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Abstract

The usage-based constructionist (UCx) ap-
proach to language posits that language com-
prises a network of learned form-meaning
pairings (constructions) whose use is largely
determined by their meanings or functions,
requiring them to be graded and probabilis-
tic. This study investigates whether the inter-
nal representations in Large Language Models
(LLMs) reflect the proposed function-infused
gradience. We analyze representations of
the English Double Object (DO) and Prepo-
sitional Object (PO) constructions in Pythia-
1.4B, using a dataset of 5000 sentence pairs
systematically varied by human-rated prefer-
ence strength for DO or PO. Geometric anal-
yses show that the separability between the
two constructions’ representations, as mea-
sured by energy distance or Jensen-Shannon
divergence, is systematically modulated by
gradient preference strength, which depends
on lexical and functional properties of sen-
tences. That is, more prototypical exemplars
of each construction occupy more distinct re-
gions in activation space, compared to sen-
tences that could have equally well have oc-
cured in either construction. These results pro-
vide evidence that LLMs learn rich, meaning-
infused, graded representations of construc-
tions and offer support for geometric measures
for representations in LLMs.

1 Introduction

A central tenet of usage-based constructionist
(UCx) approaches is that our knowledge of lan-
guage consists of a structured inventory of con-
structions — conventionalized pairings of form
and function at varying levels of complexity and
abstraction (Goldberg, 2006). The framework
posits that language is learned from experience,
with contexts and frequencies of use shaping dy-
namic ”ConstructionNets” (Goldberg, 2024) in

the minds of speakers. Grammaticality is not a bi-
nary state but a continuum of acceptability, an ob-
servation supported by work in experimental and
computational work on language (Francis, 2022;
Gibson and Fedorenko, 2013; Hu et al., 2024).

Here we focus two English constructions, the
Double Object (DO) construction (e.g., She gave
the boy the book) and the Prepositional Object
(PO) alternative (She gave the book to the boy).
We build on a long-standing and widespread fo-
cus in linguistics on the combination of infor-
mation structure and lexical factors that speak-
ers use to choose between the DO and PO con-
structions: (e.g., Bresnan et al., 2007; Goldberg,
1995; Green, 1974; Levin, 1993; Oehrle, 1976;
Wasow and Arnold, 2003). In particular, the re-
cipient argument in the DO strongly tends to be
already under discussion and expressed by a def-
inite word (often a pronoun) or short phrase; the
transferred entity in a DO, on the other hand, is
within the focus domain and is more often ex-
pressed by an indefinite noun phrase, which can be
a longer phrase. These information structure prop-
erties partially emerge from the fact that the DO
construction is used to convey real or metaphori-
cal transfer to an animate entity, and animate enti-
ties are more likely to be topical in discourse (peo-
ple often talk about people), while the transfered
entity is more likely to be in the focus domain
(for a degree of dialect variation see Bresnan and
Nikitina, 2009).

The PO construction has been argued to be a
subcase of a much broader “caused-motion” con-
struction (Goldberg, 1995, 2002) that can convey
a change of location as well as transfer of pos-
session (e.g., She kicked the ball to him/the wall).
This idea is supported by recent computational
work offering a tool for analyzing word mean-
ings in different contexts (Ranganathan et al.,
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2025) using interpretable semantic features (Chro-
nis et al., 2023). Ranganathan et al. (2025) report
that the features associated with word embeddings
vary systematically, depending on whether a given
word appears in the DO or PO. In particular, fea-
tures related to personhood are stronger when the
same word, e.g., London is the recipient of the DO
(e.g., She sent London the painting), while fea-
tures related to location are stronger when Lon-
don appears in the PO (e.g., She sent the painting
to London).

Verbs’ lexical biases also play a role in whether
people prefer the DO or PO. The verb give is
more common in the DO construction, and in fact
give accounts for roughly 40% of all DO tokens
(e.g., Goldberg et al., 2004). On the other hand,
a set of Latinate (i.e., fancy-sounding) verbs re-
sist the DO in favor of the PO (Gropen et al.,
1989; Ambridge et al., 2012; Goldberg, 2019).
For instance, the verbs transfer, explain, and do-
nate rarely occur in the DO, despite their highly
compatible meanings; instead, each verb is biased
toward the PO construction. Lexical biases can
be quite particular and specific; for instance, the
Latinate verb guarantee, bucks the tendency for
fancy-sounding words to resist appearing in the
DO: Guarantee strongly prefers the DO. Thus, a
nuanced account of how such lexical factors are
learned is required (e.g., Goldberg, 2011, 2019;
Ambridge et al., 2012). Indeed, computational
work has found that the differences in information
structure between the DO and PO are useful in
LLMs’ learning of lexical biases (Misra and Kim,
2024).

As LLM representations are learned through
exposure to natural language texts, there is an op-
portunity to investigate whether massive distribu-
tional learning can give rise to representations that
reflect principles of the UCx approach. Recent
work has assessed how accurately LLMs can clas-
sify or distinguish argument structure construc-
tions (e.g. Huang, 2025; Bonial and Tayyar Mad-
abushi, 2024), but less is known about how con-
structions are represented or their underlying ge-
ometry. Our work addresses this gap by shifting
the focus from classification accuracy to an anal-
ysis of underlying representational geometry.

We hypothesize that representations of the DO
and PO constructions should be more distinct to
the extent that instances’ typical lexical and func-
tional properties are more prototypical instances

of the respective constructions. We test this by
asking whether collections of instances of the DO
and PO that include typical functional features are
more easily separable than collections of instances
that are prototypical of neither, even though each
sentence is unambiguous syntactically (either a
PO or DO).

More specifically, we ask: Does the geomet-
ric distinction between the representations of the
DO and PO increase, as measured by either en-
ergy distance or Jensen-Shannon Divergence, as
the functional factors associated with DO and PO
more closely align with their respective syntactic
expressions?

Stimuli sentences come from the DAIS (Dative
Alternation and Information Structure) dataset,
which includes 5, 000 English pairs of DO and
PO sentences (Hawkins et al., 2020). Across
DO/PO pairs, several factors are systematically
varied along the dimensions recognized to distin-
guish the two constructions. Here we use human
preference strengths, also from DAIS, toward one
or the other construction, to analyze the hidden
states of Pythia-1.4B (Biderman et al., 2023).

Both energy distance (Rizzo and Székely,
2016) and Jensen-Shannon divergence (JSD) (Fu-
glede and Topsoe, 2004) are used to measure the
separability of entire clouds of representations, at
different layers of Pythia-1.4B. The preferred ver-
sion (DO, PO, or either) of each sentence pair in
the DAIS corpus was binned, according to the de-
gree of preference toward the DO or PO, to be de-
scribed in Methods and Results.

Results reveal a sophisticated geometric encod-
ing of constructions in which lexical and func-
tional factors improve the distinction between
the DO and PO. In this way, LLM representa-
tions are consistent with key principles of the
UCx approach, including gradiently distinguish-
able function-infused grammatical patterns, inter-
pretable as clusters in geometric space.

2 Methods

Dataset and Model: As noted, the DAIS dataset
includes 5000 pairs of sentences, one in the DO
and one in the PO, while systematically varying
the length and definiteness each postverbal ar-
gument across pairs. Two hundred main verbs
also vary across pairs, including verbs standardly
treated as both ‘alternating’ and ’non-alternating’
(Levin, 1993). Importantly, DAIS also includes
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Figure 1: Projection into 2-dimensions of mean-pooled and normalized representations of the Double-Object
(DO, in orange) and Prepositional Dative Object (PO, in black) constructions. Points represent sentences from the
DAIS corpus, binned as follows: A) Instances of the DO and PO that are well-suited to the lexical and functional
factors of their respective constructions as determined by human preferences. B) Instances of the DO and PO, as
determined by syntax only, as their lexical and functional properties do not favor either construction.

human ratings of how strongly they prefer one
construction over the other, for each combination
of verb and arguments. Participants used a slider
to indicate a preference for the DO (one end) or
PO (other end) or neither (midpoint) (Hawkins
et al., 2020).

We use these human preference ratings to
partition sentences into five tiers based on the
mean preference strength. We combined sen-
tences from both ends of the scale to create 5
bins, ranging from: (1) the top 10% of sentences
with the strongest preference for one or the other
construction, to (5) those sentences judged to be
in the middle of the scale (equally non-biased
toward either construction). A sample collection
of DO sentences that vary from strong DO-bias
(1) to little bias toward either DO or PO (5) are
provided below:

DO biased
ˆ (1) Maria asked him some questions.
| (2) Bob lobbed her a tennis ball.
| (3) Juan shuttled the team something.
| (4) Alice threw a woman a book.
| (5) Michael took the woman the blanket.
DO or PO

An equal number of PO sentences were included
in each of the same bins, correspondingly ranging
from strongly PO-biased (1) to equi-biased (5),

according to the human preferences in DAIS.
From the publicly available pretrained Pythia-

1.4B model, we extracted mean-pooled and
normalized state representations for each sen-
tence. We analyzed representations from all
24 layers, reducing them to 150 principal com-
ponents, which captured 88.01% of the total
variance (averaged across model layers). Com-
mon benchmarks suggest retaining components
that explain 70%–90% of the total variance
(Jolliffe, 2011), and 88.01% sits comfortably
within this range, suggesting that a large majority
of the structure in the data is retained, while a
smaller portion that is more likely to reflect noise
was discarded. We normalized the activations
so that they all exist on a unit hypersphere S149.
Finally, we deployed the following analyses.

Preference strength was treated as an ordinal
variable with five levels: 1 (10% most strongly
biased) to 5 (10% most equi-biased). That is, level
(1) includes sentences that strongly preferred
the DO and sentences that strongly preferred the
PO, while level (5) included sentences that were
roughly equi-biased toward either DO or PO.
Bins were used rather than a continuous factor for
visualization purposes.

To measure the separability in representational
space for each tier of bias strength, we em-
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ployed two different measures, Energy Distance
and Jensen-Shannon divergence. Energy dis-
tance, E(X,Y ), is a statistical distance between
the probability distributions of two random vec-
tors, X and Y , in a metric space (Cramér, 1928).
It is simply based on the expected Euclidean dis-
tances between their elements. Given two sam-
ples from our PCA-reduced representations, X =
{x1, . . . , xm} and Y = {y1, . . . , yn}, where each
xi, yj ∈ R150, the squared energy distance is esti-
mated as:

E2(X,Y ) =
2

mn

m∑

i=1

n∑

j=1

∥xi − yj∥−

1

m2

m∑

i=1

m∑

j=1

∥xi − xj∥ − 1

n2

n∑

i=1

n∑

j=1
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where ∥ · ∥ is the Euclidean norm. Energy dis-
tance is zero if and only if the distributions are
identical; it is sensitive to differences in both the
location and the shape of distributions, making it a
robust measure of overall geometric separation in
the model’s representation space. We calculated
the energy distance between the distributions of
the constructions on S149 layer by layer.

A more sensitive measure of distributions is
Jensen-Shannon Divergence (JSD), which mea-
sures the relationship between distributions in
high-dimensional space (Menéndez et al., 1997).
To use JSD, we first estimated the probability
distributions of both constructions P (vDO) and
Q(vPO), in the 150-dimensional PCA space. Fol-
lowing (Conklin, 2025), we next generated a set
of k = 1000 anchor vectors, A = a1, a2, . . . , ak,
by sampling from a uniform distribution on S149.
The vector corresponding to each individual sen-
tence v was then assigned to the anchor vector
nearest to it, based on cosine similarity. This ef-
fectively partitions the hypersphere into k Voronoi
cells. This technique, based on vector quantiza-
tion, yields two discrete probability distributions,
P̂ and Q̂, which are k-dimensional vectors where
the i-th element represents the proportion of vec-
tors from each set assigned to anchor ai. Jensen-
Shannon divergence is then computed as:

JSD(P̂∥Q̂) =
1

2
DKL(P̂∥M) +

1

2
DKL(Q̂∥M)

where M = 1
2(P̂ + Q̂) and DKL is the Kullback-

Leibler divergence. This method avoids informa-

tion loss from projecting onto any single axis to
offer a more holistic comparison of distributions
(Conklin, 2025). Since the sampled anchor vec-
tors are probabilistic, we averaged across 20 ran-
dom seeds to get stable JSD scores.

3 Results

Our analysis reveals that graded bias strength for
one construction over a paraphrase systematically
shapes the geometry of construction representa-
tions across the model architectures. In particular,
the model assigns representations that are more
distinct when the constructions are more clearly
differentiated, when instances are more strongly
biased toward the construction used. This is the
case for both energy distance and JSD, as each
shows a clear and consistent stratification by the
tiers of preference strength (Figure 2 and 3). At
nearly every layer, the Top 10% strongest prefer-
ence tier exhibits the greatest geometric distance,
followed in order by the other tiers, down to the
ambiguous baseline. As is clear in Figure 1, with
sentence vectors projected onto two dimensions
for visualization purposes, DO and PO sentences
that conform better to the DO or the PO, respec-
tively (left panel), are more distinctive than sen-
tences that could nearly as easily be paraphrased
by the other construction (right panel).

Because energy distance and JSD are based on
very different analyses, we cannot expect their
qualitative patterning to align. In fact, energy
distance follows a convex trajectory, slightly dip-
ping in the mid-layers before rising sharply (Fig-
ure 2) In contrast, JSD shows divergence increas-
ing sharply and remaining high (Figure 3). Yet the
overall pattern showing more distinctiveness be-
tween DO vs. PO sentences when sentences that
are more biased toward either varient compared
with sentences that are relaitvely un-biased is evi-
dent according to both energy distance (Figure 3)
and JSD (Figure 2). We take this to indicate that
the finding is robust and not an artifact of a single
metric.

Scaling Analysis across Pythia Model Suite. To
test whether our findings are specific to the 1.4B
parameter model or reflect a more general prop-
erty of transformer architectures, we replicated
our full analysis pipeline — including the energy
distance, high-dimensional JSD with correlation
of mean cosine similarity tests — across the mod-
els in the Pythia suite (from 70M to 6.9B parame-
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Figure 2: Layerwise Energy Distance between DO and
PO representations, stratified by tiers binned by degree
of bias. The plot shows a consistent ordering by bias,
with more prototypical instances of the two construc-
tions being more separable.

ters). Results confirm that our central findings are
robust across model scales. We consistently ob-
serve the geometric stratification by degree of bias
so that preference strength remains a significant
predictor of representational distance. A detailed
report of these scaling law analyses, with code to
generate plots, is in the supplementary materials.

4 Discussion

Our results provide compelling computational ev-
idence for a core principle of the usage-based
constructionist approach: that grammatical repre-
sentations are graded and sensitive to semantic-
pragmatic fit. The clear stratification in our
geometric analyses demonstrates that LLMs de-
velop representations whose geometric proper-
ties are highly consistent with the probabilistic,
usage-based categories posited by the UCx ap-
proach. This geometric entanglement of form
and function resonates with the core tenets of
the UCx approach. The energy distance reflects
the distinctiveness of the two constructions spa-
tially in regions of the model’s representation
space. This extends previous work that has fo-
cused on the model’s ability to classify construc-
tions categorically (Huang, 2025; Bonial and Tay-
yar Madabushi, 2024) by showing more fine-
grained, graded geometric structure, dependent on
lexical and functional factors.

Future work is needed to better understand the
distinct qualitative patterns across layers when en-
ergy distance and JSD are compared. We note that
the JSD measure, which is more nuanced but per-
haps less intuitive, appears to distinguish the con-

Figure 3: A high-dimensional measure of Distribu-
tional Separability (JSD) Across layers (with k = 1000
anchor points, averaged over 20 random seeds). Strat-
ification is evident: tiers that include more biased sen-
tences of either DO or PO are more separable into dis-
tinct constructions. This plot reinforces the finding
from the energy distance analysis, though with differ-
ent layer-wise dynamics.

structions particularly well: JSD is bounded be-
tween 0 and log(2) (≈ 0.693) (Lin, 1991), and the
distinction between the constructions in the most
biased tier approaches this limit at 0.6. Yet be-
cause the two metrics are based on quite differ-
ent calculations, so we do not attempt to compare
them directly.

5 Conclusion and future directions

The current work demonstrates that the geome-
try of an LLM’s internal representations directly
reflects the graded function-infused bias toward
one or another linguistic construction, where bi-
ases are recognized to be conditioned on lexi-
cal and functional factors. We have shown that
the model’s representations of constructions are
systematically organized by their distinctiveness.
This work bridges the gap between the theoretical
principles of the usage-based constructionist ap-
proach and the empirical realities of modern NLP,
suggesting that LLMs learn a rich, dynamic, and
meaning-infused model of grammar. Our findings
open a promising new direction for future work;
we are currently using these geometric insights
to guide an investigation aimed at isolating the
specific computational circuit(s) within the model
that are responsible for encoding verb bias in the
dative alternation, using tools like causal media-
tion analysis from Mechanistic Interpretability.
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