, suggesting that more is needed to
develop a ¢cDSM that can account for both.

Limitations and future directions

By considering data coming from diverse fMRI studies, we were
able to conduct analyses at a scale larger than usual experiments,
posing a stringent test to the generalizability of combinatorial
representations across contexts. However, a major downside
stemming from this approach is that none of the studies included
was optimized for multivariate analyses targeting word-level
representations. Indeed, stimuli were presented only once in each
study, leading to noisy beta estimates, and BOLD acquisition was
not optimized for LATL signal dropout. Studies tailored to our
research questions and methodology would have, of course, more
statistical power to detect the effects of interest, a limitation
that we tried to mitigate with a larger sample size. In this
sense, a reduced sample size (55 subjects from Graves et al.
(2010); experiment 1 and 2) might be why we fail to observe
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significant clusters in the searchlight RSA targeting lexicalized
and compositional representations, together with the limited
amount of stimuli per participant.

Second, our methodology suffers from one key limitation
of DSMs, namely their lack of grounding and interpretability.
First, theoretical accounts of conceptual combination postulate
a central role of sensorimotor information, which is claimed
to drive combination in dynamic interaction with linguistic
information (Lynott and Connell 2010), while brain regions
implicated in semantic composition are connected to modality-
specific regions (e.g., the “hub-and-spoke” model of ATL; Lambon
Ralph et al. 2010; Ralph et al. 2016). Indeed, Glinther, Petilli,
et al. (2020b) demonstrate that a CAOSS model trained on vision
vectors explains compound word processing times over and
above its DSM-based counterpart. Therefore, future studies might
benefit from considering semantic representations enriched with
extralinguistic information. Second, the nature of DSMs’ features
(i.e., the fact that they index uninterpretable dimensions of
co-occurrence information) prevents us from drawing strong
conclusions about how interpretable features (e.g., color) are
combined. For example, by relying on interpretable features,
Wang et al. (2025) were able to demonstrate extensive and quite-
unsystematic interactions between feature and relation type
in how features combine. Interestingly, Wang et al. also report
evidence for a multiplicative model of (feature) combination,
whose advantage appears to be confined to social-emotion
features. Looking at fMRI studies, Solomon and Thompson-Schill
(2020) focused on the dimension of brightness, showing that
combinatorial (additive and multiplicative) models predicted
univariate signal modulation in LIFG. In this context, cDSMs
partly complement, and partly abstract over such information,
which calls for future studies and for the integration of the two
approaches to semantic knowledge.

Finally, as we discussed in the introduction, we attempted
to ground our investigation in the principle of compositionality,
where semantic composition is defined as a systematic transfor-
mation of meaning-carrying (neural) representations. Three key
ingredients characterize this framework: the representations of
constituent concepts, the representation of their combined mean-
ing and, arguably the end goal of the research endeavor, the trans-
formation that connects the two. Reverberi et al. (2012) provide an
example of this approach in the domain of rule representation.
Specifically, they obtained the multivoxel BOLD representations of
conditional rules and their conjunctive combination and showed
that decoders trained on constituent rule identity could be used to
recover the identity of their combination successfully. From this
perspective, an ingredient missing from the present study is the
neural representation of constituent information. Future stud-
ies might collect the neural representation of constituent units
besides those of their combination; cDSMs could then directly
operate on the former to predict the latter (indeed, see Baron et al.
2010; Baron and Osherson 2011).

Conclusions

The present work explored the neural bases of semantic com-
position by testing the representational similarity of combina-
torial stimuli described by activation patterns in core regions of
interest and in the theoretical spaces defined by compositional
distributional semantics models. To better target semantic rep-
resentations beyond specific processing demands, we reanalyzed
fMRI data aggregated from four published studies differing in task
requirements. We find evidence for (non-combinatorial) semantic
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representations in the left angular gyrus. Converging evidence
indicates the use of multiplicative combinatorial representations
in the pars triangularis of the left inferior frontal gyrus (BA45),
suggesting that the latter represents combinatorial information
- of the “intersective conjunction” or “feature intersection” kind
(Poortman and Pylkkdnen 2016; Coutanche et al. 2018) — beyond
task demands and even when semantic processing is not explic-
itly required. Overall, our model-driven approach clarifies which
brain regions represent combinatorial information across con-
texts and processing demands, offering evidence for some spe-
cific operations that may underlie semantic composition in these
areas.

Notes

1. This approach is very similar to the Least-Squares Separate
method (Mumford et al. 2012). See Supplementary section S1
for a systematic comparison of beta maps estimated with
our staggered approach and with the LS-S method, demon-
strating that the beta maps in the ROIs considered are highly
aligned across beta estimation methods.

2. Concreteness ratings were missing for 6 first words and 18
second words. In these cases, only the rating of the available
constituent was considered.

3. In order to make results comparable with the main
exploratory RSA (section 2.4.3), we also performed a search-
light RSA for the compositional models controlling only
for the baseline models (but not for the non-compositional
semantic models). Again, no significant clusters emerged for
either the multiplicative or the CAOSS models.

4. We note that CAOSS, compared to the additive and multi-
plicative models, allows an additional degree of flexibility.
Indeed, the M and H matrices interact with the vectors differ-
ently (i.e., the same matrix can change a vector much more
than another). But even CAOSS has a degree of rigidity, as M
and H matrices do not model the interactions between left
and right constituents (e.g., the meaning of “cat”in “cat fish”
and “cat sitter” will receive an identical transformation by M).
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