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Abstract

The graph-based semantic representation Ab-
stract Meaning Representation (AMR) incorpo-
rates Proposition Bank (PropBank) sense IDs
to indicate the senses of nodes in the graph and
specify their associated arguments. While this
contributes to the semantic information cap-
tured in an AMR graph, the utility of incor-
porating sense IDs into AMR graphs has not
been analyzed from a technological perspec-
tive, i.e. how useful sense IDs are to generating
text from AMRs and how accurately senses are
induced by AMR parsers. In this work, we ex-
amine the effects of altering or removing the
sense IDs in the AMR graphs, by perturbing the
sense data passed to AMR-to-text generation
models. Additionally, for text-to-AMR pars-
ing, we quantitatively and qualitatively verify
the accuracy of sense IDs produced from state-
of-the-art models. Our investigation reveals
that sense IDs do contribute a small amount
to accurate AMR-to-text generation, meaning
they enhance AMR technologies, but may be
disregarded when their reliance prohibits multi-
lingual corpus development.

1 Introduction

The Proposition Bank (PropBank; Palmer et al.,
2005) is a corpus of semantic roles of verbs and
their arguments, where each verb sense is assigned
an ID.1 In addition to verbs, PropBank also anno-
tates semantic roles of select adjectives, preposi-
tions, and multiword expressions (Pradhan et al.,
2022); some of the verbs in PropBank are verb-
particle constructions, where a combination of a
verb and preposition have a specified unique mean-
ing, such as “turn in” meaning to submit/hand in.

The graph-based semantic representation Ab-
stract Meaning Representation (AMR; Banarescu

1For example, like-01 and like-02 are two different
senses of like, where like-01 means have affection towards,
be fond of, enjoy (habitually) while like-02 means would
like, wish, want (polite) (Palmer et al., 2005).

Text: Everyone likes strawberries in summer.
Parsed AMR:
(l / like-01

:ARG0 (e / everyone)
:ARG1 (s / strawberry)
:time (s2 / summer))

Figure 1: Example sentence and its AMR graph. The
dashed number (-01) is the PropBank sense ID specify-
ing the intended meaning of the predicate like.

et al., 2013) uses English PropBank frames to in-
dicate the sense of each node in the graph and its
associated arguments (as shown for like-01 in Fig-
ure 1). While the sense IDs in AMR graphs provide
relevant semantic information, this inclusion re-
quires manually checking PropBank for each sense
ID and presents challenges when trying to annotate
AMR in languages other than English (if adequate
PropBank frames do not exist for that language).
Senses do not always correspond across languages
(Padó, 2007; van der Plas et al., 2010), limiting
the benefits of relying on English PropBank for
non-English languages, and many low-resource lan-
guages do not have framesets available. Two exten-
sions of AMR, Uniform Meaning Representation
(UMR; Van Gysel et al., 2021) and WISeR (Widely
Interpretable Semantic Representation; Feng et al.,
2023), resolve this issue by incorporating a “Stage
0” frameset development phase for low-resource
languages and eliminating senses from the repre-
sentation entirely, respectively.

Thus, given the prohibitive nature of sense IDs
in multilingual extensions of AMR, in this work,
we examine the technical utility of maintaining
sense IDs in AMRs. We investigate the extent to
which AMR-to-text generation models and text-to-
AMR parsing models accurately rely on sense IDs
when producing either text or AMRs, respectively.
Specifically, we examine how AMR-to-text genera-
tion models perform when the sense IDs are altered
in the AMR graphs, and perform an analysis of the
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accuracy of sense ID prediction in text-to-AMR
parsers. We alter sense IDs in the input AMRs by:

• removing the sense IDs,
• replacing them with sense IDs that do not cor-

respond with real PropBank frames,
• changing each sense ID to a realistic different

sense of the same verb,
• swapping each verb’s sense ID with the most

(and least frequent) sense ID in the AMR3.0
corpus, and

• swapping each verb-particle construction with
a verb (and the reverse: swapping all verbs
with verb-particle constructions where possi-
ble).

We then generate text from four state-of-the-art
AMR-to-text generation models on versions of the
AMR3.0 dataset (Knight et al., 2020) with these
sense ID alterations.

Next, we set out to ascertain the accuracy of
sense IDs parsed by state-of-the-art automatic text-
to-AMR parsers, which is related to the task of
word sense disambiguation. We do this by examin-
ing whether the sense IDs match among the verbs
that appear in both the automatically parsed AMRs
and their human-annotated gold references.

We find that, while AMR-to-text generation mod-
els exhibit only a small decrease in automatic met-
ric scores from these perturbations (removals and
changes), there is still a statistically significant de-
crease for all models across all automatic metrics.
We also find that, impressively, even for less fre-
quently appearing senses, text-to-AMR parsers per-
form sense induction highly accurately. These re-
sults suggest that sense IDs are a contributing factor
in the success of AMR technologies, but may be
disregarded when necessary to promote multilin-
gual extensions of AMR.

2 Methods

Here, we outline the data we use for experimen-
tation (Section 2.1), the methods for sense ID al-
teration in AMR-to-text generation (Section 2.2),
the evaluation techniques and models for AMR-to-
text generation (Section 2.3), and the evaluation
techniques and models for text-to-AMR parsing
(Section 2.4).

2.1 Data

The AMR3.0 dataset contains 59,255 sentences
written in English (from sources such as news and
online forums), along with their matching gold

(human-annotated) AMR graphs. We use only the
test split of AMR3.0 to produce the altered datasets
and generate parsed outputs, but identify the high-
est and lowest frequency sense IDs for each verb
across the entire AMR3.0 dataset.

2.2 Sense ID Alterations
We evaluate the quality of AMR-to-text generation
output under various conditions. We remove the
sense IDs in four ways to observe how different
components of a sense, such as the dash, signal
the presence a predicate. We perform substitutions
based on the frequency and existence of each in-
dividual sense ID to understand the effect of the
appearance of senses in the training data. Lastly,
we alter the verb-particle constructions to observe
the impact of the verb form on the generated sen-
tence.

Removed. We test removing sense IDs from
AMR graphs in four ways: (1) completely remove
the sense IDs and the dash preceding them (e.g.
get-01 to get), (2) remove the sense IDs but keep
the dash preceding them (e.g. get-01 to get-),
(3) change all the sense IDs to 0 (e.g. get-01 to
get-0) , and (4) change all the sense IDs to 00 (e.g.
get-01 to get-00). We hypothesize that the dash
functions as a marker for sense IDs, and therefore
keeping the dash may improve sense induction per-
formance compared to completely removing it, by
signaling to the model that the preceding word is a
predicate.

Arbitrarily large. We inspect the impact of
a large sense ID that does not exist in PropBank
by changing all the sense IDs to arbitrarily large
numbers, randomized between 50 and 100, given
that no sense IDs above 50 appear in PropBank.

Realistic substitution. Next, we change each
sense ID to a random, “realistic” sense ID. If the
word has multiple senses in PropBank, we substi-
tute the current sense with another PropBank sense
of the same verb form. If there is only one sense
(-01), we substitute in -02.

Highest frequency. Here, we change each sense
ID to the sense ID that appears most frequently for
each verb in the AMR3.0 dataset. In the case of
a tie (i.e. more than one sense has the same fre-
quency), the lower numbered sense is used (given
that it was added to PropBank first).

Lowest frequency. Similarly, we change each
sense ID to the sense ID that appears the fewest
number of times in the entire AMR3.0 dataset. In
the case of a tie, the higher valued number is used
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amrlib SPRING BiBL AMRBART
Datasets BERT BLEU MET. BERT BLEU MET. BERT BLEU MET. BERT BLEU MET.
Baseline 0.9523 0.3869 0.7119 0.9589 0.4181 0.7366 0.9642 0.4753 0.7695 0.9651 0.4815 0.7732
Removed (1) 0.9512 0.3778 0.7074 0.9581 0.4126 0.7355 0.9631 0.4678 0.7674 0.9611 0.4399 0.7572
Removed (2) 0.9514 0.3815 0.7097 0.9577 0.4115 0.7328 0.9630 0.4669 0.7660 0.9614 0.4423 0.7575
Removed (3) 0.9516 0.3807 0.7089 0.9446 0.3531 0.6852 0.9604 0.4531 0.7534 0.9564 0.4111 0.7385
Removed (4) 0.9517 0.3789 0.7101 0.9583 0.4134 0.7351 0.9635 0.4713 0.7677 0.9612 0.4373 0.7579
Arbitrarily Large 0.9509 0.3753 0.7068 0.9584 0.4125 0.7366 0.9624 0.4644 0.7634 0.9602 0.4286 0.7531
Realistic Substitution 0.9519 0.3806 0.7104 0.9578 0.4088 0.7319 0.9624 0.4667 0.7624 0.9611 0.4390 0.7557
Highest Frequency 0.9521 0.3852 0.7111 0.9583 0.4150 0.7343 0.9639 0.4729 0.7676 0.9645 0.4761 0.7693
Lowest Frequency 0.9520 0.3836 0.7111 0.9582 0.4123 0.7338 0.9637 0.4758 0.7690 0.9637 0.4711 0.7683
To VPC 0.9348 0.3088 0.6763 0.9429 0.3566 0.7041 0.9495 0.4122 0.7430 0.9499 0.4056 0.7425
Remove VPC 0.9407 0.3175 0.6601 0.9497 0.3785 0.7102 0.9575 0.4451 0.7554 0.9584 0.4469 0.7601

Table 1: AMR-to-text generation results on the baseline and ten altered versions (VPC=verb-particle construction).
The highest non-baseline scores within each model are bolded in blue, and the lowest scores for each model are
italicized in red.

(given that it was added to PropBank later).
Change to verb-particle construction. Where

possible, we change each verb to a verb-
particle construction, such as get-away-08 or
run-out-05. To test the significance in changing a
verb to a verb-particle construction, we exclude all
AMR graphs that did not have any changes made
(i.e.: verb has no verb-particle construction in Prop-
Bank). If there are valid senses to substitute, we
choose one randomly. For example, if drop-05
appears in the dataset, we replace it with a ran-
domly chosen sense from the list: drop-by-02,
drop-off-03, drop-out-04, drop-in-08. In this
way, the parse is changed to have verb-particle con-
struction (i.e. both the text and sense ID in the
concept change) where applicable, though the verb-
particle construction does not appear in the original
sentence.

Remove verb-particle constructions. Finally,
we change each verb-particle construction to a verb
form, if applicable, using the same process as for
changing to verb-particle constructions.

2.3 Generation Models & Evaluation

For AMR-to-text generation, we leverage four mod-
els: amrlib2, SPRING (Bevilacqua et al., 2021),
AMRBART (Bai et al., 2022), and BiBL (Cheng
et al., 2022). For evaluation, we use the test set
from AMR3.0 (Knight et al., 2020), which con-
tains 1,898 AMR graphs, as some of these models
were trained on the training portion of the corpus.

To analyze the effect of modifying sense IDs, we
alter each node in the AMR graphs in the specified
manner and then generate text from each of these
sets of altered AMRs, using the aforementioned

2amrlib GitHub Repository

four generation models. We also generate baseline
outputs from the original test split to compare how
well our modified outputs perform.

We evaluate the generated text with BLEU (Pap-
ineni et al., 2002), METEOR (Banerjee and Lavie,
2005), and BERTscore (Zhang et al., 2020).

2.4 Parsing Models & Evaluation

For text-to-AMR parsing, we assess the accuracy of
the sense IDs included in automatically produced
AMR graphs. We use five models: the BART-large
fine-tuned model of amrlib, SPRING, AMRBART,
BiBL, and LeakDistill (Vasylenko et al., 2023).
For evaluation, we use the test set from AMR3.0.
Specifically, we use the Consensus dataset, which
contains 100 AMRs, which we chose due to its
suitable size for manual qualitative analysis.

In order to perform a small-scale analysis of
text-to-AMR parser accuracy for sense IDs, we
use the aforementioned parsers to generate the 100
predicted AMRs for each model. Then, we check
for matching verbs, and of those verbs, correct
sense IDs. For example, if the gold annotation is
get-01 and the predicted sense is get-02, then we
have a matching verb and a different sense ID.

3 Results

Table 1 shows the results of our experiments on the
effect of altering sense IDs on AMR-to-text gener-
ation; Table 2 contains the results of our evaluation
of the sense ID accuracy of text-to-AMR parsing
models.

3.1 Generation Results

We find that the automatic metric scores are only
slightly—though consistently—lower for texts gen-

https://github.com/bjascob/amrlib/tree/master
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erated from the altered datasets. This includes
cases where sense IDs were removed, a promis-
ing finding for extending AMR-to-text generation
to languages with insufficient PropBank frames.

Interestingly, the impact is more pronounced
for better-performing models, suggesting they may
be utilizing the sense ID information to a greater
degree. In particular, AMRBART is the best-
performing model with a baseline BERTscore of
0.9651, but its modified outputs show an average
decrease of 0.0053. On the other hand, amrlib,
SPRING, and BiBL have baseline BERTscores of
0.9523, 0.9589, and 0.9642, respectively, but their
modified outputs show decreases of only 0.0035,
0.0045, and 0.0033 on average.

The text generated from the AMR nodes
swapped with their highest frequency sense IDs has
the highest automatic metric scores overall, with
BERTscore decreases of just 0.0002 to 0.0006 com-
pared to the baseline. This supports our hypothesis
that AMR-to-text generation models tend to priori-
tize generating PropBank sense IDs based on their
frequency in the AMR3.0 corpus. Notably, the
AMRs swapped with the least frequent senses also
perform competitively, occasionally outperforming
all the other altered datasets in BLEU and ME-
TEOR scores. The highest and lowest frequency
substitutions are the only alterations which ensure
that all sense IDs present in the AMRs actually ex-
ist in PropBank, suggesting that maintaining valid
sense information (and the same verb form) leads
to higher quality text generation.

In contrast, AMRs involving verb-particle con-
struction substitutions result in the greatest perfor-
mance drops overall, with an average BERTscore
decrease of 0.0122 across all models. These are
the only cases where the root verbs change en-
tirely, indicating that such changes disrupt the per-
formance of AMR-to-text generation models more
than changes to sense IDs alone.

We also find that the way in which the sense IDs
are removed has an impact on the generated text,
where maintaining the dash preceding the sense ID
or changing the sense ID to 00 improves model per-
formance compared to removing them both com-
pletely. This suggests that models treat the dash
as a predicate marker. Furthermore, using 00 pre-
serves the familiar formatting of most sense IDs
and aligns with its use as a placeholder for missing
predicates (Banarescu et al., 2019).

Though on an item-level basis the decrease in
BERTscore is minimal, we find that all perturba-

Models Matching Verbs Sense Accuracy (%) 1-Sense Verbs (%)
amrlib 351 98.0% 51.6%

SPRING 349 98.0% 51.6%
BiBL 341 98.5% 52.8%

AMRBART 350 98.9% 51.7%
LeakDistill 343 98.3% 52.5%

Table 2: Text-to-AMR parsing results. Sense Accuracy
refers to instances where not only the root verbs but
also the associated sense IDs are predicted correctly.
About half of these matching verbs for each model have
only one sense, with the exact percent for each model
indicated here with the “1-Sense Verbs” column.

tions result in a statistically significant decrease in
BERTscore when compared via t-tests (p ≤ 0.05).
We perform paired t-tests comparing the base-
line BERTscore values against all datasets, ex-
cept for the verb-particle construction changes, for
which we perform unpaired t-tests given that these
datasets are smaller (since not all individual AMR
graphs were able to have a verb-particle construc-
tion substitution for any nodes).3 This suggests that
AMR-to-text generation models are still sensitive
to changes in verb senses.

3.2 Parsing Qualitative Analysis

We check the sense accuracy of verbs which ap-
pear in both the gold AMR and the system out-
put. As seen in Table 2, all five text-to-AMR
parsers—amrlib, SPRING, BiBL, AMRBART, and
LeakDistill—demonstrate high accuracy in assign-
ing sense IDs to correctly predicted verbs, with
accuracy rates from 98.0% to 98.9%. About half
of these matching verbs for each model have only
one sense, contributing to this high accuracy.

Impressively, the parsers also correctly identify
less frequent senses. For instance, all five mod-
els accurately predict run-04 in a sentence about
Route 288 in Virginia,4 even though run-04 ap-
pears only 19 times in the AMR3.0 training split—
compared to 188 instances of run-01 and 149 of
run-02. However, one of those 19 instances men-
tions “Virginia_State_Route_203” in a similar con-
text, suggesting that the models drew on contextual
patterns from training.

Our study is conducted using the AMR3.0 cor-
pus, which primarily consists of newswire and on-

3For amrlib, the p-values range from <0.0001 to 0.0317.
For SPRING, the p-values range from <0.0001 to 0.0244. For
BiBL, the p-values range from <0.0001 to 0.0050. Finally,
for AMRBART, the p-values range from <0.0001 to 0.0047.

4“Route 288, the circumferential highway running around
the south - western quadrant of the Richmond New Urban
Region, opened in late 2004.”
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line text, raising the question of how our findings
on sense ID sensitivity generalize to other domains.
From our results, we find that text-to-AMR parsers
perform sense induction accurately even for senses
that appear infrequently in the training data. This is
promising for applying parsing models to other cor-
pora, such as The Little Prince dataset (Banarescu
et al., 2013), which is a literary work with often
uncommon language usage. Even if infrequent
senses appear in other corpora, our findings sug-
gest that the parsing models would still perform
well. The relatively small decrease in generation
quality from sense ID alterations suggests that gen-
eration models are not effectively using the sense
ID information. It is unclear whether this is due
to the model architecture or how the sense ID in-
formation appears in AMR graphs. However, we
know that the presence of a dash improves perfor-
mance, suggesting that models recognize this as a
signal to expect sense IDs. Additionally, the sub-
stantial drop in performance when substituting for
verb-particle construction indicates that the verb
form has a larger impact than the sense ID itself.

4 Conclusion & Future Work

In this work, we explored to what degree AMR-
to-text generation models rely on sense IDs in
AMR graphs, by swapping or removing the sense
IDs in the nodes, and assessing the quality of the
resulting text. We find that AMR-to-text genera-
tion models are susceptible to sense perturbations
and suffer a small decrease in automatic metric
scores (BERTscore, BLEU, and METEOR), with
BERTscore decreases of up to 0.0175; though the
decrease is relatively small, all of the changes that
we make to the sense IDs result in a statistically
significant decrease in text quality for all genera-
tion models. We also measured the accuracy of
sense annotation in text-to-AMR parsers, and our
parsing analysis reveals that AMR technologies do
accurately perform sense induction when parsing.

Our results indicate that sense IDs enable higher
quality text generation when included in the AMRs
for AMR-to-text generation models, and provide in-
sightful semantic content within the AMR. Still, the
technical relevance of sense IDs is small, and may
be worth avoiding if the creation of in-language
frames precludes the development a non-English
AMR extension—or for multilingual extensions
of AMR broadly. Accordingly, our findings mo-
tivate future work investigating multilingual ex-

tensions of AMR that do not include any sense
IDs and generalize roles across (i.e. moving from
opaque arguments such as :ARG0 to more generaliz-
able terms such as :agent); finding generic terms
that would be sufficiently representative across lan-
guages presents an additional challenge.
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