Similar, but why? A Toolkit for Explaining Text Similarity

Juri Opitz'* Andrianos Michail'* Lucas Moller’ Sebastian Pad6®> Simon Clematide'

'University of Zurich, Switzerland
2IMS at University of Stuttgart, Germany

{jurialexander.opitz,andrianos.michail, simon.clematide}@uzh.ch
2{1lucas.moeller,pado}@ims.uni-stuttgart.de

Abstract

Explaining text similarity and developing in-
terpretable models are emerging research chal-
lenges (Opitz et al., 2025). We release XPLAIN-
SIM, a Python package that unifies three com-
plementary approaches for explaining textual
similarity in an easily accessible way: 1. a to-
ken attribution method that explains how indi-
vidual word interactions contribute to the pre-
dicted similarity of any embedding model; 2. a
method for inferring structured neural embed-
ding spaces that capture explainable aspects of
text, and 3. a symbolic approach that explains
textual similarity transparently through parsed
meaning representations. We demonstrate the
value of our package through intuitive exam-
ples and three focused empirical research stud-
ies. The first study evaluates interpretability
methods for constructing cross-lingual token
alignments. The second investigates how mod-
ern information retrieval methods handle stop
words. The third sheds more light on a long-
standing question in computational linguis-
tics: the distinction between relatedness and
similarity. XPLAINSIM is available at https:
//github.com/flipz357/XPLAINSIM.

1 Introduction and Background

Understanding semantic similarity is an important
research question, both from an academic and prac-
tical perspective (Opitz et al., 2025). Partly, this is
likely because it is a challenge in itself to express
what makes two texts (dis)similar, even for hu-
mans (Fodor et al., 2024). Importantly, among the
wide range of explainability methods (Sundarara-
jan et al., 2020; Janizek et al., 2021), explanation
of similarity represents a special case, since the
assessment critically depends on interactions be-
tween two inputs, which significantly increases the
complexity of interpretation and explanation (Fig-
ure 1). For example, when texts are represented
as embeddings, the multiplicative interaction of
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Figure 1: Complexity of explanation. Top: “Classic”
single-input-prediction explanation problem. Bottom: A
prediction for two inputs is not only influenced by either
input, but also, first and foremost, by their interaction.

the two inputs through cosine distance yields the
similarity score.

And such questions are not just theoretical.
For instance, systems that search texts rely on
text similarity—in sensitive domains, like law or
medicine, understanding why a system delivers cer-
tain texts, but not others, may become especially
crucial. Against the background of emerging Al
laws (e.g., “right to explanation™; EU, 2024) the
demand for transparency is expected to intensify.

In this work, we release an easy-to-use software
package that combines three broadly applicable
approaches for generating human-interpretable ex-
planations of semantic textual similarity. The tar-
get audience covers both developers and end users
interested in a better understanding of models of
semantic similarity and the interpretation of their
output. Finally, our toolbox can be a starting point
for research in this area.

In its current version, our package includes three
distinct explanation approaches. We select these
three approaches since each of them is address-
ing the problem of similarity interpretability from
a complementary perspective aligned with three
explanation paradigms (Opitz et al., 2025): Inter-
action attribution (Moeller et al., 2023, 2024) is
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Module Tooling
attribution  Retrieve token-pair interactions
for off-the-shelf models
spaceshaping Learn structured neural representation
of semantic aspects
symbolic Meaning Representation similarity/

Parsing and matching graphs

Table 1: Simplified overview of included modules.

a post-hoc approach that allows to investigate off-
the-shelf embedding models by explaining their
decisions from an input perspective, focusing on to-
ken interactions. Space shaping (Opitz and Frank,
2022) lets us create interpretable embeddings. It
enables the integration of custom semantic aspects
into an embedding model, supporting fine-grained
analysis of semantic decisions as well as efficient
clustering and search. Finally, our symbolic ap-
proach (Banarescu et al., 2013; Opitz, 2023) uses
Abstract Meaning Representation (AMR) graphs
and grounds the similarity in the comparison of
these structured objects.

An overview of all three available approaches
is provided in Table 1. The modular design of our
package supports future extensions and the integra-
tion of additional interpretability methods.

Dependencies & License. XPLAINSIM is re-
leased under the GPLv3 license and is publicly
available at https://github.com/flipz357/
XPLAINSIM. It can be installed via pip for
Python and uses the import namespace xplain for
brevity. Its main dependencies are pytorch! and
sentence-transformers?. For symbolic similar-
ity computation, we additionally rely on amrlib?
and smatchpp®.

Research study contribution. In addition, our
paper highlights our package’s value by contribut-
ing three focused research studies. The first experi-
ment investigates the intrinsic cross-lingual align-
ment capabilities of multilingual embedding mod-
els. The second examines how IR-focused models
handle stop words when matching queries to can-
didate documents. Both of these underlying phe-
nomena are not directly observable in text embed-
ding models and only become accessible through
explainability methods. The third study uses mea-

"https://github.com/pytorch/pytorch
Zhttps://github.com/UKPLab/sentence-transformers
*https://github.com/bjascob/amrlib
*https://github.com/flipz357/smatchpp

from xplain.attribution import ModelFactory
model= ModelFactory.build("gte-multilingual-base")
a= 'The dog runs after the kitten in the yard.'
b= 'Im Garten rennt der Hund der Katze hinterher.'
raw_A, tokens_a, tokens_b =\

model .explain_similarity(a, b)
A_pp, tokens_a_pp, tokens_b_pp = \

model . postprocess_attributions(...)
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Overall Cosine Similarity: 0.82 EN: In the garden the dog runs behind the cat.

Figure 2: Top: Attribution generation for the off-the-
shelf text embedding model gte-multilingual-base.
Left: Attribution matrix, whose sum approximates the
overall similarity score. Right: Sparsified attribution
matrix generated by FlowAlign post-processing.

surements grounded in symbolic representations to
shed light on structural differences between simi-
larity and relatedness, two notions often conflated.
These pilot studies demonstrate the practical bene-
fits and distinct capabilities of our toolkit.

Related work and context. Several interpretabil-
ity libraries exist for neural network-based NLP
models (e.g., Kokhlikyan et al., 2020; Alammar,
2021; Attanasio et al., 2023; Fiotto-Kaufman et al.,
2025). However, all these tools are focused on a
single-input setting: they explain how input fea-
tures contribute to a single model prediction. Text
similarity is fundamentally different, because any
prediction arises not only from each input in isola-
tion but from the interaction/comparison between
two inputs (cf. Figure 1). It is this gap that our
XPLAINSIM package targets.

2 Implemented Methods

In this section, we introduce each of the three ex-
plainability methods included in XPLAINSIM and
provide an example outlining its idea and usage.

2.1 Token Interaction Attributions

Explanation mechanism. For a given prediction,
attribution methods assign importance values to in-
put features, which, in our case, are pairs of words.
That is, every pair of words (across two inputs) is
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assigned a weight and the sum of all weights ap-
proximates the overall similarity score assigned by
the embedding model. Moeller et al. (2023; 2024)
have developed methods that compute such weights
for embedding models. The interaction attributions
generated by their method can be visualized as a
matrix that decomposes the overall similarity score
(cf. the left matrix in Figure 2).

Implementation. The method builds on the con-
cept of integrated gradients, extending it to Siamese
encoder architectures such as sentence transform-
ers (Reimers and Gurevych, 2019). The resulting
attributions are based on the integrated Jacobians
of the embeddings of the two inputs with respect
to their token representations. The Jacobians are
computed with automatic differentiation; technical
details can be found in the original publications.

We integrate the existing code base into our pack-
age and extend it in two ways: (1) We add support
for multilingual and retrieval-focused embedding
models. (2) We integrate optional post-processing
for discretizing attribution matrices. This is moti-
vated by the observation that raw attribution matri-
ces tend to be relatively flat, making interpretation
difficult. Discretization highlights the most rele-
vant token-to-token alignments. These extensions
provide the foundation for two demonstration ex-
periments presented in Section 3.

Post-attribution alignment sparsification. The
resulting attribution matrices indicate correspon-
dences between the two inputs, similar to alignment
matrices commonly used in machine translation.
To enable comparison with alignment annotations,
these matrices must be discretized and converted
into a sparse binary format (Dou and Neubig, 2021).
We implement two strategies:

MaxAlign: Each token is aligned to its strongest
counterpart in the other sentence, but only if the
link is mutual. Let AtoB(a) denote the token b
in the second sentence that receives the highest
attribution from token a, and BtoA(b) analogously
for token a. Then:

Align,, := Z[AtoB(a) = b A BtoA(b) = a].

where Z[s] returns 1 if s is true, and O otherwise.
This strategy yields a sparse, precision-oriented
alignment by linking only mutually preferred token
pairs and ignoring ambiguous or weak links.

FlowAlign: We also provide a more advanced
alignment based on optimization. The attribution
matrix is interpreted as a cost matrix by transform-
ing attribution scores into costs (higher attribu-
tion means lower transport cost). Each token is
assigned a weight of 1, and the Wasserstein dis-
tance is computed (aka Earth/Word Mover’s Dis-
tance, minimal transport Kusner et al., 2015). Intu-
itively, this distance expresses the minimal amount
of work required to transform one set of embed-
dings to the other. A by-product of this computa-
tion is a sparse Flow matrix between embeddings
(transportation plan), which we use as alignment
Align,, := Z[Flow,, > 7], where 7 is a thresh-
old.> The resulting alignment is slightly less sparse
(n:m) and yields higher recall compared to Max-
Align.

Example. Figure 2 illustrates the process. We
compute the similarity between an English and a
German sentence using a multilingual GTE model
(Li et al., 2023). Our code then generates the cor-
responding attribution matrix. Finally, we apply
FlowAlign to discretize the attributions, revealing
that the model aligns cross-lingual word pairs such
as dog — Hund, or kitten — Katze. A systematic eval-
uation of this behavior is presented in Section 3.

2.2 Space Shaping

Explanation mechanism. Text embeddings are
points in a high-dimensional vector space. This
explanation method aims to decompose that space
into lower-dimensional subspaces, each capturing
a distinct semantic aspect (Opitz and Frank, 2022).
For example, one subspace might represent named
entities mentioned in a text, while another captures
topical content. Similar to the attribution method,
this approach decomposes the overall similarity
score into multiple contributions—but at the level
of abstract semantic aspects rather than individual
token interactions. Such a decomposition enables
explanations like: “two texts are similar in aspect X
but differ in aspect Y”. In contrast to local attribu-
tion methods, which compute explanations during
or after the similarity calculation, this approach
embeds the explanation directly into the model. As
a result, all explanatory structure is learned during
training, and explanations are available at inference
time without additional computational cost.

3An intuitive choice is 7 = 0, though we found that 7 =
0.029 performs best across all language pairs in the dev set of
the alignment task, and we set this as the default.
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from sentence_transformers import InputExample
from xplain.spaceshaping import \
PartitionedSentenceTransformer

# we need two lists with documents pairs
docs1, docs2 = ["abc",....], ["xyz",...]

# compute the training/partitioning signal
examples = []
for x, y in zip(docs1, docs2):
similarities = []
for metric in my_custom_metrics:
similarities.append(metric.score(x, y))
examples.append(InputExample(texts=[x, yJ, \
label=similarities))

# instantiate model, we use 16 dimensions
# to express each metric
pt = PartitionedSentenceTransformer(
feature_names=[metric.name for \
metric in my_custom_metrics],
feature_dims=[16]*len(my_custom_metrics))
train_examples, dev_examples = split(examples)
# train partitioning
pt.train_model(train_examples, dev_examples)

m Before shaping ® After shaping
0.8

0.6
0.4

0.2 II
-

Overall Bag-of-Words Entity

Figure 3: Top: Pseudo code to induce semantic sub-
spaces. Bottom: Aspect similarities for the sentences
“The kitten drinks milk” vs. “A cat slurps something.”

Implementation. Two challenges arise: Learn-
ing to partition the space, and preventing that the
overall similarity of two texts deviates too much
from a strong reference model®.

We extend the “S3BERT” method’ from Opitz
and Frank (2022) which used AMR-based metrics
to measure aspectual similarities and generate a
partitioning signal. We generalize this approach
to enable the shaping of fully custom embedding
spaces. Users can define their own interpretable
similarity metrics to create distinct embedding sub-
spaces. In the following paragraph, we provide an
example of the training and inference process.

®Such a reference model can be any embedding model,
from which the explainable partitioned model learns to main-
tain high prediction accuracy.

"https://github.com/flipz357/S3BERT

from xplain.symbolic.model import AMRSimilarity
explainer = AMRSimilarity()

sentl = ["Barack Obama holds a talk"]

sent2 = ["Hillary Clinton holds a talk"]

exp = explainer.explain_similarity(sent1, sent2)
# yields aspectual similarities:

"AGENT ' : 71.43, # (Ob. vs Cl. talking)
'"NER": 60.0, # (entity: !=, type: ==
e, e, # (various other stats)
"POLARITY': 100.0 #

'global': 80.0 #

(both: no negation)

#
#
#
#
# (overall similarity)

# ::snt Barack Obama holds a talk.
(h / hold-04
:ARGO (p / person
:name (n / name

:opl "Barack” :op2 "Obama" ))
:ARGT (t / talk-01))

# ::snt Hillary Clinton holds a talk.
(h / hold-04
:ARGO (p / person
:name (n / name

:op1 "Hillary" :op2 "Clinton") )
:ARG1 (t / talk-01))

Figure 4: Top: Using XPLAINSIM’s symbolic part to
explain similarity via meaning graph difference statis-
tics. Bottom: AMR graph differences make meaning
disagreement overt.

Example. Figure 3 gives a high-level view of
the space shaping process (the base model here
is all-MinilM-L12-v2, Reimers and Gurevych,
2019). First, the user defines interpretable aspects
of interest using custom metrics. These metrics
can be simple and approximate—for example, mea-
suring word overlap between two texts to capture
superficial structural similarity, or measure the sim-
ilarity in named entity structure of the two input
texts via SpaCy® NER tagging. A set of paired
training texts is then created by assigning scores
based on these custom metrics.

2.3 Symbolic Explanation with AMR

Explanation mechanism. A meaning represen-
tation (MR) is a symbolic encoding of the semantic
structure of a text, typically grounded in linguistic
theories of compositionality and discourse. An MR
can take the form of a graph, where nodes represent
entities and events mentioned in a text, and edges
show their semantic relations (agent, patient, in-
strument, cause, etc.). With meaning expressed in
such an explicit format, a metric between MRs can
highlight (dis-)agreements with respect to specific
parts and properties of semantic structure. Several

8https://spacy.io/
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papers have already explored MR measurements
for, e.g., semantic similarity, language inference,
generation evaluation, or cross-lingual analysis.’
We provide the first ready-to-use tool that integrates
parsing and aspect-based AMR similarity measure-
ment in a single package. Ready-to-use specifically
means that a strong default parser is integrated in
our package, which is, to our knowledge, not the
case for any other MR metric package.

Implementation. We need to select a type of
meaning representation, a parser that generates
such representations, and a metric that can com-
pare such representations as well as (ideally) any
of their subgraphs. For our package, we also offer
a default way of measuring, based on two pillars:

1. Representation and Parsing: The AMR repre-
sentation (Abstract MR, Banarescu et al., 2013)
has broad applications and large resources (Wein
and Opitz, 2024; Sadeddine et al., 2024) as well
as fairly accurate parsers (Bai et al., 2022). Con-
cretely, we leverage the amrlib library that has
pre-trained parsers for AMR representation. For an
overview of the currently available parsing models
we refer the reader to the Appendix, Table 5.

2. Measuring: Finding the largest common sub-
graph of two AMR graphs is an NP-complete
problem (Allen et al., 2008; Nagarajan and Sviri-
denko, 2009; Cai and Knight, 2013). We adopt
the smatchpp library (Opitz, 2023), a graph match-
ing library that uses Integer Linear Programming.
The similarity score of two graphs is the amount of
shared nodes plus the amount of shared edges, nor-
malized by the size of either graph, obtaining two
directional similarities. For a symmetric similarity
score, the directional similarities are averaged with
harmonic mean. We compute this measure for sev-
eral aspects elicited by AMR subgraphs, e.g., coref-
erence, negations, named entities. For an overview
of the currently available measurements we refer
the reader to the Appendix, Table 4.

Example. Figure 4 shows an application of the
AMR-based approach to two sentences. After pars-
ing the inputs and measuring aspectual similarities,
we find that both sentences have a similar event

°For a sample, we refer the reader to this list: Manning and
Schneider (2021); Opitz and Frank (2021); Wein and Schnei-
der (2024); Miiller and Kuwertz (2022); Opitz et al. (2023);
Ghosh et al. (2024); Jayaweera et al. (2024); Kachwala et al.
(2024); Sun and Xue (2024); Landes and Di Eugenio (2024);
Park et al. (2024); de Vergnette et al. (2025); Thatikonda et al.
(2025)

X-Ling Word Alignment

Model Discretiz.
Pr Re F1
Baseline  Diagonal 0262 0245  0.253
MaxAlign  0.527 0.064  0.114
XLM-R FlowAlign 0520 0470  0.494
MaxAlign  0.797 0334 0471
M-MPNet ¢, Alien 0636 0578  0.606
. MaxAlign 0799 0371  0.507
M-MinilM gy G Alien 0.662 0.605  0.632
MaxAlign  0.775 0.477 0.591
M-ES-Base 10 Alien 0.668 0.610  0.638
MaxAlign  0.779 0.444  0.566
M-GTE FlowAlign 0.667 0.610  0.637

Table 2: Cross-lingual word-level alignment results ag-
gregated across all languages. Full model ID’s: Table 3

with a different agent (arg@). Matching the full
graphs with smatchpp yields a similarity of 0.8.
Matching only the subgraphs capturing patients in
events (argl), yields a perfect match (essentially:
Someone holds a talk), but the subgraphs that cap-
ture Named Entities match with only 0.6 (indeed,
their only agreement is the type (person)).

3 Pilot Studies

We show the potential utility of our XPLAINSIM
package in three empirical pilot studies.

3.1 Cross-lingual Alignment

Multilingual embedding models are typically
trained contrastively, on positive and negative pairs
across languages, but are not explicitly supervised
at the word level. In this experiment, we investigate
to what extent multilingual models internally de-
velop unsupervised cross-lingual word alignments.

Experiment. We use the ten English—{bg, da, es,
et, hu, it, nl, pt, ru, sl} gold alignment datasets re-
leased by Martelli et al. (2023), see Appendix C for
details. For each sentence pair, we compute interac-
tion attributions from several multilingual embed-
ding models. To compare these attributions with
the gold alignment annotations, we discretize them
into binary matrices. For this purpose, we apply
both of our sparsification methods: the row- and
column-wise max-pooling heuristic (MaxAlign),
and the optimal transport-based approach. We eval-
uate the resulting binary alignment matrices using
standard precision, recall, and F1 score. As a base-
line, we include a diagonal alignment matrix.
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Figure 5: Histograms of attributions to stop and content
words; MS MARCO validation split, IR model.

Result. Table 2 shows that M-GTE and M-E5-
Base perform best in approximating a human-style
discrete alignment. Notably, these models also per-
form well on multilingual retrieval data (e.g., MIR-
ACL Zhang et al., 2023), suggesting that stronger
alignment capabilities contribute to high perfor-
mance in multilingual similarity and retrieval tasks.

FlowAlign post-processing consistently im-
proves alignment performance across models. For
users aiming to extract word-level alignments from
attributions, we recommend combining a strong
embedding model with FlowAlign for sparsifica-
tion. In some cases, this combination yields sub-
stantial gains, e.g. XLM-R improves from an F1
score of 0.11 to 0.49, a 38-point increase. The im-
pact of sparsification becomes smaller for higher-
performing models, suggesting that stronger mod-
els rely on a latent discrete alignment.

3.2 Stop-words in Dense Retrieval

Semantic search is an application of text embed-
ding models with high practical relevance. Dual
encoder architectures can process queries and doc-
uments independently. The storage of document
embeddings in vector databases enables efficient
search in sublinear time complexity via approxi-
mate nearest neighbor algorithms. However, com-
pressing entire documents into unified vector rep-
resentations makes such dense retrieval results dif-
ficult to interpret. Using the interaction attribu-
tion method by Moeller et al. (2023), we study
which parts of a given query and document a model
matches.

Experiment. We build on the common distinc-
tion between stop and content words to evaluate
whether an IR-optimized text embedding model ef-
fectively learns to suppress stop words. To this end,

we use the MS MARCO Passage Ranking dataset
(Bajaj et al., 2016) (details in Appendix C) and
evaluate a model fine-tuned on its training split'°.
For each positive query—passage pair in the valida-
tion split, we compute interaction attributions and
sum the total attribution to all passage tokens. We
then aggregate these contributions separately for
stop words and content words, using NLTK’s stop
word list for categorization.

Result. Figure 5 shows histograms of all stop-
and content-word attributions, respectively. 97.6%
of all attributions to stop-words fall within an in-
terval of £0.05 around zero. This shows that the
model learned to effectively ignore stop words. The
distribution for content words, on the other hand,
is much wider, ranging from —0.46 to 1.70. The
model assigns both strongly positive and negative
importance scores to words, suggesting that it can
reward well-aligned document segments, penalize
mismatches, and ignore large portions of docu-
ment content, as indicated by the many content
words whose attribution is near zero. Understand-
ing which parts of queries and documents such
models align—and where they are prone to errors
or biases—is a promising direction for future re-
search.

3.3 Relation Characterization with a
Symbolic Approach

“Similarity” and “relatedness” are often treated as
equivalent notions; however, this equivalence is
not entirely accurate, as latent differences exist be-
tween them (Budanitsky and Hirst, 2006). To bet-
ter understand the structural distinctions between
similarity and relatedness, we employ symbolic,
AMR-based aspectual measurements.

Experiment. For the similarity dataset, we use
the validation partition of the STS benchmark (Cer
et al., 2017); for relatedness, we use the SICK
dataset (Marelli et al., 2014). Both datasets are
well-established evaluation benchmarks, see Ap-
pendix C for details. We compute aspectual graph
metrics for all sentence pairs in both datasets. Cor-
relating these measures directly with the human
similarity score is confounded by cases where par-
ticular semantic aspects are absent in both texts.
Therefore, we compute Pearson correlation sepa-
rately for each aspect, considering only sentence
pairs where the graph metric detected an aspectual

10gentence-transformers/msmarco-MiniLM-L12-cos-v53
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AGENT 0.35 0.37
CONCEPT - 0.69 0.65
FoCUs 013 013 06
INSTRUMENT 0.051 0.13
LOCATION (spatial) 0.28 035 05

NER 0.28 0.15

PATIENT 0.4 0.4
POLARITY 0.097

POSSESSION 0.18 0.3
PURPOSE 0.31

QUANTIFIER 0.25 0.2
SRL-core - 0.56 0.55

TIME (temporal) 0.33 0.33
REENTRANCIES 0.28 0.34

Relatedness

Similarity

Figure 6: Pearson correlation of aspectual differences,
captured via symbolic meaning (sub-)graphs and graph
metrics, with human-assessed similarity (STS) and re-
latedness (SICK).

difference.

Result. Figure 6 presents the obtained Pearson
correlations. A notable difference is that varia-
tions in polarity and named entities are predictive
of differences in human-assessed similarity (STS),
but less so for relatedness (SICK). A commonal-
ity across both similarity and relatedness is their
sensitivity to differences in shared concepts. Inter-
estingly, similarity differences are more strongly
associated with changes in patients (entities under-
going an action), whereas relatedness appears more
influenced by the similarity of agentive structures.

Discussion. This analysis provides a rich con-
trastive characterization of similarity and related-
ness. It also extends prior work, which has largely
focused on individual words, by examining full
semantic structures instead.

4 Summary

We release the XPLAINSIM package to support a
better understanding of semantic similarity, and
how it is computed in neural and non-neural mod-
els. In particular, we provide three types of meth-
ods, each with distinct trade-offs. Attribution-
based methods reveal how interactions between
words contribute to the final similarity score, from
the perspective of neural embedding models. The
most efficient approach is space shaping, which
integrates explanations directly into the embedding
space, effectively reducing the cost of generating
explanations to zero. While it requires model train-
ing, it also enables customization of the explana-
tion. Finally, the symbolic approach offers fine-
grained comparisons based on meaning represen-

tations, adding an additional layer of transparency.
Its limitations include reduced sensitivity to lexical
nuance and dependence on parsing components.

Within this package description paper, we also
contribute three research studies that highlight the
value of the tools: 1. evaluating cross-lingual token
alignment, 2. assessing structural token-weighting
in information retrieval models, and 3. examining
the distinction between similarity and relatedness.

We hope that XPLAINSIM lowers the barrier for
both researchers and practitioners to explore ex-
planations for why two texts are similar, beyond a
single similarity score.

Limitations

Our package is designed to be broadly applicable
for all kinds of text similarity and explanation tasks.
Potential constraints may arise from the specific
characteristics of the included models: Space shap-
ing requires custom design of measures and train-
ing, attribution analysis is applicable to the broader
class of Siamese transformer models but comes at
high computational costs that make it infeasible to
apply to long-context tasks without further adap-
tations. Finally, meaning representations and their
metrics provide highly interpretable and control-
lable similarity statistics, but they currently may
not correlate as highly with human similarity rat-
ings in STS annotation studies when compared to
large neural models. This may not only be due
to some structural insufficiencies, but also poten-
tially due to noise from the parsing process, further
aggravated by eventual domain shifts.

However, we emphasize that our package is de-
signed to be easily usable, and readily extensible,
such that implementation of other potential ap-
proaches, variation or improvement of current ones,
and adding functionality, is straightforward. For
future work, we also plan on expanding the library
to include other interpretability methods adapted to
semantic similarity, e.g., based on causal probing,
counterfactual explanations, or Shapley values. We
also plan on running human-centered studies for
evaluating similarity with and through similarity
interpretability methods.

For these and other future works with XPLAIN-
SIM, we warmly invite the community to participate
in contributing.
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Ethics statement

We do not identify direct ethical risks arising from
the release of this toolkit. On the contrary, the pri-
mary purpose of our package is to explain models
and model decisions. Since models from this do-
main are widely applied, also in document search
contexts, we believe that better understanding their
mechanism can only help to also better assess their
risks, such as potential retrieval biases favoring
certain documents.
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Short Name Text Embedding Model HF ID Base Model HF ID

XLM-R FacebookAl/xIm-roberta-base FacebookAl/xIm-roberta-base
M-MPNet sentence-transformers/paraphrase-multilingual-mpnet-base-v2 FacebookAl/xIm-roberta-base
M-MiniLM sentence-transformers/paraphrase-multilingual-MiniLM-L12-v2  microsoft/Multilingual-MiniLM-L12-H384
M-E5-Base intfloat/multilingual-e5-base Facebook Al/xIm-roberta-base

M-GTE Alibaba-NLP/gte-multilingual-base Alibaba-NLP/gte-multilingual-mlm-base

Table 3: Model Nomenclature: Mapping of short names to Hugging Face model IDs. The package supports most
current embedding models by default. Users can load them by passing the corresponding Hugging Face model ID.
Specialized architectures may require the addition of a custom subclass.

Aspect Brief Description Trigger Relation(s) (Typed) Concept Nodes
AGENT Actor / doer :arg0 person, animal, nationality ...
CAUSE Cause of event :cause cause-01
CONCEPT Generic concept :instance —
FOCUS Main predicate :root —
INSTRUMENT Tool used :instrument instrument, tool
LOCATION Place / path :location, :path,

:destination, :direction city, state, river ...
MATHS Mathematical entity — sum-of, product-of
NER Named entity :name —
PATIENT Entity affected :argl—:arg9 person, object
POLARITY Negation / polarity :polarity —
POSSESSION Ownership / possession  :poss owner, possession
PURPOSE Intended goal :purpose purpose-01
QUANTIFIER Quantity / amount :quant monetary-quantity, distance-quantity,

volume-quantity ...

QUESTION Question structures — amr-unknown
SRL-core Core semantic roles :arg0—:arg9 person, object
TIME (temporal)  Temporal info :time, :duration, :frequency  date-entity, date-interval
TOPIC Subject / topic ‘topic topic-01
WIKI Wikipedia link :wiki —

Table 4: Overview of graph aspects, trigger relations, and example concept nodes

A Model Nomenclature

See Table 3.

B Symbolic metrics and parsers

See Table 4 (metrics) and 5 (parsers).

C Dataset Details

Further details on datasets from Section 3: Table 6.
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Name

Size Score Speed

parse_xfm_bart_large 1.4GB  83.7 SMATCH 17/sec
parse_xfm_bart_base 492MB 82.3 SMATCH 31/sec
parse_spring 1.5GB  83.5 SMATCH 14/sec
785MB  81.9 SMATCH 11/sec
787MB  76.8 SMATCH 28/sec

parse_t5
parse_gsii

Table 5: Default amrlib parsing models for which our package automates installation. Table is taken from amrlib:
https://github.com/bjascob/amrlib-models. “Speed is the inference speed on the AMR-3 test set (1898
graphs) using an RTX3090 with num_beams=1 and batch_size=32. The units are sentences/second”.

Study

Dataset

Description

Size

Cross-lingual
Alignment

Stopwords
in Retrieval

Relation
Characterization

Relation
Characterization

XL-WA

MS-MARCO
(vl.1)

STS

SICK

Manual word alignment
benchmark for 14 lan-
guage pairs English—X

Dataset for IR exper-
iments including real-
world questions, gold an-
swers, and a set of candi-
date passages

Sentence pairs with sim-
ilarity judgments on a
Likert scale

Sentence pairs with re-
latedness judgments on
a Likert scale

~100 sent. in dev set, 200 sent. in test set
(1500 word alignments in dev, 4000 word
alignments in test) for each language pair.
Taken from Martelli et al. (2023)

9.65K queries in the test split, each with 10
candidate passages. Taken from Bajaj et al.
(2016).

1,371 sentence pairs coming from STS
Benchmark. Taken from Cer et al. (2017).

9,927 sentence pairs coming from SICK-R.
Taken from Marelli et al. (2014).

Table 6: Dataset details for the use-case studies.
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