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Abstract
In this paper, we adopt a relational view of analogies applied to Semantic Role Classification in FrameNet. We define
analogies as formal relations over the Cartesian product of frame evoking lexical units (LUs) and frame element (FEs)
pairs, which we use to construct a new dataset. Each element of this binary relation is labelled as a valid analogical
instance if the frame elements share the same semantic role, or as invalid otherwise. This formulation allows us to trans-
form Semantic Role Classification into binary classification and train a lightweight Artificial Neural Network (ANN) that
exhibits rapid convergence with minimal parameters. Unconventionally, no Semantic Role information is introduced to
the neural network during training. We recover semantic roles during inference by computing probability distributions
over candidates of all semantic roles within a given frame through random sampling and analogical transfer. This
approach allows us to surpass previous state-of-the-art results while maintaining computational efficiency and frugality.

Keywords: semantic role classification, FrameNet, analogy, analogical transfer

1. Introduction

Analogical reasoning is a human faculty that is “at
the core of cognition” (Hofstadter, 2001) and al-
though this might not be an opinion that is widely
shared in the research community at large, it is
undeniable that recent advances regarding Large
Language Models (LLMs) have sparked a new in-
terest in the research community for analogies, in-
cluding the field of Natural Language Processing
(NLP). More recently, Firt (2025) argues that reach-
ing what has come to be known as Artificial Gen-
eral Intelligence (AGI) will only become possible
if analogies serve as a fundamentally basic com-
ponent of such systems. Despite the diachronic
interest in analogies, it seems to be the case that
by the term “analogies”, different disciplines refer
to varying viewpoints or even interpretations, since
this term is used in fields ranging from cognitive
science (Gentner, 1983; Hofstadter, 1984; Holyoak
and Thagard, 1995) and computational linguistics
(Mikolov et al., 2013b; Drozd et al., 2016) to for-
mal logic (Prade and Richard, 2009) and machine
learning (Bounhas and Prade, 2023; Cunha et al.,
2026).

Most approaches in NLP adopt the proportional
view of analogies (Aristotle, 2009) of forma : b :: ¢ :
d, which reads “a isto b as cis to d”, with a, b, ¢, d
being abstract entities (e.g. boolean variables, vec-
tors, etc) and a : b :: ¢ : d representing a valid
analogy if the same transformations (usually taking
the form of a difference) that happen from a to b
also hold from ¢ to d (Barbot et al., 2019; Prade
and Richard, 2017). From a cognitive science

Authors with  are the main contributors.

perspective, Gentner (1983) establishes the Struc-
tured Mapping Theory (SMT), which emphasises
the rather fundamental role of structural relation-
ships among components than their attributes in
forming relational analogies. Hofstadter and FARG
(1995); Mitchell (1993); Chalmers et al. (1992); Hof-
stadter and Sander (2013) argue that analogies is
a ubiquitous and fluid mechanism involved in the
formation of concepts. As such, it can be highly
dependent on the context, in the sense that an ob-
ject a can be considered analogous to object b only
under a specific context.

In NLP, most researchers adopt the propor-
tional point of view of analogies (Mikolov et al.,
2013a,b; Drozd et al., 2016) and mainly focus
on analogies at lexical levels, such as the lexi-
cons in the well-cited king : man :: queen : woman
example of Mikolov et al. (2013b). Typically,
words in the quadruplet are represented by ei-
ther static or contextual vector embeddings, and
the quadruplet’s validity is realised by arithmetic
or geometric differences. The relation that holds
between pairs (a,b) and (c,d) is usually catego-
rized into either inflectional, derivational, lexico-
graphic, or encyclopedic relations (Drozd et al.,
2016). Proportional views of analogies have also
been applied for morphosyntactic patterns such as
run : running :: drive : driving (Lepage, 2005;
UlCar et al., 2020; Karpinska et al., 2018; Marquer
and Couceiro, 2025). For languages that do not
exhibit complex morphosyntactic patterns,! such
a task is rather trivial (Ushio et al., 2021; Petersen
and van der Plas, 2023).

Despite its usefulness for certain tasks, propor-

'Some non-agglutinative languages, for example.
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tional approaches of analogies in Natural Language
assume that the same common latent relation al-
ways holds between the two pairs of words that con-
stitute a valid analogy, independently of anything
else. This misses a crucial aspect regarding the
pragmatics of Natural Language namely, the fact
that such latent relations can dramatically shift de-
pending on the context in which the lexical items of
the quadruplet are found in.? Take for example the
observation from Mickus et al. on the fact that the
pairs flower : petal and tonne : kilogram both
appear in the LO6 meronym category of the BATS
corpus (Drozd et al., 2016) thus forming an analogy,
despite that the in-context validity of such analogy
is very much debatable.

In this paper, we do not strictly subscribe to the
proportional approach to analogies, but instead get
inspired by the aforementioned theories in Cogni-
tive Science. We propose that analogical validity
in NLP—whether a quadruplet of textual elements®
forms a valid analogy—depends vastly on the latent
semantic relations established between those ele-
ments, which are themselves heavily influenced by
their contextual environments. This highlights the
fundamental principle that semantic interpretation
is irrefutably shaped by pragmatic factors.

To demonstrate our point, consider the follow-
ing quadruplet: flower : petal :: tree : leaf. On
a lexical level, the meronymous relations are ap-
parent hence the positive validity. Let us now place
those four words in a context:

(1) Decomposed leaves provide a fertilizer for the trees.
(2) Infected petals imperil the life-span of the flowers.

In this context, the holonym-meronym relations
between flower : petal and tree : leaf become
much less relevant. Instead, the semantics of the
two sentences play a more prominent role in judg-
ing whether an analogy holds for this quadruplet.
In this case, we are inclined to conclude that the
lexical analogy no longer holds, since in (1) the de-
composed leaves are beneficial for the trees while
in (2) infected petals are harmful for the flowers,
completely eclipsing the holonym-meronym rela-
tions. This is well reflected on the frame semantics
of the two sentences, using FrameNet (Baker et al.,
1998; Baker, 2017) annotations:

(3) Frame: Supply
@ecomposed IeaveQ@rovide) a fertilizer  for \the trees
predicate

SUPPLIER THEME RECIPIENT

2This remark concerns primarily the construction of
datasets, prior to any computational attempt in recog-
nising analogies. It has to be noted that most extant
approaches use one form or another of distributional
semantics (Firth, 1968; Harris, 1954) and thus implicit
analogy recognition relies on the context.

SExpressed as a couple of pairs, in our case.

(4) Frame: Endanger/ng

Infected petals -(he life-span of the rowerQ

Cause predicate VALUED ENTITY

Suppose now that we have the following sentence
annotated with FrameNet annotations:

(5) Frame: Supp/y

Blossoming petals, - precious pollinators ' to \flowers

SUPPLIER predicate THEME RECIPIENT

Although no analogy can be formed between the el-
ements of sentences (3) and (4), we can discern an
analogy on the semantic level between (3) and (5)
in the sense that both leaves and petals are
meant to supply something to trees and flowers
respectively. This is reinforced by the fact that the
focused predicates trigger the same frame Sup-
ply and the frame-role relations within the two
predicate-frame element pairs remain identical.

Let us now consider the following quadruplet:
leaves : trees :: lentils : humans. No obvious
common relation, of meronymy or otherwise, can
be discerned between the two pairs. Without fur-
ther context, we cannot meaningfully claim that this
quadruplet forms a valid analogy since we cannot
say that “leaves are to trees as lentils are to hu-
mans”. However, when we consider the following
sentence:

(6) Frame: Supply

proteins ' to \humans

SuPPLIER predicate  THEME RECIPIENT

there is obviously a semantic analogy between (3)
and (6).

Inspired by cognitive theories of analogy, par-
ticularly the approach put forth by Hofstadter and
Sander (2013) as well as the Structure Mapping
Theory (Gentner, 1983; Gentner and Hoyos, 2017),
we formulate analogies based on the semantic
roles that textual elements hold in relation to predi-
cate words that trigger their containing frames. For
instance, in sentences (3) and (6), we identify the
following quadruplets a : b :: ¢ : d as valid analo-
gies:

provide : decomposed leaves :: furnish: lentils
provide : a fertilizer :: furnish : proteins

provide : the trees :: furnish : humans

As Petersen et al. (2025) observe in their review of
analogical reasoning at the intersection of NLP and
cognitive science, this directly aligns with the map-
ping process in SMT: elements b and d playing the
same semantic role within the common semantic
frame triggered by anchor elements a and ¢ consti-
tute a valid analogy, while all other combinations
with semantic role mismatch do not.
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Constructing pairs of predicate-arguments as de-
scribed above allows us to build a novel dataset
of positive and negative instances based on
FrameNet annotations, from which we can train
a model to learn the validity of such analogies. We
subsequently use the model to identify pairs whose
frame element’s semantic role is analogous to the
input, which corresponds to the retrieval process in
SMT. In our case, the method is as follows: given a
sentence with spans representing frame elements
to be classified, we sample random annotated sen-
tences corresponding to the same semantic frame
and build quadruplets that we submit to a trained
analogical model, assigning to each span probabil-
ity distributions over all samples of semantic roles
of the frame, then grant the frame element the se-
mantic role with the highest probability.

The structure of the paper is as follows: in §2
we briefly introduce FrameNet and Semantic Role
Classification, while in §3 we present in more de-
tail how we construct analogical quadruplets from
FrameNet annotations, which corresponds to the
mapping phase of SMT, in order to create a training
set with positive and negative instances for training
neural network models. In the same section, we
describe how this model can be used during infer-
ence for Semantic Role Classification. §4 presents
the neural network architecture , the experimental
settings, and the results obtained. Related work is
briefed in §5. After discussing various aspects of
this work and the prospect of applying analogy to
diverse tasks in §6, we conclude.

2. FrameNet and Semantic Role
Classification

The Berkeley FrameNet project (Baker et al., 1998;
Baker, 2017; Ruppenhofer et al., 2006) is based
on the theory of Frame Semantics established by
Fillmore (1976). The main idea behind FrameNet
is that the realisation of word’s meaning requires
a semantic frame that is evoked by a trigger. A
semantic frame consists of a predicate—usually a
verb, noun, or adjective—that triggers the frame,
along with several semantic roles that serve as
arguments to the frame. Semantic roles are either
core that are almost always present in a sentence?,
peripheral whose instantiation is not mandatory, or
extra-thematic that capture information related to
time, location, manner, means, degree, etc. While
the latter are shared among many frames, core
and peripheral roles are frame-specific. Semantic
roles share a common ontological structure across

*Niche grammatical constructions do not allow instan-
tiation of some core elements. In such cases a NI (Not
Instantiate) label is provided. Non-instantiations are di-
vided into Definite (DNI) Indefinite (DNI) and Construc-
tional (CNI).

all frame types. Figure 1 shows an example of
an annotated sentence with frame triggered by the
predicate decline.

[[Speaker) Fenn] declinedigger [[Proposed_action) the of-
fer to buy] [[Co-timed_event] With a bemused wave of

his hand]. [(interlocutor] DNI]

Figure 1: An example of an annotated sentence for
the frame type triggered by decline.v.

Frame Semantic Parsing (Gildea and Jurafsky,
2002; Baker et al., 2007) is the process that aims to
extract full frame semantic structures starting from
a sentence. The full process can be divided into
three sub-tasks (Zheng et al., 2022). Frame Iden-
tification: given a sentence, identify all the frames
and their respective evoking predicates. Argument
Identification: given a sentence, a frame, and the
evoking predicate, identify all the elements in the
sentence that represent arguments for that pred-
icate. Semantic Role Classification: This sub-
task takes as input the results of the previous two to
assign the elements with corresponding semantic
roles. On FrameNet, the task is termed FrameNet
Parsing (Palmer and Sporleder, 2010). Evalua-
tion is empirically performed either for each sepa-
rate module or collectively on the entire FrameNet
Parsing pipeline. The prevalent former usually
presents the results of a single sub-task on gold
input rather than the output of the preceding mod-
ule, posing compatibility problems for integration.
Integral pipelines for FrameNet Parsing—with mod-
ular components for each sub-task—emerged as
the optimal solution for these problems (Lin et al.,
2021; Chanin, 2023; Swayamdipta et al., 2017).

3. Learning Analogies for Semantic
Role Classification

Our methodology to solving FrameNet Semantic
Role Classification is inspired by cognitive science
approaches to analogies, such as per Hofstadter
and Sander (2013), in which the context dictates
the validity of an analogy. Our analysis roots for
the use of predicates to encompass the context of
the sentences, relying on (i) the theoretically sound
activation of the frame by the predicate, and (ii) the
frame-specific relations that come alongside the
evoked frame. This is advantageous because the
same encoder can generate latent representations
for both the context and the target frame element,
thereby ensuring consistency and preventing rep-
resentation mismatches.

By this principle, we build a dataset of analogical
instances from FrameNet annotations and train a
model for binary classification. During training, the
model receives no semantic role label information.
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For inference, we construct a reference dataset
of predicate-argument pairs by randomly selecting
annotated instances that meet the frame constraint.
Specifically, for every target frame element e* to
classify with its known predicate p*, we randomly
sample n, pairs of source frame elements and
associated predicates p$ : e of the same frame
type to build n, analogical instances of p$ : e ::
pt: e’ 0 < i < ng,, then submit them to the trained
model for classification. Instances classified as
positive are kept and the semantic role type of the
source frame element is transferred to the target’s.

To summarise, we divide our approach into three
phases: a) creating a dataset of positive and nega-
tive instances representing analogies, b) training a
neural network model for binary classification, and
c) decoding of this model’s output for multi-class
classification via analogical transfer, based on ob-
tained probability distributions over all semantic
role types within a given frame.

3.1.

In order to train our binary analogical model, it is
necessary to construct a dataset that contains pos-
itive and negative instances of analogies. Given
a set S of sentences annotated with Frame types
and Semantic Roles according to FrameNet, we
consider each sentence s € S as a sequence of
tokens s = {t;}!_, with [ being the length of the
sentence. For each sentence, along with the frame
and the evoking predicate p, we extract the frame
elements E = {e; }2?:1, with & representing the total
number of frame elements. Each frame element e;
should be classified into its semantic role. For each
frame ¢ in the set of all frames &, we construct the
set of all predicate-argument pairs P4. Note that
a sentence s may contain multiple triggers that by
definition evoke multiple frames. Semantic roles
for each frame element are obtained using function
st € x & — SRy with £ representing the set of
all frame elements and SR 4 the set of all semantic
role types for a given semantic frame ¢ € .
We then define two formal relations:®

Al,Ao - U P¢ X P¢
peD

Dataset Creation and Learning

that respectively denote the positive/negative va-
lidity of an instance—which is a pair of predicate-
argument pairs. This allows for direct construc-
tion of a dataset containing positive and negative
analogy instances. More precisely, given two pairs
(p1,e1) € Py, (p2,e2) € Py, for any given ¢ € @, the

SVerb diathesis and multiple valences of a verb could
lead us to think that we should “encode” each verb as an
n-ary relation. This is not what we try to do here. Instead
we focus on a single argument for which we want to
identify its semantic role.

relation containing valid instances of analogies A4,
is defined as follows:

((p17e1)> (p2792)) S sr(¢,e1) = Sr(¢7e2)

Similarly, the set of quadruplets representing non-
valid analogies is defined as:

((p17 ei)v (pﬁv eﬁ)) €Ao& 3T(¢7 el) 7é 3T(¢7 62)

A1 is an equivalence relation with equivalence
classes representing semantic role types. Ag re-
tains symmetry but not reflexivity or transitivity.

The definition of these two relations allows us to
construct a set {(x;, y;) } -, of positive and negative
instances. More precisely:

V ((p1,e1), (p2,e2)) € A1UAp :
x = [emb(p1) @ emb(ey) & emb(pz) & emb(ey)],

y= {2—)7 If ST(¢, el) = ST‘(d)’ eZ)

otherwise
where emb(\) denotes an embedding function that
provides a fixed-size vector for any text A\, and
@ denotes concatenation. Quadruplets that be-
long to Az provide positive instances while those
falling under Ag provide negative ones. These in-
stances are intended for the binary classifier re-
gardless of their analogical validity. Crucially, we
never explicitly provide semantic role information
to the model during training. This binary classifier
A A1 UAg — {0, 1}—following our methodology
with the analogical transfer mechanism—enables
the transformation of a multi-class classification
problem involving approximately 1,200 distinct se-
mantic roles in FrameNet into binary classification.

3.2. Decoding Analogies

Inspired by the notion of decoding termed in struc-
tured prediction approaches (Smith, 2011), we use
the trained analogical model to obtain probability
distributions over all semantic role candidates of
a given frame. More precisely, given a target sen-
tence of which the predicate p* evokes frame ¢,
as well as k frame elements {ef}:_, identified, we
view semantic role classification of each e} as an in-
dependent event for which we compute probability
distributions over all possible semantic roles types
of ¢ by sampling a statistically significant n. number
of source predicate-argument pairs {(p5, e$)};<,
from source instances under the same frame type ¢.
The number n. remains identical to each and every
semantic role that ¢ covers. For each pair (p5, e5)
and target (p®, et) we apply our trained model A. If
A(p3, 5, p%, ef) yields 1, we apply analogical trans-
fer, shortlisting the semantic role of e2 for e}. To

J
obtain the final semantic role for target argument
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e!, we calculate the following score for each se-
mantic role p,, € ¢ with k representing the number
of semantic role types in ¢:

Ne
a(pe) =Y ApS, €30, }) st sr(6,e5) = pa
j=1

Finally, we attribute to the target argument e} the
semantic role with the highest score:
t

sr(ey) = arg max (o(px))

4. Experiments and Results

In this section, we outline the experimental config-
uration and discuss the principal results.

4.1. FrameNet Dataset

For our experiments, we employ the latest
FrameNet 1.7 dataset following the standard train-
development-test partitions established in prior
work of Das et al. (2014); Swayamdipta et al. (2017);
Linetal. (2021). This partitioning scheme has been
consistently adopted across the literature to ensure
comparability with existing frame semantic pars-
ing approaches. We extract all sentences from
each partitioned document along with their associ-
ated annotations, organising them into correspond-
ing training, development, and test splits—whose
statistics are presented in Table 1—for our experi-
mental setup.

Dataset N.sents N.frames N. docs
All 27,228 796 101
train 18,772 754 70
dev 2,192 368 8
test 6,264 563 23

Table 1: The number of sentences, frames, and
documents in the datasets

4.2. Analogy Dataset

For analogical instance construction, we iterate
within the scope of each semantic frame ¢ € ® to
extract all predicate-argument pairs present in the
annotated sentences, yielding the frame-specific
set P,. We subsequently generate the set AP of
analogy instances, subsuming both negative and
positive instances, through the Cartesian product
APy =Py x Py. The complete set AP, of analogical
instances is constructed as the union of all frame-
specific sets APy = |J 44 AP

To mitigate class imbalance, we implemented
dataset balancing techniques to create a bal-
anced training partition train_balanced, which

serves as the training set for our experiments. Ta-
ble 2 presents the detailed distribution of instances
across all data partitions.

Dataset all positive negative
train 7,638,128 3,036,470 4,601,658
train_balanced 6,072,940 3,036,470 3,036,470
dev 154,802 72,290 82,512
test 984,724 397,880 586,844

Table 2: Number of analogical instances

4.3. Analogical Model

We design and train a simple feed-forward model,
aiming to minimise the number of parameters re-
quired to solve the classification problem. The
model architecture consists of a number of inter-
mediate blocks followed by a final dense layer,
where each intermediate block contains a dense,
a dropout, and an activation layer. Throughout the
feed-forward network, the model learns weight ma-
trices from concatenated input vectors and outputs
a 2-dimensional vector representing class scores
for NEG (invalid) and POS (valid). We train this
model of feed-forward architecture for binary clas-
sification of analogical relations. Hyperparame-
ters are tuned to maximise accuracy on the devel-
opment set. The hyperparameters tuned include:
number of intermediate blocks, feature reduction
rate function, dropout rate, and activation function
for introducing non-linearity. Experimental results
demonstrate that a feed-forward model with two
intermediate blocks, a geometric function for fea-
ture reduction, a dropout rate of 0.3, and RelLU
activation functions achieves optimal training accu-
racy with only ~ 800, 000 parameters. The model
architecture is pictured in Figure 2.

(@) (b (0 (d)
\ v v v
[ Encoder ]
O S
(- ] )
— >
Tix|O
gl |®
: § n B
3 Q
T
U ‘ i,
Y

Decoder
Figure 2: Architecture of our pipeline

We train the model on embeddings of analogy in-
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Label 0 (negative) 1(positive)
Precision 91.80 86.03
Recall 90.18 88.23
F1 score 90.98 87.12
Accuracy 89.39

Table 3: Scores of the binary analogy model (in %)

stances obtained from the bert-base-uncased
encoder (Devlin et al., 2019). Due to the substan-
tial size of the dataset, we randomly partition the
train_balanced set into 20 disjoint data seg-
ments of similar sizes and employ incremental train-
ing, processing each segment sequentially until
completion. Following each segment, we save the
model to the corresponding checkpoint, resulting
in a total of 20 checkpoints throughout the train-
ing process. The model optimises Cross-Entropy
loss and converges rapidly to optimal performance
within the initial segments, subsequently stabilising
by the end of the approximately 7-minute training
procedure on a single Tesla V100 GPU. Training
accuracy and loss across checkpoints are shown
in Figure 3.

800+

600

losses

200 4 Lgss

T T T T T T T T T T
2 4 6 8 10 12 14 16 18 20
checkpoint

Figure 3: Training statistics wrt checkpoints

We evaluate the binary analogical model on
instances derived from the test partition and re-
port per-class performance in Table 3. The model
achieves strong results across both NEG and POS
classes. A slight bias toward negative predictions
is observed, which may be attributable to class im-
balance in the development set used for validation.

4.4. Analogical Transfer

For every target frame element et that needs classi-
fication in the test set, we extract the corresponding
predicate p* for the unique predicate-argument pair
(p*, e}) of the target set P*. We subsequently build
a source set P5 such that for each semantic role p of
the target frame type ¢, a fixed number n, of exem-

!

Frame Identification

|

Argument Iv:lentification}l

Semantic Role
Classification

Semantic Role
Classification
(Lin et al.)

(Ours)

Figure 4: Semantic parsing workflows with two
distinct semantic role classifiers

plary frame elements are retrieved from the source
dataset along with their corresponding predicates.
The statistics of our source dataset suggest n. =7
following the minimum occurrence rate of 90% of all
semantic roles in this dataset. We retrieve source
predicate-argument pairs of form (p3, e$) such that:

Ne

¥p € 6,75 = | J{(p5. €5)} with sr(g,e5) = p
j=1

We perform classification using the trained model
on the analogical instances in the set AB, = P x
P? and aggregate the scores of predicted positive
instances to obtain the score for the corresponding
role p. The group with the highest score transfers
its semantic role label to e!. Let us repeat that at no
point during training nor inference was information
on semantic roles passed to the analogical model.

We evaluate the analogical transfer pipeline on
the test set using the train set as the source of
annotated sentences. This experimental design
ensures that the model has never encountered the
complete analogical instances—with target pairs
from the test set—before evaluation, thereby main-
taining the integrity of our experimental setup.

To compare our results with state-of-the-art ap-
proaches, we integrate our pipeline as a module
for semantic role classification into the framework
of Lin et al. (2021), creating a complete end-to-end
FrameNet Parsing system. This integration facili-
tates a direct comparison with existing methods by
ensuring a level playing field. Figure 4 illustrates
the experimental workflow and system architecture.

Table 4 presents the comparative performance
of both end-to-end semantic parsers. Our mod-
ule as a semantic role classifier demonstrates im-
provements over the reported results, advancing
the state-of-the-art on the FrameNet Parsing task.
The improvements are attributable to our approach
given the identical modules for Frame Identification
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and Argument Identification, proving the superior
performance of our analogical transfer approach
on the Semantic Role Classification task.

Frameid. Argid. SR cl. Accuracy
Linetal. Linetal. Linetal. 48.95
Linetal. Linetal. Ours 49.81

Table 4: Overall performance of state-of-the-art
end-to-end parser vs ours on FrameNet 1.7

To further assess our analogical semantic role
classifier, we integrated it into Open-SESAME
(Swayamdipta et al., 2017) to perform classification
on their predicted spans. The experimental config-
uration, while similar to the framework presented
in Figure 4, employs gold-standard frame types
and predicates as input. We train their models on
FrameNet 1.7 following their standard configura-
tion. Performance results for both approaches on
the test set are presented in Table 5, where we
can observe again a clear performance gain of our
approach.

Furthermore, to comprehensively evaluate our
approach to semantic role classification, we assess
its performance on instances derived from the test
set using gold frame types and frame elements.
The results are presented in Table 6. We include
comparisons with two baselines, both employing
similar MLP architecture for multi-class semantic
role classification using BERT embeddings of the
input. The first baseline performs classification
on the sole frame element e*, while the second
baseline combines predicates with frame elements
(p*, e%). The results demonstrate that our analogy-
based approach on predicate-frame element pairs
(p®, e®,p*, e*) substantially outperforms both base-
lines.

5. Related Work

Turney (2008) introduced Latent Relational Analy-
sis (LRA) for identifying analogies, which he tested
in 20 scientific and metaphorical examples. Later,
Mikolov et al. (2013a,b) initialised the trend of using
analogies for word embedding quality evaluation,
with Word2vec being the baseline encoder. Glad-
kova et al. (2016) demonstrated that poorly bal-
anced datasets, such as the Google analogy test
set (Mikolov et al., 2013b,a), do not guarantee that

Frameid. Argid. SR cl. Accuracy
gold Swayamdipta et al. Swayamdipta et al. 58.46
gold Swayamdipta et al. Ours 59.35

Table 5: Overall performance of former state-of-
the-art SRL approach vs ours on FrameNet 1.7

Precision Recall F1score Accuracy
Ours 80.77 79.26 79.17 79.30
Baseline 1 (e%) - - - 9.14
Baseline 2 (p*, e®) - - 20.64

Table 6: Baseline evaluation results on FrameNet
1.7 test set with gold frame and spans, using the
exact same architecture as our approach. Preci-
sion, recall, and F1 scores are weighted.

static embeddings combined with a vector offset
approach are able to capture analogies. This led
the authors to introduce the Bigger Analogy Test
Set (BATS), showing that even with balanced data,
derivational and lexicographic relations remain a
challenge. Rogers et al. (2017) showed that the
vector offset approach as well as 3CosAdd (Levy
and Goldberg, 2014) suffer from dependence on
vector similarity, thus arguing against the use of
such datasets to evaluate the intrinsic quality of
word embeddings.

Sultan and Shahaf (2022) adapted Structure
Mapping Theory (Gentner, 1983) to procedural
texts, extracting entities and their relationships, and
finding suitable mappings between two different do-
mains based on relational similarity. Relations are
sets of ordered verbs between entities that are ex-
tracted on the basis of question/answer pairs. Here,
higher similarity suggests that sets share more re-
lations. Mappings are identified heuristically based
on the cosine similarity of BERT vectors represent-
ing the questions that provided the entities. Their
approach successfully extracts mappings in two
different datasets.

On Semantic Role Classification, Gildea and Ju-
rafsky (2002) introduced a statistical classifier to
classify spans into corresponding semantic roles
on FrameNet. Their approach requires a deal of rig-
orous processing and laborious manual annotation
of the sentences that engineer the features for clas-
sification. The authors reported 80.4% accuracy
on gold spans. Comparing that with our results
of 80.62% accuracy on gold spans is not straight-
forward due to the fact that (i) we do not work on
the same version of FrameNet—we use FrameNet
1.7 while they FrameNet 1.5—as well as (ii) the
two datasets exhibit statistical differences in the
train—dev—test splits such as the number of spans;
we classified 11,206 spans while they did 8,167.
Similar feature engineering approaches were also
adopted by Cohn and Blunsom (2005) to tackle
the SRL problem on the CoNLL shared task and
dataset (Carreras and Marquez, 2005). Syntactic
parsing — as a technique to obtain syntactic fea-
tures from structured texts — is deemed one of the
key factors in their success, consistent with the
finding of Wang et al. (2019).

To the best of our knowledge, no existing work
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has ever employed analogies to solve similar
problems in FrameNet Parsing and its sub-tasks.
Swayamdipta et al. (2017) presented a Softmax-
margin semi-Markov model. Their Open—-SESAME
framework initially combines a bidirectional RNN
with segRNN (Gimpel and Smith, 2010) then em-
ploys syntactic scaffolding to further its initial results
to state-of-the-art. More recently, Lin et al. (2021)
use Graph Neural Networks based on BERT em-
beddings and BiHLSTM architecture (Srivastava
et al., 2015) for full FrameNet Parsing, achieving
new highs. Finally, Chanin (2023) implemented a
framework that fine-tunes a T5 model (Raffel et al.,
2020) on FrameNet and PropBank (Kingsbury and
Palmer, 2002) data, rivalling the above parsers.

6. Discussion and Perspectives

Following concerns over coverage gaps in semantic
role labelling addressed by Palmer and Sporleder
(2010), we examined our results in order to gain
valuable insights and identify potential improve-
ments to our methodology. Among the five gaps
discussed by Palmer and Sporleder (2010), we
hypothesise that our model may be susceptible
to no-training-data (NOTR) gaps, attributable to
the differences between frame types and semantic
roles covered across the train, development, and
test partitions. When evaluated on approximately
1,800 instances across 238 out of 563 frame types
present in the test set but entirely absent from the
development set, which makes up more than 42%
of total frame types evaluated, the model suffered
a =~ 4% accuracy loss. On approximately 2,000 test
instances containing semantic roles absent from
the development set, performance loss increased
to ~ 7%. While these results present losses com-
pared to the overall accuracy of 79.30% on test set,
the comparably acceptable rates demonstrate the
model’s generalisation capability across unseen
properties in line with the findings of Afantenos
et al. (2026). Though not strictly impactful, these
limitations may be mitigated by enriching the train-
ing and development sets with additional resources
such as CoNLL-05 (Carreras and Marquez, 2005)
and CoNLL-09 (Hajic et al., 2009) datasets as sug-
gested in FitzGerald et al. (2015).

On the results of recent approaches, namely
Framenet-Parser (Lin et al., 2021) and Open-
SESAME (Swayamdipta et al., 2017), we encoun-
tered discrepancies between the reported and re-
produced scores. On Framenet—-Parser, though
we used the reported score of 48.95% for compari-
son, the reproduced accuracy of 47.85% reflected
original inaccuracies in both argument identifica-
tion and classification tasks, consequently having
a negative effect on our classifier that relies on
their argument identification module. Their SRL

module also remains inaccessible, hindering the
possibilities for separate module evaluation. For
Open-SESAME, the inconsistency seems consis-
tent across FrameNet 1.5 and 1.7 datasets. The
authors acknowledged the problem on their repos-
itory®. Since their pre-trained argid model on
FrameNet 1.7 cannot be loaded directly due to
configuration mismatch, we had to reproduce their
standalone model from scratch and reported on
the collected results. That being said, even the im-
provement by our pipeline remains consistent given
the best effort we invested in reproducibility across
experiments, further investigation is encouraged to
discover any overlooked variables.

Our experiments were designed and conducted
around FrameNet with proof-of-concept objectives
rather than providing a holistic approach to seman-
tic parsing or semantic role labelling tasks. Beyond
the performance gains, this work is designated
to introduce a novel direction for knowledge and
representation transfer that transforms multi-label
classification into intuitive, human-interpretable, ex-
plainable, robust, and scalable binary classification.
The reasoning process relies entirely on human-
like mechanisms that enhance transparency and
explainability. Unlike traditional classification ap-
proaches, our analogical model requires no re-
training when new labels emerge, highlighting the
competitive scalability of the analogical transfer ap-
proach.

Regarding computation and energy efficiency,
the entire pipeline can be trained and evaluated
on a single Tesla V100 GPU—including BERT em-
bedding extraction—within 15 minutes. Consuming
approximately 50Wh, our approach achieves state-
of-the-art performance while remaining consider-
ably more energy-efficient than existing methods.

In this study, we selected bert-base—uncased
based on the model’s computational efficiency and
simplicity rather than optimal performance. Future
work will examine top notch models from the MTEB
leaderboard” (Muennighoff et al., 2022), as well as
non-contextualised encoders such as GloVe (Pen-
nington et al., 2014). This is necessary to address
and assess the correlation between the represen-
tation quality and downstream model performance.

Our additional experiments also indicate that sen-
tence embeddings can also serve as representa-
tions of context, albeit with a modest decrease
in overall performance (approximately 4% in this
FrameNet Parsing task). Nevertheless, this sug-
gests promising directions, as it allows for more
flexible constructions of analogy instances and may
open new avenues for solving other problems, es-
pecially when encapsulating the context through its
components is infeasible. That being said, we plan

®https://github.com/swabhs/open-sesame
"https://huggingface.co/spaces/mteb/leaderboard
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to evaluate the analogical model on other tasks
beyond Semantic Role Classification to explore the
broader applicability of analogical transfer. We also
foresee the expansion of the analogical transfer
methodology to and across other datasets to learn
whether comparable performance improvements
can be achieved while preserving parameter effi-
ciency and model frugality.

7. Conclusion

In this paper, we adopted a relational view of analo-
gies that allows us to transform a multi-class classi-
fication task into binary classification, while recuper-
ating original classes during inference by decoding
model output into probability distributions with ran-
dom sampling. We applied our approach to the
Semantic Role Classification task on FrameNet 1.7.
We define two binary relations, representing valid
and invalid instances of analogies, using pairs of
frame evoking predicates and frame elements cov-
ered by the same semantic frame ¢ as the domain
and co-domain of both relations. Frame elements
of valid instances share the same semantic role
type, while invalid ones do not.

Using BERT embeddings to train a lightweight
ANN with minimal parameters, we have achieved
state-of-the-art performance on this task. Our ap-
proach exhibits strong energy efficiency, with rapid
convergence suggesting potential for further opti-
misation. The absence of explicit class information
during training enables analogical transfer to new
classes without model retraining, requiring only an-
notated examples for sampling during inference,
thereby enhancing both scalability and energy effi-
ciency. At the same time, our method preserves in-
terpretability through analogical transfer, providing
transparent reasoning mechanisms that promote
human understanding of model decisions. We pub-
lish the detailed implementation of this work on our
repository?®.

Limitations

Optimal decoding of the binary model’s output as-
sumes a sulfficiently large number of annotated in-
stances for reference. Failure to obtain necessary
reference instances may hinder accurate analog-
ical transfer of under-represented classes at the
decoding phase. Nonetheless, this not-enough-
data gap is a rather general problem in Machine
Learning (Ghosh et al., 2024).

8https://github.com/thebugcreator/franabelling
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