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Abstract

Recent advances have significantly improved
the performance of Abstract Meaning Repre-
sentation (AMR) parsers, yet determining when
their outputs can be trusted remains largely un-
explored. This work presents the first study of
uncertainty estimation for AMR parsers in a
black-box setting using top-k beam-search can-
didates. Uncertainty is estimated from pairwise
candidate similarities and evaluated using the
Prediction Rejection Ratio. This work charac-
terises the relationship between parsing perfor-
mance and uncertainty, evaluates the reliability
of beam candidate distributions, analyses the
effect of evaluation metrics on uncertainty as-
sessment, and identifies parsers that provide
the strongest balance between performance and
reliability. Experimental results show the value
of uncertainty estimation as a complementary
dimension for evaluating AMR parsers.

1 Introduction

Abstract Meaning Representation (AMR) repre-
sents sentence meaning as a rooted semantic graph
that captures concepts and their relations beyond
surface text (Banarescu et al., 2013). By mod-
elling predicate—argument structure, AMR supports
meaning-centric NLP applications including infor-
mation extraction (Han et al., 2025), question an-
swering (Rakshit and Flanigan, 2025), summarisa-
tion (Qiu et al., 2024), multilingual semantic pars-
ing (Vanroy and Van de Cruys, 2024), and trustwor-
thy Al (Regan et al., 2024; Pust et al., 2015).
However, manually constructing AMR graphs is
expensive and difficult to scale, motivating the de-
velopment of automatic AMR parsers that convert
text into structured semantic representations. Ad-
vances in pretrained language models have substan-
tially improved parsers such as SPRING (Bevilac-
qua et al., 2021), IBM-Parser (Fernandez As-
tudillo et al., 2020), HMG-AMR (Sataer et al.,
2024), MBSE (Lee et al., 2022), and IBM-
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Neural (Drozdov et al., 2022), making AMR pars-
ing increasingly important for downstream applica-
tions where graph quality directly affects reasoning
and decision-making.

Despite recent advances in AMR parsing, an
important question remains unresolved: how
confident should a parser be in its prediction?
Recent studies have explored uncertainty esti-
mation for large language models using prob-
abilistic, diversity-based, and graph-based ap-
proaches (Kuhn et al., 2023; Lin et al., 2024;
Hashimoto et al., 2025; Vashurin et al., 2025),
highlighting the importance of estimating predic-
tion reliability beyond output generation. How-
ever, Uncertainty Estimation (UE) for AMR pars-
ing remains largely unexplored. Existing evalua-
tion protocols rely on graph similarity metrics (Cai
and Knight, 2013; Opitz et al., 2020; Anchiéta
et al., 2019; Song and Gildea, 2019; Opitz, 2023;
Opitz et al., 2021), which compare predicted graphs
against gold annotations and measure aggregate
parser performance. Nevertheless, these metrics
provide limited insight into the reliability of in-
dividual predictions and into whether a parser’s
confidence aligns with its actual performance. To
the best of our knowledge, this work presents the
first systematic study of uncertainty estimation for
AMR parsing in a black-box setting and addresses
the following research questions:

RQ1: Do performance and uncertainty correlate
in AMR parsing?

RQ2: How reliable are beam candidates?

RQ3: Isrelying on a single metric enough to judge
the uncertainty of AMR parsers?

RQ4: Which parser is best in terms of both perfor-
mance and reliability?
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Our experiments! evaluate uncertainty estima-
tion across multiple AMR parsers in a black-box
setting. For each input, the parser generates a set
of beam candidates, from which an uncertainty es-
timator assigns a scalar uncertainty score; higher
scores indicate greater uncertainty. In this work,
Uncertainty Estimation (UE) refers to the process
of assigning these scores, while Reliability refers
to how well the scores reflect the actual quality of
predictions. The reliability of these uncertainty es-
timates is evaluated using the Prediction Rejection
Ratio (PRR) (Malinin et al., 2017), which measures
how effectively the uncertainty scores identify low-
quality predictions: a reliable estimator should as-
sign higher uncertainty to predictions with lower
parsing quality, such that rejecting the most un-
certain predictions improves the remaining aver-
age quality. Results show a general tendency for
higher-performing parsers to produce more reliable
uncertainty estimates, although parser architecture
and candidate-generation behaviour also influence
reliability. Moderate beam sizes yield the most re-
liable uncertainty estimates, while different evalua-
tion metrics can lead to different conclusions about
their reliability. These findings demonstrate that
uncertainty estimation provides a complementary
perspective beyond parsing accuracy for evaluating
AMR parsers.

2 Problem Definition

Let D = {(s;,9;)}, denote a dataset of size
n, where s; denotes an input sentence and g; its
corresponding gold AMR graph. Given sentence
s;, an AMR parser generates k& beam candidates
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where C; denotes the set of k£ candidate AMR
graphs, gl(j ) the j-th beam prediction, and g; the
top-1 prediction. In the black-box setting, parsing
is defined as P : s; — C; without access to model
probabilities or internal states. The objective is to
learn an uncertainty estimator U that maps beam
candidates to a scalar uncertainty score,
UZCZ"—>UZ‘, u; € R )
yielding one uncertainty score per input sentence
and uncertainty vector v = (uq,...,u,) € R™
Prediction quality is computed between the top-1

1https://github.com/naist—nlp/UE_Method_AMR_
Parser

prediction and gold graph producing quality vector
qg = (¢1,---,9n) € R™. A desirable estimator
satisfies u; < (1 — ¢;) and maximises PRR.

3 Methodology

This work estimates uncertainty for AMR parsing
in a black-box setting, where model probabilities
and internal states are unavailable. The key intu-
ition is that a set of beam candidates with high
semantic agreement indicates lower uncertainty,
whereas greater disagreement among candidates
indicates higher uncertainty. For each input sen-
tence, pairwise similarities among the candidate
AMR graphs are computed to construct a similar-
ity matrix (§3.1), which is then converted into a
scalar uncertainty score (§3.2). The quality of these
uncertainty estimates is evaluated using the Predic-
tion Rejection Ratio (PRR) (§3.3), which measures
how effectively the uncertainty scores identify low-
quality predictions and whether rejecting the most
uncertain predictions improves the quality of the
remaining predictions.

3.1 Pairwise Similarity Matrix
For each candidate set C;, pairwise candidate agree-
ment is represented by
N
Silji = Fam(0”,0),  SieRME (3)
where Fij,, denotes an AMR similarity function,
[S;]j1 € [0, 1] measures similarity between beam

candidates gi(]) and ggl), and [S;],; = 1. This pro-
cedure produces one similarity matrix S; per sen-

tence.

3.2 Uncertainty Estimation

Each uncertainty estimator maps beam candidates
to an uncertainty score as U : C; — S; — uy,
where S; € RF** is the pairwise similarity matrix,
u; € R is the scalar uncertainty score for sentence
si,and w = (uq,...,u,) € R™ is the uncertainty
vector. We use the following estimators:

LexSim Following Kuhn et al. (2023), lexical
uncertainty is estimated from pairwise ROUGE-
L (Lin, 2004) similarity:

LexSim __ 1 .
u O = k(kl);[mﬂ “

where [R;];; € [0, 1] denotes the ROUGE-L simi-
G) U]

larity between beam candidates g;”” and g, .
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Graph-Based Methods Following Lin et al.
(2024), S; is interpreted as a weighted graph. The
symmetrized adjacency matrix A € R*** and de-
gree matrix D € R*¥** are defined as

[Bily + Sily [Dlj; =) (Al

2 )
l
(&)
and transformed into the normalised Laplacian

[Alji =

L=1-D Y2AD /2, (6)

where L € R¥** and )\, ..., A, denote its eigen-
values. The normalised Laplacian provides a spec-
tral representation of candidate connectivity: the
multiplicity of its zero eigenvalue equals the num-
ber of connected components in the graph (von
Luxburg, 2007, Proposition 4). This property mo-
tivates the use of the Laplacian eigenvalues and
eigenvectors in the following EigV of Equation 7
and Ecc of Equation 8.

EigV estimates uncertainty from eigenvalue de-
viations, where larger deviations (1 — \;) corre-
spond to greater candidate disagreement:

Z max (0 Aj)- @)

Ecc estimates uncertainty from candidate spread
in the Laplacian eigenspace. Let vy, ..., v; € RF
denote the eigenvectors of L. Each candidate g(j )
is embedded as e; = (v15,...,v;;) € R¥ and
mean-centred as €; = e; — + Zle e;; uncertainty
is the Frobenius norm of the centred embeddings:

ElgV

®)

DegMat does not rely on the normalized Lapla-
cian and estimates uncertainty from average candi-
date agreement, where smaller } _ ,[A]; indicates
higher uncertainty:

DeegMa: tI‘(D) 1
uy BN =1 - 2 :1—@Z[A]l

3.3 Prediction Rejection Evaluation

An uncertainty estimator should assign a low uncer-
tainty score to reliable predictions and a high un-
certainty score to unreliable predictions. PRR (Ma-
linin et al., 2017) evaluates this behaviour by mea-
suring quality improvement after rejecting uncer-
tain outputs.

Prediction quality is computed between the top-1
prediction g; and the gold graph g;':

qi = fqual(giag;k) eER (10)

yielding quality vector ¢ = (q1,...,qn) €
R™. Given uncertainty vector © € R", predic-
tions are sorted by increasing uncertainty w =
argsort(u) € Z". At rejection rate o € [0, 1],
the | n| most uncertain predictions are removed,
and the remaining mean quality is

n—|an|

Z%GR

where 7; is the i-th element of 7. The area under
the resulting prediction—rejection curve (AUCPR)
is normalised against oracle and random rejection:

Q) = (11

n— Lom

AUCPRUHC - AUCPRrandom
PRR = eR
AUCPRoracle - AUCPRrandom
(12)
where PRR = 1 denotes oracle performance,

PRR = 0 random rejection, and PRR < 0 harm-
ful uncertainty estimates. Further details on the
algorithmic framework and AUCPR derivation are
provided in Appendix A.

4 Experiments and Results

4.1 Experimental Setup

Experiments are conducted on the AMR 3.0 test
set (Knight et al., 2020), comprising n = 1,898
sentence—graph pairs, using six AMR parsers’:
SPRING (Bevilacqua et al., 2021), IBM Transition
Parser (Fernandez Astudillo et al., 2020), HMG-
AMR-BART (Sataer et al., 2024), HMG-AMR-
T5 (Sataer et al., 2024), MBSE (Lee et al., 2022),
and IBM-Neural (Drozdov et al., 2022). For each
parser, beam search generates candidate sets with
k € {3,5,8,10}. Fewer than 1% of generated
beam candidates are invalid across parsers and
beam sizes and are assigned zero similarity when
computing graph-based similarity measures.
AMR similarity function defined in Equation (3)
is measured using Smatch (Cai and Knight,
2013), Smatch++ (Opitz, 2023), S2Match (Opitz
et al., 2020), SEMA (Anchiéta et al., 2019), and
WLK (Opitz et al., 2021), while prediction quality
defined in Equation (10) is evaluated against gold
Parsers were selected based on reported performance and
code availability. LLM baselines were excluded due to sub-

stantially lower parsing performance. Additional details are
provided in Appendix C.1



Parser Smatch  Smatch++
SPRING (Bevilacqua et al., 2021) 0.8449 0.8438
MBSE (Lee et al., 2022) 0.8374 0.8378
HMG-AMR-BART (Sataer et al., 2024) 0.8358 0.8380
IBM-Parser (Fernandez Astudillo et al., 2020)  0.8128 0.8181
IBM-Neural (Drozdov et al., 2022) 0.8115 0.8174
HMG-AMR-T5 (Sataer et al., 2024) 0.7693 0.7797

Table 1: Top-1 AMR parsing performance measured
using Smatch and Smatch++.
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Figure 1: Mean PRR for each parser and prediction
quality metric, averaged across all beam sizes and un-
certainty estimators.

graphs using Smatch++ (Opitz, 2023), S?Match,
and SemBLEU (Song and Gildea, 2019). Addi-
tional implementation details, parser checkpoints,
similarity metrics, and hardware configuration are
provided in Appendix B.

4.2 Results and Analysis

RQ1: Do performance and uncertainty corre-
late in AMR parsing? Table 1 and Figure 1 com-
pare parsing performance and PRR score across
parsers. Overall, parsers with higher top-1 Smatch
scores tend to achieve higher PRR, indicating a pos-
itive relationship between parsing accuracy and reli-
ability. However, parsers with comparable Smatch
scores exhibit substantially different PRR values;
for instance, MBSE and HMG-AMR-BART have
mean PRRs of 0.183 and 0.154, respectively, under
Smatch++, despite near-identical parsing accuracy,
suggesting that candidate-generation behaviour and
architectural design also independently influence
reliability. Additional results are provided in Ap-
pendix C.1 and Appendix C.2, where positive cor-
relations are observed consistently across evalu-
ation metrics. Quantitatively, the Spearman cor-
relation between parsing performance and mean
PRR is p = 0.388 for Smatch++, p = 0.317 for
S?Match, and p = 0.360 for SemBLEU, with the
strongest correlation observed under Smatch++.
These results further support the positive relation-
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Figure 2: Mean PRR averaged across uncertainty esti-
mation methods and prediction quality metrics for beam
sizes k € {3,5,8,10}.

ship between parsing performance and uncertainty-
estimation reliability.

RQ2: How reliable are beam candidates?
Beam candidates provide meaningful uncertainty
estimates, as shown in Figure 2. However, PRR
declines across most parsers as beam size increases,
suggesting that larger beams introduce a more di-
verse set of candidates, weakening the relation-
ship between uncertainty and prediction quality.
The rate of degradation varies substantially: HMG-
AMR-TS5 falls below zero at £k = 10, indicating
that the uncertainty estimates are actively harmful,
whereas transition-based parsers remain compara-
tively stable, potentially because their architecture
explores structured action sequences rather than
relying solely on graph linearisation. Overall, mod-
erate beam sizes provide the strongest trade-off
between candidate diversity and uncertainty qual-
ity. Additional analysis across beam sizes and un-
certainty estimators is provided in Appendix C.3,
where LEXSIM is the only estimator whose PRR
consistently increases with beam size, whereas
Ecc exhibits the steepest degradation. These re-
sults show that increasing the beam size does not
affect all uncertainty estimators equally, as their
ability to capture candidate agreement varies.

RQ3: Is relying on a single metric enough to
judge the uncertainty of AMR parsers? No,
the uncertainty of AMR parsers cannot be judged
by using a single evaluation metric. As illus-
trated in Figure 3, PRR varies across metrics, with
transition-based parsers achieving stronger PRR un-
der S?Match than Smatch++, indicating that uncer-
tainty assessment depends on the notion of graph
similarity being measured. Additional analysis
is provided in Appendix C.4, where graph-based
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Figure 3: Each value shows the mean PRR averaged
across uncertainty estimation methods and prediction
quality metrics.

estimators show strong mutual agreement under
Smatch++, while LEXSIM shows near-zero or neg-
ative correlation with most graph-based methods.
Under SemBLEU, estimator agreement becomes
more uniform, indicating that the relationship be-
tween uncertainty estimators also changes with the
evaluation metric. These observations reinforce
that reliability is jointly determined by the uncer-
tainty estimator and the metric used to assess pre-
diction quality, making multi-metric evaluation im-
portant for a robust assessment.

RQ4: Which parser is best in terms of both per-
formance and reliability? SPRING (Bevilacqua
et al., 2021) achieves the strongest overall balance,
obtaining the highest mean PRR (0.265) while
maintaining positive uncertainty estimates across
all beam sizes and evaluation metrics as shown in
Figure 1 and 2. Its seq2seq formulation with graph-
isomorphic linearisation reduces reliance on heuris-
tic processing, preserving semantically coherent
candidate sets as beam diversity increases. Addi-
tional parser reliability results across beam sizes
are provided in Appendix C.5, where IBM-Parser
remains the most stable across all metrics. At the
same time, HMG-AMR-T5 exhibits the steepest
degradation, approaching zero or negative PRR at
k = 8 and k = 10. Detailed estimation results
at k = 10 are provided in Appendix C.6, where
DEGMAT-SEMA achieves the strongest PRR for
SPRING and HMG variants, while LEXSIM out-
performs graph-based methods for IBM-Parser and
IBM-Neural. These results highlight that parser
selection involves a trade-off between overall pars-

ing performance and the stability of uncertainty
estimation across beam sizes. While SPRING pro-
vides the strongest overall balance, IBM-Parser
may be preferable when stable uncertainty estima-
tion across different beam sizes is prioritised.

4.3 Additional Analysis

To further investigate factors affecting uncertainty
estimation and reliability, the analysis examines
sentence length and agreement between uncertainty
estimators. Short sentences (< 9 tokens) receive
substantially higher mean uncertainty scores than
medium- and long-length sentences; however, PRR
indicates that uncertainty estimates are most re-
liable for medium-length sentences, followed by
long and short sentences. The analysis further
shows strong agreement among graph-based es-
timators. Additional analysis is provided in Ap-
pendix C.3 and C.6 showing that parser reliability
varies substantially with beam size: some parsers
remain stable as the beam expands, whereas oth-
ers exhibit pronounced degradation. At larger
beam sizes, the most reliable UE also varies across
parsers, indicating that no single estimator consis-
tently provides the strongest reliability.

5 Conclusion

This work presents UE for AMR parsers in a black-
box setting. Across multiple AMR parsers, beam
sizes, and evaluation metrics, it is observed that
more accurate parsers generally yield more reliable
uncertainty estimates. At the same time, parser
reliability also varies with beam size and parser
architecture. The results further show that the re-
liability of UE depends on the evaluation metric
and that moderate beam sizes tend to yield more
reliable UE than larger beams. Importantly, the
experiments demonstrate that parsing performance
and uncertainty estimation with reliability provide
complementary information for comparing AMR
parsers. Parsing accuracy measures the quality
of the predicted AMRs, whereas PRR evaluates
how effectively the estimated uncertainty identifies
potentially low-quality predictions. Since parsers
with similar parsing accuracy can exhibit substan-
tially different PRR, considering both performance
and reliability provides a more comprehensive as-
sessment of parser behaviour. Overall, the find-
ings support the use of both conventional accuracy-
based evaluation and uncertainty-based reliability
evaluation when comparing AMR parsers.



Limitations

This work studies uncertainty estimation for AMR
parsing under a black-box setting using beam-
search candidates as the sole source of uncertainty.
Although beam decoding is adopted by most pub-
licly available AMR parsers and therefore provides
a consistent evaluation setting across models, the
behaviour of uncertainty under alternative decoding
strategies (e.g., sampling-based or diverse decod-
ing methods) remains unexplored and may yield
different candidate distributions and reliability char-
acteristics.

A second limitation concerns evaluation. Un-
certainty quality in this study is measured using
the PRR alongside existing AMR quality metrics.
However, current AMR evaluation metrics capture
distinct aspects of graph quality and can yield dif-
ferent conclusions about uncertainty, as observed
in our experiments. This suggests that uncertainty-
aware evaluation for AMR remains an open prob-
lem and that future work may benefit from devel-
oping reliability-oriented evaluation protocols that
complement conventional parsing metrics.

Finally, this study focuses on post-hoc uncer-
tainty estimation without modifying parser architec-
tures or training objectives. Integrating uncertainty
directly into AMR parser training and decoding
may further improve reliability.
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Algorithm 1: Black-box Uncertainty Esti-
mation for AMR Parsing

Input: Dataset D = {(s;,9;)}iz1, parser P, beam
size k

Output: PRR PRR € R

foreach (s;,g;) € D do

Generate k beam candidates via beam search;

P(si) = {g",..., g™}

Compute pairwise candidate similarity matrix;

Ci=

Si = Fum(Ci) € RMF,

[Silji € [0,1]
UE methods;

LexSi
ul exSim _

5 S ROUGE((”, ),

k( J#l ”
2
DegMat __ _ .
wit =1 k(k—l);[szbl’
1 k
W = E 30 -1
% ) % o\ 1/2
Ecc
(e ke )

Higher w; indicates greater uncertainty;
Compute prediction quality against the gold
graph;

qi = fqual(gz(l)vg;) €ER

Construct uncertainty and quality vectors;

u = (ui,...,u,) €R", q=1(q1,...,qn) ER"

Sort by increasing uncertainty (71 = least uncertain);

7 = argsort(u) € Z"

At rejection rate «, remove | an | most uncertain
predictions and compute remaining mean quality;

n—|lan]

e X

Compute area under the prediction—rejection curve;

Qa) =

1
AUCPR:/ Q(a) da
0

Normalise against oracle and random baselines;

AUCPRunc — AUCPRandom

PRR - AUCPRoracle - AUCPRrandom

return PRR

A Algorithm

A.1 Algorithm

Algorithm 1 summarises the complete procedure.

A.2 Computational Complexity

The dominant cost of the proposed framework
is pairwise similarity computation, which re-
quires O(k?) graph comparisons per sentence.
Alignment-based metrics (Smatch, Smatch++,
S2Match) scale as O(|V|?r) per comparison,
where |V| is the number of graph nodes and r
the number of alignment restarts; SEMA scales
as O(|V| + |E|); and WLK scales as O(|V||E|h),
where |E| is the number of edges and h the number
of Weisfeiler—Lehman iterations. The overall run-
time across P parsers, B beam configurations, and
N sentences is therefore O(P - B - N - k2. Csim),
where Csi, denotes the per-comparison cost of the
chosen metric. Uncertainty estimation adds neg-
ligible overhead: DEGMAT and EcCC operate in
O(Nk?), EIGV in O(NE?), and PRR evaluation
in O(N log N) per estimator—metric pair. To avoid
redundant computation, all pairwise similarity ma-
trices are cached as compressed . npz arrays after
the first computation.

B Experiment Setup

This Appendix provides implementation details re-
quired to reproduce all experiments.

B.1 Dataset

Experiments are conducted on the AMR 3.0
(https://catalog.ldc.upenn.edu/
LDC2020T0@2) test set containing 1,898 sentence—
graph pairs. Each example consists of an input
sentence and its corresponding gold AMR graph
represented in PENMAN notation. All uncertainty
estimation experiments are performed on parser
outputs generated from this test split.

B.2 AMR Parsers

Six publicly available AMR parsers are evaluated
in this study. All experiments use official imple-
mentations and publicly released pretrained check-
points without modifying model architectures or
retraining.

* SPRING (Bevilacqua et al., 2021) (https://
github.com/SapienzaNLP/spring)


https://catalog.ldc.upenn.edu/LDC2020T02
https://catalog.ldc.upenn.edu/LDC2020T02
https://github.com/SapienzaNLP/spring
https://github.com/SapienzaNLP/spring

e IBM-Parser (Fernandez Astudillo et al.,
2020) (https://github.com/IBM/
transition-amr-parser)

* MBSE (Lee et al., 2022) using checkpoint:
amr3joint_ontowiki2_g2g-structured-bart-
large-seed44, loaded through the IBM
implementation (https://github.com/
IBM/transition-amr-parser).

e IBM-Neural (Drozdov et al., 2022) using
checkpoint:  amr3.0-structured-bart-large-
neur-al-seed42, loaded through the IBM
implementation (https://github.com/
IBM/transition-amr-parser).

¢« HMG-AMR-T5 (Sataer et al., 2024)
(https://github.com/YIKMAT/HMG-AMR/
tree/main/HMG-AMR(T5))

¢ HMG-AMR-BART (Sataer et al.,, 2024)
(https://github.com/YIKMAT/HMG-AMR/
tree/main/HMG-AMR(Bart))

For reference, two instruction-tuned LLM base-
lines (Qwen3-32B and Ministral-14B) were addi-
tionally evaluated using direct AMR generation
without task-specific training using the transformer
library (Wolf et al., 2020). Due to substantially
lower performance on AMR 3.0 as shown in Ta-
ble 3 and the absence of dedicated AMR parsing
capability, these models were excluded from uncer-
tainty estimation experiments.

B.3 Similarity Construction and Evaluation

Pairwise candidate similarity matrices S; € R¥**
are constructed using four AMR-specific similarity
metrics:

e Smatch (Cai and Knight, 2013):
https://github.com/flipz357/
amr-metric-suite

» S2Match ~ (Opitz et al,  2020):
https://github.com/flipz357/
amr-metric-suite

 SEMA (Anchiéta et al., 2019):
https://github.com/flipz357/
amr-metric-suite

¢ WLK (Opitz et al., 2021):

https://github.com/flipz357/
weisfeiler-leman-amr-metrics

Prediction quality for PRR evaluation is mea-
sured using three metrics:

* Smatch++ (Opitz, 2023): https://github.
com/flipz357/smatchpp.git

e S?Match ~ (Opitz et al.,  2020):
https://github.com/flipz357/
amr-metric-suite

* SemBLEU (Song and Gildea, 2019):

https://github.com/freesunshine@316/
sembleu

B.4 Uncertainty Estimation and Evaluation

Uncertainty is estimated using one lexical and three
graph-based approaches:

e LEXSIM (Kuhn et al., 2023): estimates uncer-
tainty from mean pairwise ROUGE-L simi-
larity across beam candidates; lower lexical
overlap indicates greater candidate diversity
and higher uncertainty.

e EIGV (Lin et al., 2024): constructs a similar-
ity graph over candidates and measures uncer-
tainty from the eigenvalues of the normalised
Laplacian; larger eigenvalue deviations from
one indicate weaker graph connectivity and
greater candidate disagreement.

* DEGMAT (Lin et al., 2024): measures uncer-
tainty as the complement of the normalised
total pairwise similarity; a lower sum of
edge weights in the similarity graph indicates
higher uncertainty.

* Ecc (Lin et al., 2024): embeds each candidate
in the Laplacian eigenspace and measures un-
certainty as the spread of embeddings around
their centroid; a larger Frobenius norm indi-
cates greater candidate dispersion and higher
uncertainty.

Prediction quality for PRR evaluation is
measured using Smatch++ (Opitz, 2023),
S2Match (Opitz et al., 2020), and SemBLEU (Song
and Gildea, 2019). Uncertainty quality is evaluated
using the PRR (Malinin et al., 2017).

B.S Hardware and Runtime

All uncertainty estimation and PRR calculations
were performed in a CPU-only environment with-
out GPU acceleration. Each job was allocated 4
CPU cores and 64 GB of RAM.
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Runtime
~89,000-90,000 s (/25 h)

~22,000 s (=6 h)
>150 h wall-clock

Configuration

Per parser (all beams)
Per parser per beam
Full experiment (6 parsers)

Table 2: Hardware allocation and observed execution
time were measured from job logs.

Parser Smatch
SPRING (Bevilacqua et al., 2021) 0.8449
MBSE (Lee et al., 2022) 0.8374
HMG-AMR-BART (Sataer et al., 2024) 0.8358
IBM-Parser (Fernandez Astudillo et al., 2020)  0.8128
IBM-Neural (Drozdov et al., 2022) 0.8115
HMG-AMR-TS5 (Sataer et al., 2024) 0.7693
Qwen3-32B (Yang et al., 2025) 0.1214
Ministral-14B (Liu et al., 2026) 0.0897

Table 3: Top-1 AMR parsing performance measured
using Smatch.

Table 2 reports the observed runtime measured
from execution logs. Generating beam candidates
and computing uncertainty metrics required approx-
imately 25 hours per parser across all beam sizes
(k € {3,5,8,10}). Processing a single beam con-
figuration required approximately 6 hours. Run-
ning the complete evaluation pipeline across all six
parsers took approximately 150 hours of wall-clock
time.

C Additional Results

This section presents additional analyses support-
ing the claims in the main paper, including parser-
level performance comparisons, the correlation be-
tween AMR parsing quality and uncertainty esti-
mation, and the stability of uncertainty estimators
under varying beam sizes.

C.1 AMR Parsing Performance

Table 3 reports parser Smatch score performance on
the gold dataset reproduced using the publicly re-
leased implementations and default hyperparameter
settings provided in the original papers. To ensure
consistent comparison across parsers, all results
are evaluated before BLINKification. Under this
setting, SPRING achieves the highest parsing ac-
curacy (0.8449), followed by MBSE (0.8374) and
HMG-AMR-BART (0.8358), indicating that recent
encoder—decoder approaches remain highly com-
petitive for AMR generation. IBM-Parser and IBM-
Neural obtain comparable performance around 0.81
Smatch, whereas HMG-AMR-T5 shows lower ac-
curacy relative to other specialised AMR parsers.
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For reference, two instruction-tuned LLLM base-
lines (Qwen3-32B and Ministral-14B) are addition-
ally evaluated using direct AMR generation with-
out task-specific training and exhibit substantially
lower performance, highlighting the difficulty of
generating valid AMR structures through general-
purpose language modelling alone. Due to their
poor performance on the AMR 3.0 test set, these
models are excluded from subsequent analysis.

C.2 Relationship Between Parsing
Performance and Reliability

Figure 4 examines whether AMR parsing accuracy
translates into more reliable uncertainty estimates.
Each point represents a parser—beam combination
(6 parsers x 4 beam sizes = 24 points per panel),
where the x-axis shows the parser’s fixed top-1
Smatch accuracy and the y-axis shows mean PRR
averaged across all 13 uncertainty estimators for
that parser and beam size. Because Smatch accu-
racy is fixed per parser, the four points per parser
are stacked vertically, reflecting how PRR varies
across beam sizes at the same accuracy level.

Across all evaluation metrics, a moderate pos-
itive relationship is observed (p 0.388 for
Smatch++, p = 0.317 for S?Match, and p
0.360 for SemBLEU), indicating that parsers with
stronger top-1 accuracy tend to achieve higher
mean PRR across beam configurations. How-
ever, the correlations confirm that accuracy alone
does not fully determine the quality of uncertainty.
Parsers with comparable Smatch scores often oc-
cupy different vertical regions of the PRR space,
suggesting that beam decoding behaviour and ar-
chitectural design also independently influence re-
liability, beyond accuracy.

The vertical spread of points within each parser
further illustrates the effect of beam size on un-
certainty quality: some parsers maintain stable
PRR across beams, while others experience sub-
stantial degradation as beam size increases, rein-
forcing the findings from RQ2. Finally, the varia-
tion in p across evaluation metrics indicates that the
strength of the performance—uncertainty relation-
ship depends on how prediction quality is defined,
consistent with the findings reported in RQ3.

Overall, parser accuracy provides only a partial
explanation of uncertainty quality, and reliability
emerges as a complementary evaluation dimension
that is not captured by conventional AMR parsing
metrics alone.



PRR vs Parser Accuracy (Smatch) — Does better accuracy mean better UE?
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Figure 4: Relationship between parser accuracy (Smatch) and uncertainty quality (PRR) across beam sizes and

evaluation metrics.
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Figure 5: Mean PRR of uncertainty estimators across beam sizes aggregated over all parsers. Stable estimators

exhibit less variation in performance across beam sizes.

C.3 Uncertainty Estimator Stability Across
Beam Sizes

Figure 5 reports the mean PRR aggregated across
all six parsers for each uncertainty estimator and
beam size, directly supporting RQ2. The over-
all pattern is consistent with the main results:
uncertainty-estimation reliability is highest at k =
3 and generally declines as the beam size increases,
with the sharpest drops occurring between k = 5
and k = 8.

Degradation rates differ markedly across estima-
tors. ECC-based methods start among the strongest
at k = 3, with ECC-S?MATCH reaching 0.345 un-
der S?Match, yet show the steepest decline, falling
to 0.141 at k = 10. EIGV variants follow a similar

trajectory, dropping from approximately 0.30-0.34
at k = 310 0.14 - 0.20 at k¥ = 10, depending on
the metric. Thus, both estimator families show sub-
stantial degradation in reliability as the beam size
increases.

In contrast, LEXSIM is the only estimator whose
mean PRR increases with beam size, rising from
0.149 to 0.171 under Smatch++ and from 0.187
to 0.215 under S?Match, suggesting that its un-
certainty estimates are less sensitive to increasing
candidate diversity. Among graph-based meth-
ods, SEMA-based variants show greater robustness:
DEGMAT-SEMA retains PRR values of 0.182 and
0.220 at k& = 10 under Smatch++ and S2Match, re-
spectively, substantially outperforming other graph-
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UE Method Pairwise Correlation (Spearman p) — Smatch++
across 6 parsers x 4 beams
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Figure 6: Pairwise Spearman correlation between uncertainty estimators evaluated using Smatch++. Graph-based
estimators exhibit strong agreement, while LEXSIM captures a distinct uncertainty signal.

based methods at larger beam sizes.

Notably, S?Match consistently yields higher
mean PRR than Smatch++ across all estimators and
beam sizes. For example, EIGV-S2MATCH obtains
0.335 compared with 0.301 at k£ = 3. This indi-
cates that the observed effect of increasing beam
size also depends on how prediction quality is mea-
sured, with S?Match generally producing stronger
uncertainty-reliability scores in this analysis. Over-
all, moderate beam sizes (k = 3 to k = 5) provide
the strongest trade-off between candidate diversity
and uncertainty-estimation reliability.

C.4 Agreement Between UE

Figures 6, 8, and 11 report pairwise Spearman cor-
relations between uncertainty estimators across all
parser and beam configurations. These results pro-
vide additional evidence for RQ3 by examining
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whether uncertainty estimators produce consistent
rankings under different evaluation metrics.

Across all metrics, EIGV, DEGMAT, and Ecc
exhibit consistently strong mutual agreement. Un-
der Smatch++, most pairwise correlations exceed
p = 0.87, with estimators using the same sim-
ilarity function approaching near-perfect agree-
ment (e.g. EIGV-SMATCH and DEGMAT-SMATCH:
p = 1.00). Agreement is similarly high under
S2ZMatch, where several pairs reach p = 1.00, and
remains strong under SemBLEU (p > 0.85 for
most graph-based pairs). This indicates that graph-
based estimators generally preserve similar uncer-
tainty rankings, although their agreement depends
on the similarity function used.

In contrast, LEXSIM shows substantially weaker
correlation with graph-based estimators across met-
rics. Under Smatch++, correlations range from



SPRING IBM -Parser HMG-T5 HMG-BART MBSE IBM-Neural

UE Method S++ SB S++ SB S++ SB S++ SB S++ SB S++ SB

LexSim 0.2209 0.1695 0.2660 0.1615 -0.0395 -0.0904 0.0858 0.0395 0.2294 0.1332 0.2659 0.1685
EigV-Smatch 0.1956 0.1421 0.2218 0.1251 -0.0838 -0.1199 0.0756 0.0359 0.1871 0.0802 0.2325 0.1431
EigV-S2match 0.1912 0.1322 0.2319 0.1232 -0.0794 -0.1176 0.0751 0.0330 0.1931 0.0752 0.2448 0.1473
EigV-SEMA 0.2504 0.2254 0.1919 0.1302 0.0334 -0.0060 0.1080 0.0811 0.1666 0.0859 0.1945 0.1328
EigV-WLK 0.2469 0.2231 0.1807 0.1243 0.0348 -0.0002 0.0605 0.0512 0.1555 0.0811 0.0000 0.0000

DegMat-Smatch ~ 0.1971 0.1438 0.2220 0.1250 -0.0826 -0.1183 0.0776 0.0380 0.1878 0.0807 0.2328 0.1434
DegMat-S2match  0.1925 0.1336  0.2321 0.1234 -0.0755 -0.1141 0.0772 0.0351 0.1942 0.0763 0.2452 0.1477
DegMat-SEMA  0.2709 0.2465 0.1984 0.1353 0.0685  0.0232 0.1369 0.1091 0.2061 0.1334 0.2104 0.1472
DegMat-WLK 0.2510 0.2275 0.1814 0.1248 0.0419 0.0074 0.0643 0.0550 0.1580 0.0832 0.0000 0.0000

Ecc-Smatch 0.1853 0.1311 0.2051 0.1023 -0.1136 -0.1452 0.0268 -0.0176 0.1101 0.0073 0.1768 0.1075
Ecc-S2match 0.1817 0.1222 0.2034 0.1011 -0.1117 -0.1477 0.0231 -0.0251 0.1085 0.0035 0.1850 0.1102
Ecc-SEMA 0.1800 0.1506 0.1471 0.0911 -0.0207 -0.0547 0.0271 -0.0015 0.1041 0.0385 0.1542 0.1117
Ecc-WLK 0.1821 0.1513 0.1601 0.0981 -0.0089 -0.0449 0.0168 -0.0104 0.0824 0.0104 0.0000 0.0000

Table 4: PRR at beam size £k = 10 for all uncertainty estimation methods across parsers and quality metrics
(Smatch++ (S++) and SemBLEU (SB)). Higher PRR indicates better alignment between uncertainty estimates
and prediction quality. Green cells denote the best-performing uncertainty estimator within each parser—metric
pair. Consistent with the main findings, SPRING achieves the strongest overall reliability, while DEGMAT-SEMA
frequently emerges as the most effective graph-based uncertainty estimator at larger beam sizes.

PRR vs Beam Size — SemBLEU
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Figure 7: Parser-level PRR as a function of beam size evaluated using SemBLEU. Each subplot corresponds to one
parser and compares uncertainty estimators across beam sizes.

p = —0.16 (EIGV-WLK) to p = 0.31 (DEGMAT-  EIGV-S?MATCH obtains 0.335 compared with
SEMA), while under SemBLEU they decrease  0.301 at K = 3. Under SemBLEU, WLK-based
to as low as p = —0.14 (DEGMAT-WLK). This  estimators show stronger agreement with other
indicates that lexical overlap captures an uncer-  graph-based methods (p > 0.85), reducing the
tainty signal that differs substantially from struc-  separation between estimator families observed un-
tural graph agreement, and that the degree of this  der Smatch++ and S?Match. Overall, these results
difference varies with the evaluation metric. show that changing the evaluation metric can alter
Metric-dependent differences are also observed ~ both uncertainty reliability and agreement between
in the PRR results. Figure 5 shows consistently  estimators, indicating that no single metric provides
higher mean PRR under S?Match than Smatch++  a complete view of uncertainty reliability.
across estimators and beam sizes; for example,
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UE Method Pairwise Correlation (Spearman p) — S2match
across 6 parsers x 4 beams

0.30

1.00

0.31

LexSim

EigV-Smatch -

EigV-S2match -

EigV-SEMA -

EigV-WLK - -0.

DegMat-Smatch

DegMat-S2match -

DegMat-SEMA -

DegMat-WLK - -O-

Ecc-Smatch A

Ecc-S2match A

Ecc-SEMA -

Ecc-WLK - -0-

0.31 0.31 0.23 -0.01

1.00

0.75

0.50

I 0.00

Spearman p

I —0.25

-0.50

-0.75

-1.00

Figure 8: Pairwise Spearman correlation between uncertainty estimators evaluated using S?Match.

C.5 Parser Reliability Across Beam Sizes

Figures 7, 9, and 10 visualise parser-level PRR
across beam sizes, with each curve reporting the
mean PRR for a given uncertainty estimator.

SPRING maintains the strongest and most con-
sistent reliability profile across all metrics. Under
Smatch++, PRR remains above 0.18 at k = 10 for
all estimators except ECC, which converges with
others at larger beams. Under S?Match and Sem-
BLEU, SPRING similarly retains positive PRR
across all estimators and beam sizes, confirming its
robustness to candidate expansion.

IBM-Parser is the most stable parser across
beam sizes. Under all three metrics, PRR remains
nearly flat from £ = 3 to k£ = 10, with LEXS1M
consistently outperforming graph-based methods
and remaining the strongest estimator throughout.
IBM-Neural shows a similar stability pattern, with
LEXSIM again achieving the highest PRR at larger
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beams.

HMG-AMR-T5 exhibits the steepest degrada-
tion across all metrics. Under Smatch++, graph-
based estimators drop below zero by k = 8, and
LEXSIM also approaches zero by k£ = 10. Under
SemBLEU, all estimators reach negative PRR at
k = 8 and k£ = 10, indicating that beam candidates
become actively misleading. HMG-AMR-BART
shows similar sensitivity, particularly under Sem-
BLEU, where Ecc drops below zero at k = 10.

MBSE achieves a competitive PRR at k = 3
under all metrics. However, it degrades noticeably
at larger beams, particularly under S?Match where
Ecc falls to =~ 0.12 at k = 10, substantially below
LEXSIM and DEGMAT. Overall, these results rein-
force RQ4: the most reliable parser is the one that
maintains reliable uncertainty estimates as candi-
date diversity increases not the one with the highest
parsing accuracy.



PRR vs Beam Size — Quality: Smatch++
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Figure 9: Parser-level PRR as a function of beam size evaluated using Smatch++. Each subplot corresponds to one
parser and compares uncertainty estimators across beam sizes.
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evaluated using S?Match. Each subplot corresponds to one

parser and compares uncertainty estimators across beam sizes.

C.6 Detailed Uncertainty Estimation Results

Table 4 reports complete PRR results at £ = 10
across all parsers, uncertainty estimators, and evalu-
ation metrics. These results provide a more detailed

view of RQ4 by examining whether the reliability
of a parser is consistent across different uncertainty
estimators at a large beam size. DEGMAT-SEMA
achieves the strongest PRR for SPRING under both
Smatch++ (0.271) and SemBLEU (0.247), and
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UE Method Pairwise Correlation (Spearman p) — SemBLEU
across 6 parsers x 4 beams
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Figure 11: Pairwise Spearman correlation between uncertainty estimators evaluated using SemBLEU.

also leads for HMG-AMR-BART (0.137, 0.109)
and HMG-AMR-T5 (0.069, 0.023). In contrast,
LEXSIM achieves the strongest PRR for IBM-
Parser (0.266, 0.162), IBM-Neural (0.266, 0.169),
and MBSE (0.229, 0.133). Thus, the estimator
providing the most reliable uncertainty signal at
k = 10 varies across parsers, indicating that parser
comparison based on reliability is also influenced
by the interaction between the parser and the un-
certainty estimator.

Ecc-based methods perform weakest overall at
k = 10, with several parsers recording negative
PRR under SemBLEU, such as HMG-AMR-BART
(—0.025) and HMG-AMR-T5 (—0.148). This sug-
gests that eigenspace-based candidate spread be-
comes less informative as beam size increases for
these parsers. Overall, the detailed results show
that although SPRING provides the strongest over-
all reliability, its advantage does not imply that a
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single uncertainty estimator is optimal across all
parsers.
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