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Abstract

Inspired by the parallelogram model for
word analogy, given proportional word
analogies such as King: Queen:: Man:
Woman, their offset similarity is viewed
as relational similarity between the words
king — queen = man — woman =r. To
that end, despite numerous studies, the role of
semantic similarity in offset or relational simi-
larity remains unclear. As such, various works
framing the problem as that of analogy comple-
tion x : a* ::y: ?, show that often finding the
answer y*, by choosing the word most similar
to y, gives better results than finding it with the
offset vector y* = y + (z — x*). In this paper,
we view word analogy as that of relational map-
ping. Accordingly, given aquery = —z* =2,
the task is to find word pairs that are related
to one another as words in the query are re-
lated. Accordingly, noting that word vectors
are obtained through word co-occurrence, and
distinguishing between similarity due to relat-
edness (such as similarity between coffee and
cup) and semantic similarity (such as similarity
between coffee and tea), we show that in com-
mon word embedding models, word vectors
exhibit similarities with both word categories
mentioned. Additionally, in multiple choice
word analogy questions; we show how word
similarity can be the reason why the offset vec-
tors fail in recognizing relational similarity.

1 Introduction

Analogy and analogical reasoning are a crucial as-
pect of human cognition. As such, understanding
them is of significant importance. One common
example of analogy is the so-called proportional
word analogies, traditionally used to evaluate word
embedding models. To that end, given that word
embedding models such as fasttext and word2vec
obtain the representation of a given word using
words that accompany it in textual contexts, words
can be similar in two main possible ways: Firstly,
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Figure 1: Illustrating difficulty factor of answering word
analogy questions with semantic similarity.

two given words that often appear together in tex-
tual contexts such as coffee and cup, may have
similar embeddings. Assuming words appearing
together in textual contexts are related, we can call
such similarity in word vectors as similarity due
to relatedness. It is to note that, in literature, such
similarity is also called topical similarity, or do-
main similarity (Hill et al., 2015). Secondly, words
that do not appear in the same contexts can still
have similarity in their vectors, given that there
are words that often accompany both words. Ar-
guing that the common words in different contexts
represent relation similarity involving our given
words, we can call such similarity, as similarity due
relation similarity. Considering the set theoretic
view of similarity, where similarity is described as
feature-mapping process (Tversky, 1977), our view
of semantic similarity being due to relation simi-
larity is coherent with literature. For example, con-
sider proportional analogy word:language :: note



: music; one can imagine there are words that ex-
press the relations between words (word, language
), similar to the relations between words (note ,
music) in various contexts. Noting the one-to-one
correspondence between head (word, language )
and tail (note , music) words, in this work we also
call such similarity as pair wise similarity between
head and tail words. As alternative intuition such
similarity in similarly related words is that rela-
tions have directions, therefor we expect "word"
to be similar to "note", while "language" should
be similar to "music". Semantic similarity from
the Google word analogy dataset is illustrated in
Figure 2.

Word embedding models are shown to cap-
ture word relations without being explicitly
trained on them. As such, inspired by the
parallelogram model for analogy, the similar-
ity between offset of word pairs is viewed
as the relation similarity between word pairs
king — queen = man — woman =r, with r
being referred to as the offset vector. To that end,
the similarity between offsets of such words, and
the similarity between words themselves have been
a topic of research. Accordingly, given propor-
tional word analogies = : z* 1 y : y*, studies
framing the problem as multi-choice analogy com-
pletion problem z : x* :: y : ?, show that for offset
vector to be helpful in answering the question, y
and y* should be very close to each other (Simi-
lar). Additionally, studies also show that similarity
alone is sometimes more successful at the analogy
completion problem. In this paper, we frame the
problem as that of relational mapping (Gentner and
Forbus, 2011) « : «* :: ? . This simple change
of problem representation makes the word analogy
problem consistent with the structural mapping def-
inition of analogy (Gentner, 1983), where objects,
as well as relations are mapped. Accordingly, we
show that for offset of analogous words to be simi-
lar, important is semantic similarity between head
(z,y) and tail («*, y*) terms. Moreover, the linear
connection between pairwise head and tail similar-
ity and that of offset similarity is also consistent
with the notion of rerepresentation from cognitive
science. As such, according to rerepresentation,
during analogical reasoning humans change the
representation of entities or objects so that the rela-
tion matches (Gentner and Forbus, 2011).
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Figure 2: Similarity of relationally similar words using
the word analogy dataset Google, wherein each head
and tail word for a given relation r corresponds to a
unique concept (for the relation "citizen of", the head
word is a person, and the tail word is nationality ).

2 Related Works

The related work of this paper concerns 2 cate-
gories of research papers: those that investigate the
emergence of linear analogies in word embedding
models, and those that explore the relation between
word similarity and offset similarity.

Vector Arithmetic Based Approaches for
Word Analogy: Pennington et al. show that
for the given proportional analogies, offset vec-
tors will be similar given that the proportion
p(wl|z)/p(w|z™) = p(wly)/p(wl|y*) holds for all
words w in the vocab. Furthermore, (Ethayarajh
et al., 2019) proves the above conjecture theoreti-
cally. Moreover, using a word co-occurrence ma-
trix, (Korchinski et al., 2025; Karkada et al., 2025)
show how simple linear analogies in the word em-
bedding space emerge.

Word Similarity and Offset Similarity in
Literature: Various works study such a connec-
tion in the context of analogy completion in a
multiple-choice question-answering format, such
as King : Queen :: Man :? , where it is commonly
solved by finding the word closest to man+(queen-
king). As such, the parallelogram revisited (Peter-
son et al., 2020) shows that word similarity alone
often gives better results on the task than offset
vectors. Additionally, (Linzen, 2016) argue that,
given the multiple-choice analogy completion ques-



tion x : z* :: y :7, when z, * and y are added to
the distractors, the performance drops significantly.
He also shows that, for analogy completion, the
change in performance when offsets are not used
is not much different from that when offsets are
used. (Rogers et al., 2017) further extend the work
of (Linzen, 2016) and show that as the similarity
between y and y* decreases, so does the success of
the offset at analogy completion. In other words,
(Rogers et al., 2017; Linzen, 2016) point out that
in order for the offset vector to work, y should be
very similar to y*, and the help due to the use of
the offset vector is insignificant, whereas in this
work we show that y and y* may be similar as they
are related and appear often in same contexts; how-
ever, y can still be similar to word z;, such that
there are some forms of relation similarity such as
z; tx; 1y y;, for some 7 and j, and the offset
vector may to an extend exhibit such relation simi-
larities. Important to note is that, when it comes to
comparison as is need in a multi-choice word anal-
ogy questions, offset vector might point to most
similar words. To that end, both similarity types
seem to influence the offset vectors.

3 Common Word Analogy Benchmarks

(Ushio et al., 2021) categorizes word analogy
datasets into psychometric analogy tests and lex-
ical semantics benchmarks. For lexical seman-
tics benchmarks, there are Google (Mikolov et al.,
2013) and BATS (Gladkova et al., 2016). Google
contains only semantic and morphological rela-
tions, whereas BATS includes a more diverse set
of analogies categorized into lexicographic, ency-
clopedic, derivational, and inflectional morphology
(Ushio et al., 2021). From Psychometric Analogy
Tests we have SAT (Turney et al., 2005), U4 (Ushio
etal., 2021) and U2 (Boteanu and Chernova, 2015).
SAT is a college admissions test designed to be
challenging for humans. U2 was collected from
the English learning website by (Boteanu and Cher-
nova, 2015). U2 is intended for school students of
grades 2-12. Similarly, U4 is collected by (Ushio
et al., 2021) from the same website and is catego-
rized by difficulty level. Furthermore, EKar (Chen
et al., 2022) is constructed from the Civil Service
Exams in China and is quite challenging for lan-
guage models to solve.

Various datasets used in this paper, and the links
to the data, are given in Table 1.

Dataset choices (valid/test)
ekar 2022 4 (262/870)
Scan 2022 3-153 178/1616
Google 2021 4 (50/500)
BAT 2021 4 (199/1799)
U4 2021 5/4/3 (48/432)
U2 2021 5/4/3 (24/228)
SAT 2021 5 (48/432)

Table 1: Datasets used in this work.

4 Motivation: Word Similarity and Word
Analogy

QUERY: word:language
dy: paint:portrait

dgi

d3: note:music < answer
d42

ds: week:year

Figure 3: A typical word analogy question. Note the
query, the answer(ds) and distractors (d;, with i # 3).
The types of similarity between query and distractors:
semantic similarity (color) , and similarity due to relat-
edness ( ).

Noting types of similarity in word vectors,
namely: Similarity Due to Relatedness, which
can be attributed to the frequent appearance of
words in the same textual contexts, and Similar-
ity due to Relation Similarity, which can be at-
tributed to relation similarity between entities or
words expressed in various textual contexts; and
the notion of rerepresention from cognitive science,
we argue that studying semantic similarity and re-
lation similarity should inlvove framing the prob-
lem as the of relation mapping rather than analogy
completion, as firstly: the analogy completion is
influenced by similarity due to relatedness, and
secondly, given that word analogies are a form of
analogy, relational mapping format of word anal-
ogy as was introduced, better match the common
accepted understanding of analogies.

Accordingly, given our assumption regarding
types of similarity, and our motivation regarding
the connection between offset similarity and se-
mantic similarity, we show evidence indicating that
in word embedding models, related words might be
similar, and that relationally similar words might
be similar as a result of semantic similarity ( one-
to-one similarity between head and tail words from



similarly related words ). Additionally, we show
that semantic similarity without relational similar-
ity (such as Berlin-Germany !=Paris-Denmark) may
fool the vector offset model for word analogy.

With the being said, we propose to study any
possible connection between the two, by framing
the problem according to accepted definition of
analogy; namely relational and structural mapping,
where we map not only the entities, but also the
relations.

P(z,y) < o(x,d)

Dataset Accuracy

Count(True) Count(False)
Sat 0.4613 114 (62.9%) 67 (37.0%)
Ekar 0.2912 116 (63.3%) 67 (36.6%)
U2 0.3833 91 (65.0%) 49 (35.0%)
Bats 0.7063 309 (58.5%) 219 (41.4%)
Google 0.9479 18 (69.2%) 8 (30.7%)
U4 0.3828 166 (62.4%) 100 (37.5%)
Total - 814 (61.5%) 510 (38.5%)

Table 2: An analysis of incorrectly answered questions
using the difference(offset) vector across benchmarks.
Given the query x : =¥, the answer y : y* and the dis-
tractor chosen by offset vector as the answer d; : d},
and the cosine similarity function v, and taking w : w*
to be either of concerned distractor or the true answer
o(x,w) = max(¢¥(x,w),Y(z*,w*)). The number in
parentheses shows the percentage with respect to the
total count of incorrectly answered questions. The last
row reports the total counts (with corresponding per-
centages) across all datasets.

S The Semantic Similarity and Offset
Similarity

5.1 Evidence from Vector Offset Error
Analysis

Semantic similarity can be both a limitation, and
also an strength of offset vector. For example in the
context word analogy question answering, when
similarity between query and distractors exist, the
offset vector may point to the corresponding dis-
tractor as the answer, whereas when such similarity
between query and the true answer exist, it helps
with identifying the correct answer. Considering
the true answer, and the incorrectly predicted an-
swer by offset vector, the similarity between the
query and predicted answer compared with the sim-
ilarity between query and true answer is often in
favor the incorrectly chosen distractor by offset
vector. Accordingly, as can be seen in Table 2,

similarity between query and the incorrectly se-
lected distractor (as the predicted answer) are often
greater than the same between query and the true
answer across all the incorrectly answered ques-
tions. To that end, using one sided binomial test of
Hy, it can be shown that such similarity between
query and incorrectly predicted answer is not a
random observation, Appendix Table 6.

5.2 Evidence from Various Permutations of
Word Analogy

Based on the parallelogram model for word anal-
ogy, given a proportional word analogy z : z* ::
y : y*, we can have further valid analogous permu-
tations. For example, given King : Queen :: Man
: Woman, we also have the proportional analogy
King : Man :: Queen : Woman. As such, all permu-
tations that result in an equal offset in the parallel-
ogram (Figure 5) are valid proportional analogies,
while those that violate offset equality are consid-
ered non-analogous and therefore invalid permu-
tations. To that end, (Prade and Richard, 2013)
meaningfully links various valid permutations with
logic. Here, we use the permutation names as in
their work. In addition, we consider two invalid
permutations as well, namely « : y* :: y : 2™ and
x :y* :» 2® : y called here perpendicular and per-
pendicular_ respectively, as the corresponding vec-
tors tend to be perpendicular in the parallelogram
Figure 5. Note that the left-hand side in both per-
pendicular and perpendicular_ corresponds to the
same vector, and the right-hand side corresponds
to opposite vectors. An overview of various permu-
tations is shown in Figure 5.

Assuming that the identity permutation is about
the relation from one context to the relation in
another context, such as color: colors:: com-
puter: computers, the central permutation color:
computer:: colors:: computers is the permutation
wherein similarity due to relatedness and similarity
due to semantics align: head words (color, colors)
and tail words (computer, computers) each corre-
spond to a unique context, whereas in the identity
permutation, head words (color, computer) and tail
words (colors, computers) are not from unique con-
texts. As such, in Figure 4, we can see that often
the distribution of offset similarity for the central
permutation is placed closer to 1 than the same
for the identity permutation. Furthermore, among
the invalid permutations perpendicular and perpen-
dicular_, often offset similarity is greater for the
perpendicular_ permutation. This in fact shows
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Figure 4: Distribution of offset similarity for various permutations of analogous terms with word embedding model
Fasttext. As can be seen, the central and perpendicular permutations almost have similar distributions, whereas the
identity and perpendicular_ permutations have similar distributions. Additionally, in some datasets, the central
permutation is much closer to 1 than the identity permutation.
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Figure 5: According to the parallelogram model for
analogy, the offset vectors of analogous words for vari-
ous valid permutations are equal. Here the 5th and 6th
permutations are invalid, as the corresponding vectors
are perpendicular.

that when head and tail are from the same contexts,
offset similarity is higher: (x — y*, x * —y) both
have the head words from the source context, while
tail words are from the target context (similar to the
central permutation). In the perpendicular permuta-
tion, (x —y*, y—x* ) it is the other way around (see
Figure 4). According to our hypothesis stating that
while constructing word analogy questions, when
choosing distractors, preference is given to words
with pairwise similarity with the query, we expect
that with the offset vector, the inner_symmetry per-
mutation (z* : x :: y* : y) should be easier to
solve as the direction of the offset reverses. In other
words, if distractors (d;, d;) have pairwise head and
tail similarity with word pair (z, =*), then the query
in the inner_symmetry permutation is less similar
to distractors, as the head word in inner_symmetry
is swapped with the tail word (z*, z). Accordingly,

to verify if the stated assumptions are indeed cor-
rect, according to the different permutations, in
each word analogy question we replace the query
and answer, and then, in addition to accuracy, we
also calculate the average similarity in head and
tail words between query, distractors, and the true
answer. Additionally, in each case, the offset simi-
larity is calculated as well. The result is shown in
Table 3.

As such, Table 3 shows that the inner_sym per-
mutation yields improved accuracy. The reason
for this improvement is that distractors are chosen
to be pairwise similar to the query under the iden-
tity permutation. As such, when head and tail are
swapped in inner_symmetry, the direction of the
relation changes. Additionally, the central permu-
tation results in much improved performance, as
the pairwise similarity between head and tail terms
and the so-called relatedness similarity combine.
As a takeaway from this experiment, we can state
that, in word embedding models, related words are,
to some extent similar. Moreover, in word analogy
benchmarks, to an extent, distractors are chosen to
be semantically similar to the query, however not
relationally similar to the query or the true answer.
Furthermore, word embedding model may capture
the direction of relations through offset vector. To
evaluate if the difference in accuracy between any
two permutation is signficiant, we also conducted



Model ~ Permutation — w

sat

ekar

bats

google

avg(Q)  ®(z,w)  Y(rere) avg(Q)  @(zw)  Y(ra,re)  avg(Q)  @(z,w)  Y(re,rw)  aVEQ)  O(z,w)  P(re,rw)

identit w=y 0.46 0.426  0.16938 0.29 0.387  0.05222 0.70 0.408  0.24336 0.94 0.483  0.42609

¥ w=d; 054 0.459  0.08682 0.71 0.478  0.02616 0.30 0.536  0.01245 0.06 0.630  0.00358

- inner sym w=y 0.77 0.426  0.16938 0.39 0.387  0.05222 0.74 0.408  0.24336 0.96 0.483  0.42609

% -5y w=d; 023 0.459 -0.08682  0.61 0.478 -0.02616  0.26 0.536  -0.01245 0.04 0.630  -0.00358
<

= central w=y 0.80 0.469  0.22976 0.63 0.482 0.18974 0.93 0.602  0.47262 0.99 0.711  0.67655

w=d; 020 0.434 -0.00162  0.37 0.430  0.01640 0.07 0.432  -0.00120  0.01 0.509  0.00083

extreme w=y 0.76 0.469  0.22976 0.70 0.481  0.18862 0.93 0.602  0.47262 0.99 0.711  0.67655

w=d; 024 0.438  -0.00096  0.30 0.424  -0.02150  0.07 0.443  -0.00007  0.01 0.522  -0.00207

identit w=y 0.41 0.504  0.16668 0.11 0.506  0.06991 0.65 0.533  0.21506 0.70 0.635 0.35761

entty w=d; 0.59 0.556  0.08126 0.89 0.632  0.02164 0.35 0.638  0.00798 0.30 0.761  0.02274

§ inner sym Y=Y 0.73 0.504  0.16668 0.18 0.506  0.06991 0.69 0.533  0.21506 0.73 0.635 0.35761

< sy w=d; 0.27 0.556 -0.08126  0.82 0.632 -0.02164 0.31 0.638 -0.00798  0.27 0.761 -0.02274
s

z ntral w=1y 0.75 0.548  0.24704 0.23 0.616 027411 0.92 0.678  0.47914 0.80 0.840  0.70733

centra w=d; 0.25 0.517  0.01303 0.77 0.570  0.00876 0.08 0.575 -0.00101 0.20 0.675  0.00312

«trem w=y 0.76 0.548  0.24704 0.26 0.616 027411 0.93 0.678 047914 0.73 0.840  0.70733

extreme w = d, 0.24 0.567 -0.00316  0.74 0.568 -0.00556  0.07 0.555 -0.00022  0.27 0.634 -0.00011

Table 3: Accuracy and Similarity across various permutations of word analogies in different benchmarks. 1) is
cosine similarity. avg(Q) stands for average questions for which relation similarity of the query is considered
similar to w by the corresponding model. Note, given w=y, avg(Q) is the total question correctly answer (accuracy).
For w € [z,y,d;], w stands for word pair (w,w*). r,, is the offset corresponding to (w,w*). ®(x,w;) =

1 n  P(z,w)+(x” w;
n Zi:l 2

). For all datasets and models, if the accuracy for inner_sym and central permutations is

greater than that of identity permutation, they are highlighted. A statistical significance test is done in the Table 7.

Model Permutation sat ekar u2 u4
identity 0.579 0.538 0.801 0.695
apt-4.1-mini inner_sym 0.609 0.590 0.808 0.668
’ central 0.584 0.779 0.830 0.737
extreme 0.667 0.764 0.896 0.779

identity 0.705 0.766 0.947 0.807

inner_sym 0.720 0.799 0.950 0.835

gpe-5.2 central 0.770 0951 0.988 0.864
extreme 0.978 0954 0.990 0.859

Table 4: Comparative performance of gpt-4.1-mini and
gpt5.2 across permutations. An statistical significance
test is shown in the Appendix, Table 9.

and a two-proportion Z-test, the result of which is
shown in the Appendix, Table 7. According, ex-
cept permutations: central, and extreme, any other
two permutations result in significant difference in
model performance.

We conducted a similar experiment with LLMs.
To be exact, using ChatGPT API calls, we asked
question constructed according to various permuta-
tions from models: gpt-5.2 and gpt-4.1-mini as can
be seen in the Table 4. To that end, the mentioned
models too exhibit improved performance on in-
ner_sym and central permutations that the iden-
tity permutations. The statistical test for LLMs,
however shown in the Appendix, Table 9, convey
slightly different results. Accordingly, for LLMs,
the identity and inner_sym do not yield significant

difference in accuracy, however, accuracy signifi-
cantly differ when comparing identity permutation
with central or extreme permutations across bench-
marks.

5.3 Evidence From Word Analogy Questions:
Google

Using the columnized version of the word anal-
ogy dataset Google ' (Mikolov et al., 2013), we
show that what makes solving word analogy ques-
tions with offset vectors difficult is the semantic
similarity between the query and distractors. As
such, given that the dataset Google covers 3 rela-
tion types, namely, 1. capital-common-countries
(e.g., Athens, Greece) 2. currency (e.g., USA dol-
lar) 3. gram3-comparative (e.g., big bigger), we
first sort word pairs into relation categories, and
then from each given relation, sample two pair of
words as the query and the answer respectively. To
that end, we make two versions of word analogy
questions, Easy and Hard. In the Hard version,
distractors are chosen such that given the query
(x,2*), and a distractor d;, d;, there are word pairs
the relation corresponding to the query such that
(d;,d;), and (dj,d;) are analogous to the query.
This makes the distractors of the Hard variant se-
mantically similar to the query, as shown in Figure

"https://huggingface.co/datasets/almogtavor/
google-analogy-dataset
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1; however, in the Easy version, distractors are
sampled from a relation category other than the
query’s. As shown in Table 5, across various word
embedding models, performance is significantly
lower on the Hard version when the query and dis-
tractors share semantic similarity, Appendix Table
8. Moreover, in the Table 5, in the so called Easy
questions, answering word analogy question using
the similarity between head and tail words (z, y),
and (z*, y*) respectively, can result in better or
equivalent performance as offset similarity. How-
ever, when distractors (d;, d}) are chosen to have
pairwise head and tail similarity with the query,
as in Hard questions), offset similarity achieves
relatively better result or performance is close to
random.

Category Model Easy Hard Diff
BERT-Large* 260 172 93

MLM BERT-Large 264 189 75
RoBERTa-Large* 319 16.8 15.1
RoBERTa-Large  46.6 172 294

Causal GPT-2* 483 382 10.1
° GPT-2 592 214 378
T5-Large* 327 210 127

Ene-Dec s 1 arge 436 201 235
FastText* 882 472 41.0

Other FastText 873 214 658

Table 5: Multi-choice analogy questions (238 questions
in each category) answering. For each model, * in-
dicates offset similarity was used; otherwise pairwise
similarity between head and tail terms was used. Diff de-
notes the accuracy gap between Easy and Hard settings;
Bold indicates the better accuracy between the offset (*)
and pairwise variants for each model, per column. An
statistical significance test is shown in the Table 8.

6 Conclusion

In this paper, we show that related words are to
an extend similar. Additionally, word embedding
model may capture the direction of relation be-
tween words as inner_sym permutation result in
improved accuracy across benchmarks. Further-
more, the pair wise similarity influences offset sim-
ilarity between words, and hence can be viewed
as limitation for offset vector as it do not always
mean relation similarity (as Paris-Belgium should
not equal: Berlin- Germany).

Limitations

This paper relies on empirical evidence from state-
of-the-art models and word analogy benchmarks.
Accordingly, the theoretical background for the ob-
servations is not explored. Additionally, the harm
due to word similarity for state of the art models
other than the two models tested in this work is not
clear.

Ethical Considerations

This work is in coherence with ACL code of con-
duct and ethical considerations.
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.1 Reproducibility

https://github.com/bahramiramazan/
offset_and_semantic

A Word Embedding Models Considered

Various word embedding models considered in this
study are 1. bert-large-uncased (Devlin et al., 2018)
2. roberta-large (Liu et al., 2019) 3. gpt2 hugging-
face 4. prophetnet (Qi et al., 2020) 5. opt hugging-
face 6. T5-large (Raffel et al., 2020) 7. word2vec
(Pennington et al., 2014)

B Experimental Setup

For GPT models considered in this experiments,
gpt — 4.1 — mani and gpt gpt — 5.2, using the api,
they were prompted with the question x is x* as :
l.yistoy* 2.d; is to d;'f 3. ..etc. The GPT models
were accessed during 01.02.2026 to 15.07.2026.

B.1 Significance Test

For various observations in this paper, we also con-
duct suitable statistical tests to determine the sig-
nificance of our observations.

Dataset n Count(True) D z p-value
Sat 181 114 0.630 350 2x107*
Ekar 183 116 0.634 362 1x107*
U2 140 91 0.650 355 2x107*
Bats 528 309 0.585 391 5x107°
Google 26 18 0.692 196  0.038f

U4 266 166 0624 399 3x107°
Total 1324 814 0615 836 <10°'°

Table 6: One-sided binomial test of Hy : p = 0.5
against I{; : p > 0.5, where p is the probability that
o(x,y) < ¢(z,d) holds among incorrectly answered
questions. p is the observed proportion of True cases,
and z is the normal-approximation statistic. Exact bi-
nomial p-value, used because n is small. All datasets
are individually significant at « = 0.05; all except
Google remain significant after Bonferroni correction
(a/6 = 0.0083).
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Model Dataset Pair Comparison Accuracies (p; vs p2) Z-score  p-value
Fasttext SAT (/N = 432) identity vs. inner_sym 0.46 vs 0.77 -9.18 < 0.0001*
identity vs. central 0.46 vs 0.80 -10.22 < 0.0001*
identity vs. extreme 0.46 vs 0.76 -8.84 < 0.0001*
central vs. extreme 0.80 vs 0.76 1.41 0.1585
EKAR (N = 870) identity vs. inner_sym 0.29 vs 0.39 -4.43 < 0.0001*
identity vs. central 0.29 vs 0.63 -14.24 < 0.0001*
identity vs. extreme 0.29 vs 0.70 -17.04 < 0.0001*
central vs. extreme 0.63 vs 0.70 -3.12 0.0018*
BATS (N = 1799) identity vs. inner_sym 0.70 vs 0.74 -2.71 0.0067*
identity vs. central 0.70 vs 0.93 -17.06 < 0.0001*
identity vs. extreme 0.70 vs 0.93 -17.06 < 0.0001*
central vs. extreme 0.93 vs 0.93 0.00 1.0000
Google (N = 500) identity vs. inner_sym 0.94 vs 0.96 -1.48 0.1389
identity vs. central 0.94 vs 0.99 -3.88 0.0001*
identity vs. extreme 0.94 vs 0.99 -3.88 0.0001*
central vs. extreme 0.99 vs 0.99 0.00 1.0000

* Statistically significant at e = 0.05.

Table 7: Two-Proportion Z-Test comparing permutation performance (significant results marked with *).

Category Model Accuracies (Easy vs. Hard) Z-score p-value Significant (o« = 0.05)
BERT-Large* 26.0% vs. 17.2% 2.33 0.0199 Yes*
MLM BERT-Large 26.4% vs. 18.9% 1.95 0.0511 No
RoBERTa-Large* 31.9% vs. 16.8% 3.83 0.0001 Yes*
RoBERTa-Large 46.6% vs. 17.2% 6.87 < 0.0001 Yes*
Causal GPT-2* 48.3% vs. 38.2% 222 0.0265 Yes*
s Gpr2 59.2% vs. 21.4% 839 < 0.0001 Yes*
Enc_Dec T5-Large* 32.7% vs. 21.0% 2.87 0.0041 Yes*
T5-Large 43.6% vs. 20.1% 5.49 < 0.0001 Yes*
Other FastText* 88.2% vs. 47.2% 9.54 < 0.0001 Yes*
¢ FastText 87.3% vs. 21.4% 1440 < 0.0001 Yes*

* Statistically significant at « = 0.05.

Table 8: Two-Proportion Z-Test comparing Easy vs. Hard performance for each model (N = 237).
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Model Dataset Pair Comparison Accuracies (p; vs p2) Z-score  p-value
SAT (N = 432) identity vs. inner_sym 0.579 vs 0.609 -0.90 0.3693
identity vs. central 0.579 vs 0.584 -0.15 0.8816
identity vs. extreme 0.579 vs 0.667 -2.67 0.0076*
central vs. extreme 0.584 vs 0.667 -2.52 0.0117*
EKAR (N = 870) identity vs. inner_sym 0.538 vs 0.590 -2.19 0.0287*
identity vs. central 0.538 vs 0.779 -10.60 < 0.0001%*
identity vs. extreme 0.538 vs 0.764 -9.89 < 0.0001%*
. central vs. extreme 0.779 vs 0.764 0.75 0.4562
gpt-4-I-mini 75255 identity vs. inner_sym 0.801 vs 0.808 20.19 0.8505
identity vs. central 0.801 vs 0.830 -0.80 0.4247
identity vs. extreme 0.801 vs 0.896 -2.83 0.0047*
central vs. extreme 0.830 vs 0.896 -2.05 0.0404*
U4 (N = 432) identity vs. inner_sym 0.695 vs 0.668 0.85 0.3944
identity vs. central 0.695 vs 0.737 -1.37 0.1710
identity vs. extreme 0.695 vs 0.779 -2.80 0.0050%*
central vs. extreme 0.737 vs 0.779 -1.44 0.1495
SAT (N = 432) identity vs. inner_sym 0.705 vs 0.720 -0.49 0.6262
identity vs. central 0.705 vs 0.770 -2.17 0.0299*
identity vs. extreme 0.705 vs 0.978 -10.99 < 0.0001*
central vs. extreme 0.770 vs 0.978 -9.21 < 0.0001*
EKAR (N = 870) identity vs. inner_sym 0.766 vs 0.799 -1.67 0.0952
identity vs. central 0.766 vs 0.951 -11.07 < 0.0001*
identity vs. extreme 0.766 vs 0.954 -11.30 < 0.0001%*
central vs. extreme 0.951 vs 0.954 -0.29 0.7686
gpt-3.2 U2 (N = 228) identity vs. inner_sym 0.947 vs 0.950 0.14  0.8848
identity vs. central 0.947 vs 0.988 -2.47 0.0136*
identity vs. extreme 0.947 vs 0.990 -2.63 0.0086*
central vs. extreme 0.988 vs 0.990 -0.20 0.8378
U4 (N = 432) identity vs. inner_sym 0.807 vs 0.835 -1.07 0.2831
identity vs. central 0.807 vs 0.864 -2.26 0.0238*
identity vs. extreme 0.807 vs 0.859 -2.05 0.0405*
central vs. extreme 0.864 vs 0.859 0.21 0.8315

* Statistically significant at o = 0.05.

Table 9: Two-Proportion Z-Test comparing permutation performance for gpt-4.1-mini and gpt-5.2.
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