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Abstract

Compositionality is considered central to lan-
guage abilities. As performant language sys-
tems, how do large language models (LLMs)
do on compositional tasks? We evaluate ad-
jective—noun compositionality in LLMs using
two complementary setups: prompt-based func-
tional assessment and a representational analy-
sis of internal model states. Our results reveal
a strong divergence between task performance
and internal states. While LLMs reliably de-
velop compositional representations, they fail
to translate consistently into functional task suc-
cess across model variants. Consequently, we
highlight the importance of contrastive evalua-
tion for obtaining a more complete understand-
ing of model capabilities.

1 Introduction

Compositionality, the ability of systems to generate
complex meanings from simpler parts, is often con-
sidered a key factor in human language processing
(Smolensky, 1987; Fodor and Pylyshyn, 1988; Par-
tee et al., 1995; Townsend et al., 2018; Donatelli
and Koller, 2023). Today, large language models
(LLMs) are considered highly performant natural
language systems (Min et al., 2023). This has led
to questions on the compositionality of such mod-
els (Saba, 2023; Mahowald et al., 2024; McCurdy
et al., 2024): if compositionality is key to language,
then are LLMs compositional as well?!

Early empirical work investigated composition-
ality in neural models with tasks like SCAN (Lake
and Baroni, 2018), COGS (Kim and Linzen, 2020),
and PCFG (Hupkes et al., 2020). However, these
paradigms are a poor fit for modern pretrained
LLMs: they rely on controlled train—test splits
designed for models trained from scratch, and
many use synthetic or restricted fragments of En-
glish that are likely already represented in large-

"Non-compositional LLMs have been argued to at least be
conceivable (Block, 1981; Bender et al., 2021).

scale pretraining corpora. More recently, compo-
sitionality has been evaluated in LLMs through
functional task-based assessments (Pavlick and
Callison-Burch, 2016; Bertolini et al., 2022; Sun
et al., 2024; Xu et al., 2024; Zhang et al., 2024;
Dziri et al., 2024; Ma et al., 2024; Dhar and S¢-
gaard, 2024), alongside methods aimed at improv-
ing performance on such tasks (SHAO et al., 2023;
Drozdov et al., 2023; Press et al., 2023; Lu et al.,
2024a; Chen et al., 2024; Li et al., 2024b). In
parallel, another line of work probes internal rep-
resentations to identify compositional structure
and layer-wise mechanisms (Hewitt and Manning,
2019; Murty et al., 2023; Kumon and Yanaka, 2025;
Peng et al., 2025; Guo et al., 2025). Yet these func-
tional and representational approaches are rarely
evaluated side by side on the same models and
tasks, making it difficult to determine whether they
provide converging or divergent evidence about
compositionality in LLMs.

Recent work suggests external task performance
and internal representations may diverge in LLMs
(Lampinen et al., 2024; Orgad et al., 2025) — but
does such divergence also apply to compositional
abilities? In this work, we address this gap by di-
rectly contrasting functional and representational
evaluation within a unified experimental frame-
work”. We focus on adjective—noun compositional-
ity and evaluate LLMs across three inference-based
tasks capturing substitutivity, systematicity, and
overgeneralization (Hupkes et al., 2020, 2023). For
each model family, we measure task performance
under scaling and instruction tuning and conduct a
layer-wise analysis to assess compositional struc-
ture in internal representations. By comparing be-
havioral trends with representational signals across
model variants, we seek to test whether the two
paradigms yield converging empirical conclusions
about compositionality in LLMs.

"Data and code are available at Compgenie.
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2 Experimental Setup

To study compositionality, we focus on the domain
of adjective—noun (AN) phrases. From a linguistic
perspective, AN constructions are among the most
frequent and semantically transparent instances of
phrasal composition, making them a classic testbed
for compositional semantics (Partee et al., 1995;
Kamp and Partee, 1995; Guevara, 2010; Hartung
etal., 2017; Bertolini et al., 2021). Crucially, mean-
ing composition in this domain can be operational-
ized through inference: if the composed phrase pre-
serves or alters entailment relations with its parts,
the model must reason about semantic structure
rather than rely on lexical associations (Lebowitz,
1983; Geiger et al., 2019; Donatelli and Koller,
2023). This inference-based framing has been cen-
tral in both formal semantics (Partee et al., 1995)
and recent NLP evaluations of compositionality
(Pavlick and Callison-Burch, 2016; Bertolini et al.,
2022).

2.1 Task Choice

Compositionality in natural language can manifest
in many forms, such as substitutivity, systematic-
ity, and overgeneralization (Hupkes et al., 2020).
We adopt one adjective-noun (AN) based task on
meaning inference for each of these aspects:

Substitutivity. Substitutivity requires that substi-
tuting a semantically compatible modifier preserves
entailment (Pickel and Szabd, 2004; Werning et al.,
2012; Hupkes et al., 2020; Li et al., 2024a). Let
S(n) denote a sentence containing noun n, and
S(an) its adjective-modified form. We define a
binary entailment function:

B(S(an), S(n)) = {1 if [S(an)] (= [S(o)]
0 otherwise.

ey

For example, entailment holds in The runner set

a new record |= The runner set a record, since the
adjective restricts but does not alter the core mean-
ing. In contrast, entailment does not hold in The
alleged thief was arrested [~ The thief was arrested,
as the adjective modifies the truth conditions of the
noun phrase. We use the AddOne dataset (Pavlick
and Callison-Burch, 2016) to evaluate substitutiv-

ity.

Systematicity. Systematicity requires recombin-
ing known semantic relations to infer a novel one

(Cummins, 1996; Symons and Calvo, 2014; Hup-
kes et al., 2020). Given two base entailments—
an = n and an | h (with h a hypernym of
n)—and must decide the composed entailment
an = ah, testing whether the adjective can be
systematically carried across the noun—hypernym
relation. We define a binary entailment function
over the target inference:

1 if [an] = [ah]

0 otherwise.

E(an,ah) = { (2)

We then consider three inference types: IT1:
E(an,n),1T2: E(an, h), and IT3: E(an, ah).

For some adjectives, all inference types hold: red
car |= car, red car |= vehicle, and red car = red
vehicle. While for others, IT1 and IT2 hold but IT3
fails: small elephant |= elephant, small elephant
= animal, but small elephant = small animal.

We use the PLANE dataset (Bertolini et al.,
2022) to evaluate systematic compositional infer-
ence.

Overgeneralization. Overgeneralization occurs
when compositional rules are incorrectly extended
to expressions whose meanings do not transpar-
ently derive from their parts (Macken, 2014; Hup-
kes et al., 2020; Csordds, 2023). In adjective—noun
phrases, the modifier typically preserves type mem-
bership (e.g., an denotes a subset of n). However,
exocentric compounds may contain the same noun
string while failing to denote a subtype of that noun.
This task tests whether models avoid inferring type
membership based solely on surface form overlap.
Given atriple (n, an, ¢), where an is compositional
and c is an exocentric compound containing n, we
define a binary type inference function:

o) {1 if [z] € [n] &

0 otherwise.

Compositional behavior predicts: E(an,n) = 1
and E(c,n) = 0. For example,trenchcoat |= coat,
whereas turncoat = coat. We introduce the COM-
PCOMB dataset to evaluate robustness against
such overgeneralization. For more details on the
three aspects and how the tasks represent them,
refer to Appendix A.

2.2 Functional Evaluation

We describe the first of our two evaluation se-
tups, which examines compositionality through
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LLaMA2 CodeLLaMA Qwen2.5-Coder Gemma?2
Dataset 7B 7B-it 13B 7B 7B-it 13B 7B 7B-it 14B 2B 2B-it 9B
AddOne (F1) 7797 18.01 7849 7849 7536 5492 7758 2087 12.62 7849 29.61 59.76
PLANE (F1) 36.70 33.73 3535 3333 42.67 3333 3333 3457 38.14 3333 3333 36.84
CompComb (Ace) 66.67 72.59 4593 9556 71.11 93.33 77.04 7334 71.11 77.04 73.33 45.19

Table 1: Functional task performance (weighted F1 for AddOne and PLANE; accuracy for COMPCOMB) for base,
instruction-tuned (-it), and scaled variants of four LLM families. No model variant consistently outperforms others
across all three tasks, reflecting the divergence between model scaling, alignment and compositional ability.

task-level performance. Here, models are evalu-
ated based on their behavioral outputs on the three
benchmarks introduced above. We examine how
compositional task performance varies under two
factors commonly associated with improved LLM
capability: model scaling, where performance
tends to increase with parameter count (Kaplan
et al., 2020; Hoffmann et al., 2022; Biderman et al.,
2023; Chowdhery et al., 2023), and instruction
tuning, which has been shown to enhance gener-
alization and alignment (Wei et al., 2022; Ouyang
et al., 2022; Longpre et al., 2023; Chung et al.,
2024; Sun et al., 2024). If compositional behavior
tracks broader capability improvements, system-
atic trends should be observable across scaling and
instruction-tuned variants.

Methodology. We evaluate four model
families—LLaMA-2, CodelLlama, Qwen2.5-Coder,
and Gemma2—each with three variants: a base
model, an instruction-tuned model, and a larger
scaled model (details in Appendix B). For
AddOne and PLANE, we use two evaluation setup
variations to mitigate effects of prompt sensitivity
(Lu et al., 2024b; Sclar et al., 2024) and the
reported results correspond to average accuracy
across these variants. For the prompting setup, we
employ accuracy and for log probability setup,
given two candidate completions (entailment vs.
non-entailment), the model’s prediction corre-
sponds to the completion with higher conditional
probability. For COMPCOMB, we employ three
prompting configurations designed to test type
inference robustness (details in Appendix C).

Results. Across the three benchmarks, perfor-
mance trends vary across scaling and instruction
tuning (Table 1, Figure 1). For AddOne and COM-
PCOMB, performance often decreases with in-
struction tuning and increased model size, whereas
PLANE remains comparatively stable across vari-

Base
IT
Large
80

60

40

Average Performance (%)

20

AddOne PLANE CompComb

Figure 1: The average performance across different
model category (Base, Instruction Tuning, and Large
model size) on three tasks. We report the weighted
F1 score on AddOne and PLANE, and Accuracy on
COMPCOMB.

ants. These findings indicate that improvements
associated with scale and instruction tuning do not
consistently correspond to improved compositional
task performance under functional evaluation.

2.3 Representational Evaluation

In our second evaluation setup, we examine com-
positionality at the level of internal representations.
We conduct a layer-wise probing analysis to deter-
mine whether compositional signals are encoded
across model architectures and how these patterns
relate to functional task outcomes.

Methodology. For each model, we extract hidden
states representing encoding of the task question,
from every fifth transformer layer. For AddOne
and PLANE, we train a linear classifier on layer-
wise representations to predict entailment labels.
For COMPCOMB, we compute cosine similarity
between token-level embeddings to assess type dis-
crimination. All results are compared against a
random baseline (details in Appendix C).

Results. Representations perform consistently
above chance across models and layers (Fig-
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ures 2-4), indicating that compositional infor-
mation is encoded internally. For AddOne and
PLANE, signal strength typically peaks in inter-
mediate layers. Overall, representational evidence
remains stable across scaling and instruction tun-
ing.
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Figure 2: Layer-wise results (weighted F1 score) on
AddOne dataset.
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Figure 3: Layer-wise results (weighted F1 score) on
PLANE dataset.

3 Conclusion

In this work, we contrasted functional and represen-
tational evaluations of adjective—noun composition-
ality in LLMs. First, we find that compositional
task performance varies substantially across model
variants. Although scaling and instruction tuning
are typically associated with improved overall ca-
pability, they do not consistently improve compo-
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Figure 4: Layer-wise results (accuracy) on CompComb
dataset.

sitional performance and in some cases lead to
performance declines across benchmarks. This in-
dicates that gains in general task performance do
not uniformly translate to gains in compositional
behavior under functional evaluation. Second, rep-
resentational evidence remains comparatively sta-
ble across model families and variants. Compo-
sitional structure is reliably encoded in internal
representations, with signals often peaking in inter-
mediate layers and exhibiting similar trends across
base, instruction-tuned, and scaled models. Taken
together, these findings highlight a systematic di-
vergence between functional and representational
perspectives on compositionality. Compositional
knowledge appears to be consistently encoded in
LLMs, yet its behavioral expression depends on
the model variants and evaluation setup. Thus,
evaluating models solely through task performance
or internal analysis may yield incomplete conclu-
sions; integrating functional and representational
approaches offers a more comprehensive view.

More broadly, the results underscore the impor-
tance of contrastive evaluation setups when assess-
ing model capabilities. Relying solely on a single
evaluation setup may provide an incomplete pic-
ture of model behavior. For robustness and safety-
sensitive deployment (Mahilraj et al., 2023; Bender
et al., 2021), understanding potential divergences
between internal structure and external outputs is
critical. A comprehensive evaluation strategy that
integrates functional and representational analyses
can therefore yield a more reliable and fine-grained
account of model capabilities.
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Limitations

Our study has some limitations that constrain the
scope of our conclusions. First, our evaluation fo-
cuses exclusively on adjective—noun composition-
ality. While this domain provides a controlled and
linguistically grounded testbed, compositionality
manifests at multiple levels of linguistic structure.
Extending this contrastive evaluation framework to
subword, phrasal, and sentence-level composition,
as well as to multilingual models, would enable
broader generalization of our findings.

Second, although we observe consistent repre-
sentational signals, our analysis does not establish a
causal relationship between internal compositional
structure and task-level behavior. Layer-wise prob-
ing reveals the presence of information, but does
not determine whether or how it is functionally
used during inference. Future work could employ
causal intervention methods—such as activation
patching or path attribution—to test whether com-
positional representations directly influence model
predictions.

Finally, our comparison is limited to two evalu-
ation paradigms: prompt-based functional assess-
ment and linear representational probing. Devel-
oping more comprehensive contrastive evaluation
frameworks will be important for understanding
how different analytical lenses shape conclusions
about compositionality and other model capabili-
ties.

Ethical Considerations

We do not anticipate any risks in our work. Any
data used does not contain any personal details or
offensive content. In this study, our use of all arti-
facts is consistent with the license and intended use
of all datasets and models. The AddOne Dataset
(Pavlick and Callison-Burch, 2016) is available on
HuggingFace onthis page and is free for all use.
The PLANE dataset (Bertolini et al., 2022) is also
available on HuggingFace onthis page and has li-
cense of Creative Commons Attribution 2.0. Our
toy dataset COMPCOMB will be released upon
publication along with details of license and in-
tended use. All models used are also from Hug-
gingFace and their details, along with licenses, are
summarized in Appendix B. All code and data
will be released upon publication for greater repro-
ducibility.
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A Tasks and Datasets

In this appendix section, we provide a detailed
explanation of the different aspects of composition-
ality we evaluate (Hupkes et al., 2020) along with
the task used.

Substitutivity: It refers to a model’s ability to
preserve meaning when a component of a complex
expression is replaced with a semantically equiv-
alent or synonymous alternative (Carnap, 1988;
Hupkes et al., 2020). In a truly compositional sys-
tem, meaning should be a function of the meanings
of its parts and their combination — so substituting
one part with a synonym should not alter the overall
meaning of the expression. We evaluate this using
the AddOne Dataset (Pavlick and Callison-Burch,
2016), which tests whether models recognize entail-
ment relationships between original and modified
sentences. For example, given the sentence The
runner set a record, we substitute the noun record
with an adjective—noun phrase such as new record,
producing the modified sentence The runner set a
new record. While the surface form changes, the
core meaning remains unchanged in context. A
model with compositional understanding should
therefore recognize the entailment:

The runner set a new record = The runner set a
record.

Success on this task requires more than detect-
ing synonymy at the word level — it requires the
model to integrate the substitution compositionally
and infer that the meaning of the larger sentence
remains intact. The dataset is released with train
(4481 samples), val (387 samples), and test (510
samples) splits.

Systematicity: It refers to a model’s ability to
recombine known parts and rules to interpret novel
expressions (Fodor and Pylyshyn, 1988; Hupkes
et al., 2020). We evaluate this using the PLANE
Dataset (Bertolini et al., 2022), which focuses on
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adjective—noun (AN) entailment patterns. In this
task, the model is provided with two base entail-
ments: one between an adjective—noun phrase and
the noun alone (e.g., red car |= car), and one be-
tween the noun and its hypernym (car |= vehicle).
The model is then asked to determine the validity of
the composed entailment (red car |= red vehicle).
The dataset is released with train (60012 samples)
and test (2016 samples) splits.

To succeed, the model must apply systematic
compositional reasoning: it must combine the en-
tailment patterns it has already observed to infer
the new one. Crucially, this requires understand-
ing how the adjective interacts with both the noun
and the hypernym class — particularly when ad-
jectives vary in type (e.g., intersective vs subsec-
tive vs intensional). The task thus tests whether
the model can generalize meaning compositionally,
rather than relying on shallow heuristics or memo-
rized patterns.

Over-generalization: It refers to a model’s ten-
dency to incorrectly apply compositional rules to
expressions that are, in fact, non-compositional
(Hupkes et al., 2020). A robust compositional sys-
tem should be able to distinguish between gen-
uine compositional combinations and compounds
that do not follow regular meaning composition.
We test this with a novel task using a handcrafted
toy dataset of 45 samples in English language—
the COMPCOMB Dataset, which we introduce
in this work. Each data point consists of a
triple: a noun, a compositional adjective—noun
(AN) combination involving that noun, and a non-
compositional exocentric compound that includes
the same noun. For example, in the triple (coat,
trenchcoat, turncoat), the word trenchcoat refers to
a specific type of coat, preserving a compositional
relationship. In contrast, furncoat is an idiomatic
expression referring to a traitor, where the meaning
does not transparently derive from coat.

To succeed, the model must avoid overgener-
alizing based on surface forms or string overlap,
and instead distinguish between compositional and
non-compositional expressions. This task directly
tests whether the model can identify and respect the
boundaries of compositional generalization. Please
note that we will release the dataset upon publi-
cation along with the license and intended use for
research purposes.

It is important to note that two other dimensions
as per Hupkes et al. (2020)—productivity and local-
ism—are deliberately excluded from our analyses,

for reasons rooted in both linguistic theory and
the epistemological limitations of empirical ver-
ification which are commonly recognized in the
literature (Hupkes et al., 2020).

First, productivity—the notion that natural lan-
guage allows for the generation of an unbounded
number of novel expressions from a finite set of
primitives—is a foundational concept in genera-
tive linguistics (Chomsky, 1956). However, its
empirical status is more controversial. As noted
by Pullum and Scholz (2010), it is not possible to
establish the infinitude of natural language through
observation, given the finiteness of human utter-
ances and cognitive resources. Moreover, even if
a system generalizes to longer sequences than it
was trained on, this does not, in itself, constitute
evidence for true linguistic productivity. In formal
terms, productivity involves generalization across
an unbounded domain:

Vn € N, 3 s, € L such that length(s,,) = n,

where £ is the set of grammatical sentences.
Demonstrating this for either human language or
LLM behavior is inherently intractable. Conse-
quently, productivity lacks the falsifiability and
granularity required for robust evaluation in our
setting.

Second, we exclude localism as a defining cri-
terion of compositionality. Localism refers to the
idea that composition should occur via strictly lo-
cal operations—i.e., the meaning of a complex ex-
pression is derived solely from the meanings of
its immediate subparts (its “children” in a com-
positional tree). This notion is aligned with what
the relevant linguistic literature Pagin and Wester-
stahl (2010a,a,b) terms strong or first-level com-
positionality. However, this is only one possible
interpretation. Under weak or global composition-
ality, meanings may be computed from broader
structures, potentially referencing distant context
or higher-order structures. Crucially, both modes
of composition satisfy the formal definition of com-
positionality:

[E] = f([ELD - - -, [ER]),

where [E] denotes the meaning of expression F,
and F1, ..., E, are its constituents. The nature of
f—whether strictly local or globally informed—is
not constrained by the principle of compositionality
itself. Empirically, the absence of local composi-
tional operations does not entail non-compositional
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behavior. A model may validly construct meanings
using global strategies and still preserve the struc-
tural integrity of compositional mappings. Thus,
testing for localism does not test for compositional-
ity per se, but rather for a specific implementation
strategy.

For these reasons, we limit our analysis to as-
pects of compositionality that are both theoretically
robust and empirically interpretable. We regard
productivity and localism as valuable extensions
for future work, but not as necessary conditions
for evaluating whether compositionality matters in
current large language models.

B Model Details

In this appendix section, we provide details of the
models used in our experiments. For each model
family, we selected three models for testing:

* Base Model (Base): A minimum parameter
model, ranging from 2B to 7B, that serves
as the foundational model version for each
family.

e Instruction — Finetuned Model (IFT): The
same 7B base model, further fine-tuned with
instruction-tuning to enhance task perfor-
mance.

* Scaled Model (Large): A model variant with
a higher parameter count, ranging from 9B
to 70B, depending on availability within each
family. These larger models allow us to in-
vestigate how scaling affects compositional
behavior.

The diversity in models ensures that our analysis
captures how both model complexity and tuning
approaches impact compositionality. The names
and links to each model are in Table 2

C Methodology Details

This appendix provides formal details for the two
evaluation setups described in Sections 2.2 and 2.3.

C.1 Functional Evaluation Details

AddOne and PLANE. For binary entailment
tasks, we use two evaluation variants.

(1) Generation-based MCQ setup. Given an
input prompt x and two candidate options (entail-
ment and non-entailment), the model generates an

output sequence ¢. A prediction is considered cor-
rect if the generated output contains the correct
option label. Accuracy is computed as:

N
1 . .
Acc = N g 1 W ([9; contains y;], ()
7

where N is the number of test examples and y;
is the gold label.

(2) Comparative log-probability setup. Given
the same prompt x and two candidate completions
y(l) (entailment) and y(o) (non-entailment), we
compute conditional log-probabilities:

T
log P(y¥) | z) = 3 log P(y” | z,yY)), (5)
t=1

where 77 is the token length of completion y.
The predicted label is:

) = log P(y") | z). 6
§=arg max log (yV | ) (6)

Accuracy is computed as the proportion of cor-
rect predictions over the test set.

COMPCOMB. For COMPCOMB, we use a
prompting setup in which the model is asked to
judge which expression is semantically closer to the
noun n: the compositional adjective—noun phrase
an or the exocentric compound c.

We evaluate three prompt variants to mitigate
prompt sensitivity. For each variant p;, the model
outputs a choice 2) € {an,c}. Accuracy per
variant is defined as:

2|~

Ace(p)) = = > K =anl, ()

where NV is the number of triples.
Final reported accuracy is averaged across
prompt variants:

R
Acc = — > " Acc(p; 8
cc=- 2 ce(p;); ®)

where m denotes the number of prompt tem-
plates. A prediction is considered correct if the
model judges an to be closer to n than c.
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Family Variant Hugging Face Link License
Base (7B) Llama-2-7b-hf LLaMA 2 Community License
LLaMA-2 Instruction-tuned (7B) Llama-2-7b-chat-hf LLaMA 2 Community License
Scaled (13B) Llama-2-13b-hf LLaMA 2 Community License
Base (7B) CodeLlama-7b-hf LLaMA 2 Community License
CodeLlama Instruction-tuned (7B) CodeLlama-7b-Instruct-hf LLaMA 2 Community License
Scaled (13B) CodeLlama-13b-hf LLaMA 2 Community License
Base (7B) Qwen2.5-Coder-7B Apache License 2.0
Qwen2.5-Coder Instruction-tuned (7B) Qwen2.5-Coder-7B-Instruct Apache License 2.0
Scaled (14B) Qwen2.5-Coder-14B Apache License 2.0
Base (2B) Gemma-2-2B Gemma Terms of Use
Gemma?2 Instruction-tuned (2B) Gemma-2-2B-it Gemma Terms of Use
Scaled (9B) Gemma-2-9B Gemma Terms of Use

Table 2: Models used in section 2, grouped by family and variant, with links to their Hugging Face repositories and

associated licenses.

C.2 Representational Evaluation Details

Layer-wise Extraction. For each model, we ex-
tract hidden representations corresponding to the
task input from every fifth transformer layer. Let
¢¢(x) denote the representation of input x at layer
L.

AddOne and PLANE. For each layer ¢, we train
a linear classifier on ¢y(x) to predict the binary
entailment label. Let ¢, denote the predicted label
at layer ¢. Layer-wise accuracy is computed as:

N
1 )
Accy = N § W90 = i, 9

i=1

where N is the number of test examples and y;
is the gold label.

COMPCOMB. For each triple (n,an,c) and
layer ¢, we extract representations ¢y (n), ¢gs(an),
and ¢;(c). We compute cosine similarity:

de() - Po(y)

simg(z,y) = .0
[de(2) || @e(w)l
A prediction is considered correct if:
simy(n, an) > simg(n, c). 1n

The aim here is to examine how well the model’s
internal representations encode the relationships
between related and unrelated adjective-noun and
exocentric compound-noun pairs. Layer-wise accu-
racy is defined as the proportion of triples satisfying
this inequality. This gives insights into how well

135

the model captures semantic relationships and dis-
tinctions between input items (such as distinguish-
ing between a noun and its related and unrelated
compounds). This setup allows for an analysis of
the model’s ability to differentiate semantically re-
lated pairs from unrelated ones based on internal
representation quality.
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