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Figure 1: Two example sentences (on the left) annotated with cross sentential identity chain (red) and implicit
relation (blue) and the corresponding merged representation (on the right) as per (O’Gorman et al., 2018)

2 Multi-Sentence AMR Corpus

Multi-Sentence AMR corpus (henceforth MS-
AMR) is part of AMR3.0 release and was intro-
duced by O’Gorman et al. (2018). While a number
of works have used document-level AMR graph
creation for downstream tasks such as summariza-
tion (Liu et al., 2015; Lee et al., 2021), it is the only
dataset currently with manual annotations of AMR
document graphs. It contains 284 documents in its
train split and 9 documents on test split, annotated
over 8027 gold AMRs in total. Out of the 284 train
documents, 43 are annotated twice; in this work we
refer to these double annotation documents as our
development set.

Coreference chains were annotated as clusters
of coreferent nodes in gold AMR graphs, rather
than as coreferent spans of text: this is what allows
evaluation with Smatch. Such an annotation also
precludes evaluation of system predictions using
more traditional coreference evaluations, as there is
no notion of mention spans to use when comparing
mentions.

The MS-AMR corpus also annotated implicit re-
lations, as shown in the blue ARG4 edge in figure 1,
whenever a numbered argument of a predicate was
semantically identifiable in another sentence. Simi-
larly, the MS-AMR corpus annotates bridging men-
tions, such as part-whole or set-member relations.
Both implicit relations and bridging relations can
be seamlessly added as cross-sentential edges.

Coreference chains form the majority of cross-
sentential relations annotated in MS-AMR. Unlike
implicit and bridging relations, there is no straight
forward way of incorporating coreference chains
into a multi-sentence AMR graph. Next section
discusses the challenges involved and proposes a
solution.

3 Document-level AMR Representation

As discussed in the past section, majority of MS-
AMR annotations take the form of coreference
chains over sentence-level gold AMR graphs. In
this work, we propose a representation DOCAMR
that incorporates these chains into multi-sentence
AMR graphs. The motivation for having such a
representation is two-fold. First, representing a
multi-sentence document as a single AMR graph
will allow downstream applications to treat the
whole document as single entity, much like the
AMR graphs for sentences. Second, it is crucial
to have a consistent representation for the purpose
of evaluating MS-AMR predictions. Smatch – the
standard evaluation metric for AMR – operates
over graphs. We can use this metric for MS-AMR
evaluation only if the system outputs and the gold
graphs adhere to the same document-level graph
representation.

Intrasentential coreferences in sentence-level

AMR are annotated with what one might call man-

ual full merge – i.e., given multiple mentions in
the same sentence (such as a named entity and a
pronoun), a human annotator would pick a single
informative mention, and merge all other informa-
tion into the root of the subgraph representing that
mention. Language being efficient, it is very rare
for multiple non-reduced mentions to occur in the
same sentence, therefore it was a trivial task for
human annotators. MS-AMR human annotations
do not perform manual merge – they only indicate
the nodes in multiple existing sentence-level graphs
that participate in a coreference cluster.

3.1 Why Not Merge All Coreferent Nodes?

The pioneering work on MS-AMR (O’Gorman
et al., 2018) that introduced the annotations, also

o Mul$-Sentence AMR corpus annotates
rela$ons between the nodes of different
sentence-level graphs within a document.

o Three types of rela$ons are annotated:
- Coreference Chains
- Implicit Roles
- Bridging Rela$ons

o Annota$ons connect exis$ng sentence
level graphs … No unified document-level
representa3on.

Representa$on: DOCAMR
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Figure 3: Our proposed DOCAMR representation ap-
plied to the bottom example from Figure 2. For the
identity chain between he and fellow, the pronoun is
dropped indicated in dotted gray and the links are trans-
ferred to the non-pronominal node. For the identity
chain between favor, give-01 and help-01, merging
is deemed potentially lossy – instead a coref-entity
node is introduced and all nodes in the chain are linked
to it via :coref edge. This not only preserves the mean-
ing without loss but also avoids preferential treatment
of any content node in the chain.

Treatment of Pronominal Nodes: Sentential
AMR incorporates pronouns as concepts only as a
fallback if there is no contentful antecedent within
the same sentence. We extend this philosophy to
pronominal nodes whose antecedent can be found
in another sentence. That is, all pronominal nodes
participating in an identity chain cluster with an
antecedent are replaced by the chain-entity node,
removing the pronominal concepts from the graph.
Pronominal concepts are retained only if there is
no content antecedent to be found. For an iden-
tity chain with exclusively pronominal nodes, no
chain-entity node is needed; they are simply
merged into one node, which is labeled with the
most specific pronoun concept in the chain (e.g.,
“he” is considered more specific than “someone”).
As a special case, if a heterogeneous pronoun chain
(with multiple pronouns) refers to a participant in
a dialogue – indicated by the concept i or you – a
new interlocutor-entity node is introduced and
all pronouns are merged into that to account for dif-
ferent perspectives taken in different utterances.

A notable consequence of discarding pronoun
concepts is that, correct antecedent resolution is
required in order for any roles in which the pronom-
inal mention participates, to be counted as correct.
Systems could struggle with long chains of pro-
nouns, especially if the first in the chain is resolved
to the wrong antecedent and this causes cascad-
ing errors. That said, we believe representing the
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Figure 4: Various scenarios of merge operations in
DOCAMR: (a) Merging first and second person pro-
nouns in a dialogue into interlocutor-entity (b)
Merging named entities with multiple forms, keeping
all distinct forms under separate name nodes (c) Drop-
ping pronominal nodes and replacing them with the
named entity in the chain Nodes of the same color be-
long to the same sentence-level AMR. Dotted gray in-
dicates dropped nodes and edges.

wrong substantive entity as participating in a rela-
tion is a serious error, no less so when a system
correctly clusters a group of pronouns but fails to
resolve their antecedent correctly.
Discard Single Node Clusters: After creating
a document-level graph per the rules outlined
above, we perform a final step of removing any
coref-entity nodes with one :coref edge, and re-
place references to that node with its only member
node. This can happen if there is a cluster with one
non-pronominal concept and one or more pronouns

A standard for merging sentence-level AMR
graphs into a single document-level graph
based on MS-AMR coreference annota$ons
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wrong substantive entity as participating in a rela-
tion is a serious error, no less so when a system
correctly clusters a group of pronouns but fails to
resolve their antecedent correctly.
Discard Single Node Clusters: After creating
a document-level graph per the rules outlined
above, we perform a final step of removing any
coref-entity nodes with one :coref edge, and re-
place references to that node with its only member
node. This can happen if there is a cluster with one
non-pronominal concept and one or more pronouns

I have a favor to ask on behalf of smartie.uk ….
… be kind enough to give him a lift southwards?
If anyone is willing to help out a fellow hipforumer
please get in touch!

Principles:
o Preserve seman$c content
o Adhere to sentence-level conven$ons
o Do not use complicated heuris$cs
o Do not arbitrarily make any member of 

the chain represent the whole chain

q Use coref-entity to represent chains
q Merge Named En$$es
o Merge names
o Preserve name varia$ons
o Use most specific type

q Drop Pronouns
o Pronoun only chains are merged into 

most specific pronoun
o Pronouns in a dialogue are merged into 
interlocutor-entity

o In other cases, pronouns are merged 
into non-pronominal antecedent
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Evalua$on: DocSmatch

MS-AMR Splits Double Anno. (Dev1) Double Anno. (Dev2) Test

AMR Coref Smatch Coref Reent Smatch Coref Reent Smatch Coref Reent

Gold None 87.6 0 72 88.6 0 73 86.4 0 72
Gold CoreNLP 89.7 34 76 90.6 35 78 90.6 47 80
Gold AllenNLP 90.5 40 78 91.0 41 79 91.3 53 82

(Anikina et al., 2020) - - - - - - 44.3 17 21

S-BART None 67.1 0 53 67.8 0 53 67.5 0 55
S-BART CoreNLP 68.7 28 57 69.3 29 57 71.3 43 63
S-BART AllenNLP 69.4 33 59 69.8 34 59 72.0 50 65

Table 2: Document-level Smatch, coreference sub-scores (Coref) and reentrancy scores (Reent) on MS-AMR
double annotations (Dev1 and Dev2) and test splits – using various combinations of gold and predicted AMR
graphs with predicted coreferences from CoreNLP (Clark and Manning, 2016) and AllenNLP (Joshi et al., 2020).

Impl. Original DOCSMATCH

Split R Time Smatch Time Smatch

Dev1 4 - - 244 69.4
Dev2 4 - - 136 69.8
Test 4 - - 417 72.0

Dev1 1 927 69.5 66 69.3
Dev2 1 945 69.8 41 69.7
Test 1 1314 71.3 104 72.0

Table 3: Comparison of Smatch scores and runtimes
(in seconds) between the original Smatch implemen-
tation (Original) and our proposed implementation
(DOCSMATCH). All results are on our best performing
pipeline system. R is the number of random restarts.
‘Original’ Smatch runs out of memory for R>1.

(Joshi et al., 2020). We also provide the pipeline
results with CoreNLP’s neural coreference resolu-
tion system (Clark and Manning, 2016) v4.3.2 for
additional point of comparison. Second, we reeval-
uate the past best system of Anikina et al. (2020)
– this is also a pipeline approach combining AMR
parser of (Lindemann et al., 2019) with AllenNLP
coreference resolution system.6

5.1 Our Pipeline Approach
We use the BART-based structured transformer
model of Zhou et al. (2021) to produce sentence-
level AMR graphs. In particular, we use the
StructBART-S version of their system referred to as
S-BART in table 2. This parser produces node-to-

6We obtained the document-level graphs before merge
operations from Anikina et al. (2020) for the purpose of re-
evaluation in DOCAMR format.

token alignments as part of its output – we use these
alignments to match coreference systems’ outputs
with AMR graphs. Text-based coreferences are ob-
tained using the systems of Joshi et al. (2020) and
Clark and Manning (2016). Coreference chains are
computed from these prediction files.7

In order to incorporate this coreference informa-
tion into the AMR graphs, we first convert node-
to-token alignments into node-to-span alignments.
The span of a node is defined as the smallest text
span containing all the tokens aligned to any of its
descendants (to avoid loops, re-entrant edges are
removed keeping only the first). With node-to-span
alignments, a predicted mention is assigned to the
node with the shortest span containing the mention.
If there is more than one candidate node, the one
with the greatest height, subsuming the other can-
didates is selected. Instances of coreference within
a sentence are ignored assuming that the sentence-
level parser has already taken care of them.

5.2 Results
Table 2 shows the results on MS-AMR double an-
notation documents (used here as development set)
and its test split. Both gold and predicted AMR
graphs are converted to DOCAMR before running
Smatch evaluation. All numbers are produced us-
ing document-level Smatch with 4 random restarts.

Our pipeline approach outperforms the previous
best system by a large margin, providing a strong
baseline for future research on this task. This is due
mainly to difference in quality of the underlying
sentence-level parsers.

7Using the package https://github.com/boberle/
corefconversion
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If there is more than one candidate node, the one
with the greatest height, subsuming the other can-
didates is selected. Instances of coreference within
a sentence are ignored assuming that the sentence-
level parser has already taken care of them.

5.2 Results
Table 2 shows the results on MS-AMR double an-
notation documents (used here as development set)
and its test split. Both gold and predicted AMR
graphs are converted to DOCAMR before running
Smatch evaluation. All numbers are produced us-
ing document-level Smatch with 4 random restarts.

Our pipeline approach outperforms the previous
best system by a large margin, providing a strong
baseline for future research on this task. This is due
mainly to difference in quality of the underlying
sentence-level parsers.

7Using the package https://github.com/boberle/
corefconversion
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Document Level AMR Parser
Train Dev1 Dev2

Nodes in chains 12513 1241 1141

Pronouns in chains 4456 433 423� Pronoun 1029 141 121� Interlocutor-entity 773 66 90� Other node 1494 140 118� Coref-entity 1160 86 94

NEs in chains 2917 224 205
NEs merged 903 85 84

Table 1: Statistics on DOCAMR merge operations.
Top row shows the total number of un-merged nodes
in all identity-chains. Middle section shows the total
number of pronominal nodes in identity-chain and the
numbers of different target node types they are merged
into. Most pronouns are dropped only about one fourth
– in pronoun-only chains – are merged into one of the
pronouns in the chain. Bottom sections shows number
of Named Entities in chains before and after merging.

that got deleted. It can also happen if a cluster had
multiple names that were merged. This simplifica-
tion will discard superfluous coref-entity nodes.
It would make alignment faster for Smatch that
uses surface form matching during initialization.

3.4 The Roads not Taken
In an attempt to adhere to the sentence-level AMR
conventions (principle 1 in §3.2) to a greater extent,
we considered merging all non-predicate nodes par-
ticipating in a cluster – keeping the most specific
one. This required heuristics and even manual in-
put on deciding the most specific instances, we
therefore did not take that route.

A less complicated version of this would have
been merging only those nodes that have the same
concept. However, even if a concept recurs, the
different mentions may have different modifier-
s/arguments that may collide and make merging
problematic. Merging only concepts with the same
modifiers could place outsize importance on the
attachment of modifiers by the parser. We opted
for the simplest approach of not performing any
merging of non-name, non-pronominal nodes.

We also considered an alternative representa-
tion where, similar to DOCAMR, all nodes par-
ticipating in a coreference cluster are connected
to a coref-entity – but unlike DOCAMR, the
parents of all participating nodes now point to
the coref-entity. In other words, all mention
nodes are clustered (via :coref edge without any

merge) under coref-entity along with their de-
scendent sub-graphs, but the coref-entity nodes
sit between the mention nodes and their sentence-
level parents. This flipped version of DOCAMR
makes dense connections at document level mak-
ing Smatch more sensitive to coreference errors.
However, this often results in multiple similar or
identical sub-graphs collected under coref-entity
– with no connection to the corresponding sentences.
Merging these sub-graphs based on the similarity
of their structure will make the final representation
highly dependent on small modifier level differ-
ences. Another significant side effect of this ap-
proach is that due to lack of connection with origi-
nal sentence level graphs, the Smatch algorithm (as
given in §4.1) cannot benefit from sentence align-
ments and becomes prohibitively inefficient.

4 DOCAMR Evaluation

DOCAMR represents MS-AMR annotations of
multiple sentences in the form of one AMR graph.
Ideally, the quality of this graph should be assessed
as single unified entity. Traditional measures of
coreference, such as MUC, CEAF etc., try to align
the gold coreference chains with the predicted ones
based on the shared mentions. In the case of text
based coreference resolution, identifying shared
mentions is trivial since the mentions are anchored
in the input text. AMR, by contrast, is not an-
chored in the text – the nodes of AMR graphs are
not aligned to words. As a result, traditional coref-
erence measures can be applied to AMR only if
the graphs are either identical to the gold graphs or
have been aligned at the node level.

The Smatch algorithm used for evaluation of
AMR parsers is a randomly initialized, greedy, hill-
climbing algorithm. Due to the greedy nature of the
algorithm, multiple random restarts are needed to
get a stable matching score. Moreover, the problem
itself is NP-complete and even its greedy imple-
mentation becomes prohibitively slow as the size
of graph increases. As a result, Smatch in its orig-
inal form is quite inefficient for document-level
AMR evaluation.

4.1 Smatch Evaluation

Smatch (Cai and Knight, 2013) views an AMR
graph as a set of triples, where each triple com-
prises of either a pair of nodes with a relation label
(i.e. edges in the graph) or one node with an at-
tribute and its value (i.e. concepts and attributes).

Dev1 Smatch Time (s)

No-Merge 93.3 66
Merge-NE 92.8 66
DOCAMR 87.6 90
Merge-All 82.4 153

Table 4: Impact of representation on evaluation scores
and runtimes. Comparing double-annotation gold doc-
uments (Dev1) with and without coreference links in
different document-level representations.

Note that significant improvements in corefer-
ence quality result in only small improvements in
overall Smatch score – showing that a separate
coreference subscore is essential for assessing a
system’s performance on cross-sentential relations.
We also report reentrancy scores (Damonte et al.,
2017) for comparison. While the performance gap
is more pronounced in reentrancy scores compared
to overall Smatch, the gains are best highlighted
in coreference subscore. For instance, reentrancy
scores improves by up to 2 points from CoreNLP
to AllenNLP in all settings – coref subscores, on
the other hand, shows up to 7 points improvement
giving a finer range for coreference evaluation.
Impact of Representation on Smatch: To high-
light how document-level representation can affect
Smatch scores and efficiency, we compare the gold
double-annotation development set with and with-
out coreference links. In addition to DOCAMR
we consider three representations: 1) No-Merge:
where all coreference nodes are linked via coref-
entity without any merging 2) Merge-NE: where
only Named Entities are merged and 3) Merge-All:
where all coreference nodes in a chain are merged
(O’Gorman et al., 2018). One of our aims for DOC-
AMR was to ensure that the lack of coreference
links is visible in the overall Smatch score. Ta-
ble 4 shows that DOCAMR makes this gap bigger
without losing efficiency or semantic information.

6 Related Work

MS-AMR Annotations MS-AMR annotations by
O’Gorman et al. (2018) include coreference chains,
implicit roles and bridging relations. In the con-
text of AMR-based summarization, Lee et al.
(2021) present a novel dataset consisting of human-
annotated alignments between the nodes of paired
documents and summaries to evaluate merge strate-
gies for merging individual AMR graphs into a
document graphs. However, they sought out the

merge operations that can serve as cross senten-
tial coreference in the absence of any annotations
– they only merge nodes with same surface forms,
except for ’person’ nodes. Our work, on the other
hand, outlines a representation for already available
gold annotations, where nodes’ surface forms don’t
match in a large number of cases.

MS-AMR Evaluations and Models O’Gorman
et al. (2018) proposes Smatch as primary method
for scoring MS-AMRs. They also report CoNLL-
F1 relying on Smatch alignments. Adopting the
methods from O’Gorman et al. (2018), Anikina
et al. (2020) presented a comparative evaluation of
various coreference resolution systems over MS-
AMR test sets and document-level Smatch evalua-
tions of machine generated sentence-level AMRs
augmented with coreference predictions from vari-
ous systems. The best approach from their study is
incorporated as a baseline in §5. Fu et al. (2021) in-
troduce an AMR coreference resolution system that
uses graph neural network to model gold sentence-
level AMR graphs for coreference predictions. This
system assumes gold graphs and is not compara-
ble with document-level parsing systems. Use of
gold graphs also alleviates the need for alignments
between gold and predicted graphs for the pur-
pose of evaluation. Bai et al. (2021) constructed
dialogue-level AMR graphs from multiple utter-
ance level AMRs by incorporating inter-sentence
coreference, speaker and identical concept infor-
mation into sentence-level AMRs.

7 Conclusion

We have presented DOCAMR, a graph represen-
tation for document-level AMR graphs based on
coreference annotations. Relative to the original
sentence-level graphs, DOCAMR removes redun-
dancy without information loss. We modified the
implementation of Smatch to take advantage of
sentence provenance to efficiently search for node
alignments when comparing two document-level
graphs. Finally, we reported results for a document-
level parsing pipeline that can serve as a strong
baseline for future work on this task.
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