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Abstract

This paper evaluates the ability of Large Lan-
guage Models (LLMs) to leverage contextual
information in the form of structured linguis-
tic representations. Specifically, we examine
the impact of encoding both short and long
contexts using Abstract Meaning Representa-
tion (AMR) structures across a diverse set of
language tasks. We perform our analysis us-
ing 8-bit quantized and instruction-tuned ver-
sions of Llama 3.1 (8B), Phi-3, and Mistral 7B.
Our results indicate that, for tasks involving
short contexts, augmenting the prompt with the
AMR of the original language context often de-
grades the performance of the underlying LLM.
However, for tasks that involve long contexts,
such as dialogue summarization in the SAM-
Sum dataset, this enhancement improves LLM
performance, for example, by increasing the
zero-shot cosine similarity score of Llama 3.1
from 66% to 76%. This improvement is more
evident in the newer and larger LLMs, but does
not extend to the older or smaller ones. In ad-
dition, we observe that LLMs can effectively
reconstruct the original text from a linearized
AMR, achieving a cosine similarity of 81% in
the best-case scenario.

1 Introduction

In recent years, Large Language Models (LLMs)
have achieved remarkable success in numerous nat-
ural language processing (NLP) tasks, such as ma-
chine translation, summarization, and both single-
and multi-hop question answering. However, a
critical challenge remains: assessing their ability
to interpret and utilize meaning from structured
representations that encode language in concise
and abstract forms. Structured semantic representa-
tions of text, such as Abstract Meaning Represen-
tation (AMR) structures and Discourse Represen-
tation Structures (DRS), have consistently proven
effective for reasoning with high-level semantics
in text and enhancing performance in challenging

structure-aware NLP tasks, particularly those in-
volving long contexts. For instance, prior work
has demonstrated that encoding AMR structures
via text-graph attention can improve long-dialogue
summarization performance (Hua et al., 2023).

In this paper, we systematically examine the abil-
ity of several prominent LLMs to interpret AMRs.
In addition, we study how AMR-augmented
prompting (See Fig. 23) and AMR-only prompting
(See Fig. 22) affect model performance on down-
stream tasks, that require a deep understanding of
context, compared to context-only, i.e., language-
only prompting. Unlike previous work, which pri-
marily focuses on developing ad-hoc neural archi-
tectures to either improve text regeneration from
AMRs (Zhu et al., 2019) or enhance performance
on downstream tasks (Hua et al., 2023; Yang et al.,
2024), this study evaluates the ability of LLMs
to directly interpret linearized (flattended) AMRs.
Here, AMR-augmented prompting refers to includ-
ing the linearized AMR of the context in the prompt
to evaluate the model’s ability to improve its under-
standing of the original context with support from
the AMR. AMR-only prompting refers to providing
the LLM with only the linearized AMR, without
the original language context, to assess the model’s
ability to infer meaning directly from these seman-
tic representations. Our key contributions are as
follows:

1. We systematically evaluate the instruction-
tuned versions of prominent LLMs on their ability
to directly leverage linearized AMRs in prompts
for both short- and long-context tasks. These tasks
include AMR-to-text generation, single-hop rea-
soning, 2-hop reasoning, dialogue summarization,
natural language inference (NLI), and document-
level natural language inference (DocNLI).

2. We demonstrate that while AMR integra-
tion tends to degrade performance in short-context
tasks, it can enhance performance in long-context
tasks, an observation that is more profound when
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using larger and more recently developed LLMs.
Additionally, in some downstream tasks, LL.Ms
can work exclusively with linearized AMRs (AMR-
only prompting) to achieve reasonable performance
with few-shot prompting.

3. We show that LLMs can effectively recon-
struct the original context from linearized AMRs,
achieving 81% cosine similarity in the best-case
scenario, highlighting their ability to understand
context from AMRs.

This work provides valuable insights into lever-
aging AMRs to enhance LLM performance on
downstream language tasks, while also identifying
key challenges. We hope that our work will serve as
a guide for comprehensively analyzing other struc-
tured representations, such as Knowledge Graphs
and Discourse Representation Structures, with re-
spect to how they can be interpreted and utilized
by LLMs.

2 Related Work

Existing studies have explored various methods
for generating text from language and knowledge
representation structures, usually by modifying or
improving underlying neural architectures. For in-
stance, approaches like text-graph attention (Hua
et al., 2023) and JointGT (Ke et al., 2021) al-
ter the transformer architecture using structured
cross-attention to better account for graph proper-
ties. Prior studies have also demonstrated enhanced
open-domain dialogue evaluation by fusing graph-
encoded AMRs into LLMs via gating mechanism
(Yang et al., 2024). Others, such as text generation
from knowledge graphs using graph transformers
(Koncel-Kedziorski et al., 2022), use graphical rep-
resentations directly, alleviating the need for graph
linearization. These studies have aimed to enhance
the quality of generated text using AMRs as input
through structure-aware methods, semantic aggre-
gation, and other heuristics.

However, all of these approaches exhibit the
key limitation that the proposed work seeks to ad-
dress. Namely, they focus on modifying model ar-
chitectures or introducing new architectural compo-
nents, such as joint graph-text representations and
heuristic-based conditioning, which can increase
complexity and is less amenable to generalization
across domains, tasks, and structures. In contrast,
we directly evaluate the inherent capability of exist-
ing, general-purpose LLMs to interpret structured
representations like AMR. Moreover, while most

Nﬁm

The  church has  cracks in the  ceiling

Figure 1: An AMR tree for a hypothesis from the SNLI
dataset, The church has cracks in the ceiling, extracted
using the AMR3-structbart-L model via IBM’s transi-
tion neural parser.

prior studies largely sought to improve the quality
of generated text (Dong and Holder, 2014), the pro-
posed work evaluates the opportunities of AMRSs to
represent context for a wide range of downstream
language tasks.

3 Methodology

This section describes AMRs, how they are ex-
tracted from text, and the pipeline for studying their
efficacy in language understanding and reasoning
tasks.

3.1 Abstract Meaning Representation

An Abstract Meaning Representation (AMR)
(Langkilde and Knight, 1998) is a labeled repre-
sentation of sentences as rooted, directed graphs
(See Fig. 1) that capture the semantic meaning of a
sentence by abstracting away from its surface syn-
tax. The most basic AMR takes the form (label /
concept), e.g.

(ml / |dog < canid|)

The slash (/) is shorthand for a type (or instance)
feature, and in logical notation, this AMR might
be written as instance(ml, dog). This AMR can
represent "the dog," "the dogs," "a dog," or simply
"dog." A concept can be modified using keywords:

nn

(m1/|dog < canid|
: quant plural)

This specification refines the meaning to "the dogs"
or simply "dogs." AMR prioritizes the underlying
semantic meaning conveyed by a sentence rather
than the specific words or syntactic structures used.

In this paper, we use the AMR Annota-
tion Release 3.0 dataset (LDC2020T02), devel-
oped by the Linguistic Data Consortium (LDC),
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Figure 2: Process flow for the analysis tasks.

(s / sing-01~3
:ARGO (c / choir~2
:mod (c2 / church~1)
:mod (t / this~@))
:ARG2 (m / mass~6)
itime (s2 / sing-01~9
1ARGO c
:ARG1 (s3 / song~11
:mod (j / joyous~10))
:location (c3 / church~17)
:source (b / book~14)))

Figure 3: Linearized AMR for a premise from the SNLI
dataset, This church choir sings to the masses as they
sing joyous songs from the book at a church, extracted
using the AMR3-structbart-L model via IBM’s transi-
tion neural parser.

SDL/Language Weaver, Inc., the Computational
Language and Educational Research (CLEAR)
group at the University of Colorado, and the Infor-
mation Sciences Institute at the University of South-
ern California. This dataset contains a semantic
tree-bank of over 59,255 English natural language
sentences from sources including broadcast conver-
sations, news-wire articles, weblogs, web discus-
sion forums, fiction, and web text. There is a possi-
bility that the AMRs in this dataset were exposed
in the pre-training of many LLMs, which is why
we also employ the AMR3-structbart-L. and doc-
sen-conll-amr-seed42 models via IBM’s transition-
based neural parser (Drozdov et al., 2022) to parse
contexts from various datasets into document/multi-
sentence-level AMR structures for further analysis.
Linearized representations of AMRs (See Fig. 3)
were fed to the LLMs. Fig. 2 illustrates a general
process flow for all the analysis tasks in this work.

3.2 Tasks

All tasks were approached using zero-shot, 3-shot,
and 5-shot prompting. For all tasks except con-
text regeneration, prompting was done in 3 ways:
context-only, AMR-augmented, and AMR-only.

3.2.1 Context Regeneration (AMR-to-text)

In this task, we evaluate how well LLMs can regen-
erate the original context given its linearized AMR.

Regeneration is conducted using the LDC2020T02
dataset. Fig. 4 illustrates the prompting strategy
for context regeneration.

3.2.2 Question-Answering (QA)

In this task, we evaluate the effectiveness of AMRSs
in enhancing the single-hop and 2-hop reasoning
abilities of LLMs. For single-hop QA, we report
performance on the SQuAD 2.0 dataset (Rajpurkar
et al., 2018). Fig. 5 illustrates the AMR-augmented
prompt used for QA on the SQuAD 2.0 dataset.
For 2-hop reasoning, we report performance on
the HotpotQA dataset (Yang et al., 2018), which
features much longer contexts, as each question in
that dataset is accompanied by 10 documents (2
relevant, 8 irrelevant). Since most of these docu-
ments are distractors, the prompt includes a specific
instruction indicating that some documents in the
context may be irrelevant to the question. Fig. 6
illustrates the AMR-augmented prompt used for
QA on the HotpotQA dataset.

3.2.3 Summarization

In this task, we evaluate the effectiveness of AMRs
in enhancing the dialogue summarization capabil-
ities of LLMs, comparing these summaries to the
gold (expert human-generated) summaries in the
dataset. Fig. 7 illustrates the AMR-augmented
prompt for summarizing conversations in the SAM-
Sum dataset (Gliwa et al., 2019).

3.2.4 Natural Language Inference (NLI)

In this task, we evaluate the effectiveness of AMRs
in enhancing the ability of LLMs to understand
and reason about natural language, specifically, to
determine whether a given claim is supported by
sentences in an evidence document. This involves
identifying if there is an entailment between the
claim (hypothesis) and the supporting evidence
(premise) or if a contradiction exists between them.
We use the SNLI dataset (Bowman et al., 2015),
composed of pairs of short statements, and the Doc-
NLI dataset (Yin et al., 2021), where premises can
span multiple sentences and documents. Fig. 8
illustrates the AMR-augmented prompt for natural
language inference on the SNLI dataset. A similar
prompt was used for DocNLI, with the removal of
the neutral label from the instruction to align with
the binary labels in DocNLI.

Fig. 23 in the Appendix illustrates an example
of a prompt-completion for the 3-shot SNLI entail-
ment prediction task.
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Return the original text of the given Abstract
Meaning Representation (AMR) structures.

AMR: <amr_1>
Text: <text_1>

_>[ <more examples>

AMR: <test_amr>
Text:

{

'

Figure 4: Prompt for regenerating text from AMRs.

Answer the given question based on the context.

If the question can't be answered based on the information in the context,
return "unanswerable".

You will not return anything except the answer.

You may also use the provided linearized Abstract Meaning Representation
(AMR) structure of the paragraph to aid in reasoning.

Context: <context_1>
AMR: <amr_1>
Question: <question_1>
Answer: <answer_1>

I <more examples>

Context: <test_context>
AMR: <test_amr>
Question: <test_question>
Answer:

Figure 5: AMR-augmented prompt for QA on the
SQuAD 2.0 dataset. For context-only prompting (Fig.
15), the final statement from the canary-colored instruc-
tion block is removed, along with the AMRs from the
examples. For AMR-only prompting (Fig. 16), the
instruction is modified so that the LLM considers the
AMR as the context for reasoning, and the original con-
text is removed from the examples.

4 Experimental Settings

Our analysis pipeline involves converting text into
AMR structures and then prompting LLMs to per-
form tasks using those AMRs, either via AMR-
augmented or AMR-only prompting. The baselines
for these tasks are simply the language-only (i.e.,
context-only) prompting results. In this section, we
will describe the experimental setup for the tasks
outlined in Section 3.2.

4.1 Datasets and Splits

In addition to using the LDC2020T02 dataset,
which contains AMRSs of small contexts (sentence-
level AMRs), we also parse contexts from the
SQuAD 2.0, HotpotQA, SAMSum, SNLI, and Doc-
NLI datasets into document-level (multi-sentence)
AMRs using the AMR3-structbart-L and doc-sen-
conll-amr-seed42 models via IBM’s transition-
based neural parser. Note: a document-level AMR
corresponds to a single, continuous document. For
instance, each question in the HotpotQA dataset

Answer the following question using the provided context, which may contain
irrelevant paragraphs.

Ignore irrelevant/distractor paragraphs, identify the relevant paragraphs, then
— return the answer.

You will not return anything except the answer.

You may also use the provided linearized Abstract Meaning Representation
(AMR) structure of the context to aid in reasoning.

Context: <context_1>
AMR: <amr_1>
Question: <question_1>
Answer: <answer_1>

_>[ <more examples>

Context: <test_context>
AMR: <test_amr>
Question: <test_question>
Answer:

Figure 6: AMR-augmented prompt for QA on Hot-
potQA dataset. The context-only (Fig. 19) and AMR-
only (Fig. 20) prompting strategies are similar to those
used in SQuUAD 2.0 reasoning.

Summarize the following conversation in 1-2 sentences.

Ensure the summary captures the core intent, actions, and resolution.

—1 Avoid examples, quotes, or minor details.

You may also use the provided linearized Abstract Meaning Representation
(AMR) structure of the conversation to your aid.

Conversation: <conversation_1>
~=»| AMR: <amr_1>
Summary: <summary_1>

_P[ <more examples> ]

Conversation: <test_conversation>
| AMR: <test_amr>
Summary:

Figure 7: AMR-augmented prompt for summarizing
SAMSum dataset conversations. The context-only (Fig.
17) and AMR-only (Fig. 18) prompting strategies are
similar to those used in SQuAD 2.0 reasoning.

provides up to 10 documents, which may or may
not be related. This setup results in 10 document-
level AMRs.

We use the test splits of LDC2020T02, SAM-
Sum, SNLI, and DocNLI, and the validation splits
of SQuAD 2.0 and HotpotQA for inference. The
few-shot examples are curated from the training
splits of these datasets. We also conduct a fine-
tuning experiment for SAMSum summarization
using its training and validation splits.

4.2 Models

For all tasks, we generate responses truncated at
the first occurrence of a newline character using
8-bit quantized versions of Llama-3.1-8B-Instruct
(Llama3.1) (Grattafiori et al., 2024), Phi-3-mini-
128k-instruct (Phi3) (Abdin et al., 2024), and
Mistral-7B-Instruct-v0.1 (Mistral) (Jiang et al.,
2023). Table 1 outlines the mapping of models
to their respective tasks.
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Premise AMR: <premise_amr_1>

| Hypothesis: <hypothesis_1>
Hypothesis AMR: <hypothesis_amr_1>
Label: <label_1>

1 <more examples> ]

Premise: <test_premise>

Premise AMR: <test_premise_amr>

—»| Hypothesis: <test_hypothesis>
Hypothesis AMR: <test_hypothesis_amr>
Label:

Figure 8: AMR-augmented prompt for natural language
inference on SNLI dataset. The context-only (Fig. 21)
and AMR-only (Fig. 22) prompting strategies are simi-
lar to those used in SQuAD 2.0 reasoning. The 3-shot
examples for SNLI included 1 example of each label,
while the 5-shot examples included 2 examples each
of entailment and contradiction, and 1 neutral example.
For DocNLI, due to an imbalance in the test set (with
more examples of contradiction than entailment), we
included one more example of contradiction than entail-
ment in the few-shot prompts.

We also experiment with rank-32 LoRA (Hu
et al.,, 2021) fine-tuning of the 8-bit quantized
Llama3.1 model for the SAMSum summarization
task. We then compare the performance of this
fine-tuned model against few-shot summarization.

4.3 Evaluation Metrics

Listed below are the evaluation metrics used for
each task, according to their output types.

AMR-to-text and Summarization For these
tasks, we report the ROUGE-1, ROUGE-2,
ROUGE-L, BLEU, and cosine similarity scores
comparing the expected response to the generated
response averaged across all samples. The cosine
similarity between the all-MiniLM-L6-V2 (Wang
et al., 2020) embeddings of the expected response
and the generated response averaged across all sam-
ples is reported as the cosine similarity score.

Question Answering We report F1-score for all
question answering tasks. The F1 is calculated
for each sample based on the number of com-
mon tokens between the expected and generated
responses, then averaged across all samples. This

You are a natural 1 ge inference sy Task Llama3.1 Phi3 Mistral

Analyze the relationship between the premise and hypothesis below. .

You may also use the provided linearized Abstract Meaning Regeneratlon Yes Yes Yes

Representation (AMR) structure of premise and hypothesis to your aid. . .

Return ONLY the label as one word: "entailment", "contradiction", or Summarlzatlon YCS YCS YCS

"neutral", with no explanations. _

Given below are definitions of each label: 1 hOp QA Yes Yes Yes

entailment: The hypothesis must be true if the premise is true. 2_h0p Q A Yes No No

contradiction: The hypothesis must be false if the premise is true.

neutral: Neither relationship above holds. SNLI Yes Yes Yes
) ) DocNLI Yes No No

Premise: <premise_1>

Table 1: Mapping models to the tasks for which they
will be used. Only Llama3.1 is employed for 2-hop QA
and DocNLI due to its ability to handle long contexts
efficiently, which the other models lack.

is operationalized as:

. count of common tokens
Precision =

count of tokens in generated response

count of common tokens
Recall =

count of tokens in generated response

Fle9x Precision x Recall

Precision + Recall
We also report cosine similarity score for this task.
For SQuAD 2.0, we select the best possible match
from the available answer choices for scoring.

Natural Language Inference For SNLI and
DocNLI, we report the macro F1-score of the gener-
ated answers compared to the labels; contradiction,
neutral, entailment for SNLI and contradiction, en-
tailment for DocNLI. The macro F1-score averages
the F1-scores across all classes, thereby accounting
for label imbalance and providing a more compre-
hensive measure of classification performance as
compared to accuracy.

5 Results

All scores presented in the charts and tables are
expressed as percentages. For each task, except
for AMR-to-text, we present the results of the best
performing model in the main paper and report the
remaining results in the Appendix.

For all the zero-shot experiments except AMR-
to-text, 5 different transformer seeds were used to
compute 90% confidence intervals. Similar perfor-
mance was recorded across all seeds for zero-shot
experiments, resulting in narrow confidence inter-
vals. For all the few-shot experiments except AMR-
to-text, 5 distinct sets of examples were curated
from the training set to determine 90% confidence
intervals. All the scores presented in the results and
tables are averaged across different seeds and sets,
if applicable.

177



LDC2020T02 AMR-to-text Cosine Similarity

=2
o
.

~
@
\

~
o
|

[

Cosine Similarity
~
B

~
N
|

Model
—e— Llama3.1
—e— Phi3
—e— Mistral

~
o
\

5

O- s

3
Number of Examples

Figure 9: LDC2020T02 AMR-to-text Cosine Similarity.

5.1 LDC2020T02

Fig. 9 illustrates that Llama3.1 outperforms Phi3
and Mistral in regenerating the original contexts
from the linearized LDC2020T02 AMRs using few-
shot prompting. While Phi3 achieves the best zero-
shot regeneration cosine similarity score (74%), it
becomes the worst performer with few-shot prompt-
ing. With 5-shot prompting, Llama3.1 attains a
cosine similarity score of 81%. Using more than
3 in-context learning examples yields diminishing
returns, as indicated by the marginal improvement
when transitioning from 3-shot to 5-shot prompting.
Detailed results for this task, including additional
regeneration metrics, are provided in Table 2 in the
Appendix.

5.2 SAMSum

Figure 10 illustrates how Llama3.1’s zero-shot sum-
marization cosine similarity score improves from
66% to 76% with AMR-augmented prompting,
compared to context-only prompting. In the few-
shot setting, although the confidence intervals for
context-only and AMR-augmented prompting over-
lap, both the average and maximum cosine similar-
ity scores are higher for AMR-augmented prompt-
ing than for other prompting strategies. This pro-
vides strong evidence that AMRs can enhance the
ability of LLMs, particularly larger and more recent
models, to infer information from long contexts, es-
pecially lengthy dialogues, and to retain key pieces
of information. However, increasing the number
of few-shot examples beyond 3 yields diminishing
returns for both context-only and AMR-augmented
prompting, and it even degrades performance with
AMR-only prompting.

While Llama3.1’s performance improved with

SAMSum Summarization Cosine Similarity Llama3.1

~
e
o

Cosine Similarity

p Prompt
62.5- f Context-only
e AMR-augmented
60.0 - [ AMR-only
0 3 5
Number of Examples

Figure 10: Llama3.1 SAMSum summarization Cosine
Similarity with 90% confidence intervals.

AMR augmentation, Phi3 and Mistral did not ex-
hibit similar gains (Table 4). Mistral was the best
performing model for this task by a small margin,
despite being worse than Llama3.1 in all the other
tasks. Rank-32 LoRA fine-tuning of Llama3.1
achieved a cosine similarity score of 75% with a
context-only input prompt, which increased to 76%
with an AMR-augmented input prompt. This indi-
cates that, although LoRA fine-tuning of Llama3.1
was not any better than few-shot prompting for
SAMSum summarization, it benefited marginally
from AMR augmentation.

53 SQuAD 2.0

Fig. 11 illustrates that Llama3.1’s single-hop rea-
soning F1-score declines with AMR-augmented
prompting compared to context-only prompting
(e.g., from 59% to 52% with 3-shot prompting).
However, both Llama3.1 (Fig. 11) and Mistral
(Table 3) demonstrate a remarkable understand-
ing of AMRs in 3-shot single-hop reasoning, as
indicated by how closely their 3-shot AMR-only
performance approaches the best possible 3-shot
performance for this task. Including over 3 exam-
ples in the prompt results in only marginal perfor-
mance improvements with context-only prompting.
However, with AMR-augmented and AMR-only
prompting, performance deteriorates as the number
of few-shot examples increases to 5. For instance,
Llama3.1 achieved a 48% F1 score with AMR-only
3-shot prompting, which dropped significantly to
26% with AMR-only 5-shot prompting. Detailed
results for this task, including results from other
models, are provided in Table 3 in the Appendix.
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SQUAD 2.0 QA Fl-score Llama3.1
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Figure 11: Llama3.1 SQuAD 2.0 QA F1-score with
90% confidence intervals.

HotpotQA Fl-score Llama3.1

60- /

5]
o

Fl-score
F-Y
[=]

30 -
Prompt

Context-only
. AMR-augmented
20 - AMR-only
0 3 5
Number of Examples

Figure 12: Llama3.1 2-hop HotpotQA F1-score with
90% confidence intervals.

5.4 HotpotQA

Fig. 12 shows that AMR-augmented prompting
in Llama3.1 does not outperform context-only
prompting for 2-hop reasoning on the HotpotQA
dataset. Additionally, across all prompting scenar-
ios, increasing from 3-shot to 5-shot prompting has
insignificant impact on performance. Although this
is a long-context task, the individual documents
within the context are small, resulting in multiple
AMRs of these small documents being stacked to-
gether in the input prompt. This explains why the
observations regarding the effectiveness of AMRs
here differ from those in the SAMSum dataset,
where AMRs were derived from long conversa-
tions and proved more effective in improving task
performance.

5.5 SNLI

Unlike the other tasks, for natural language infer-
ence on the SNLI dataset, Phi3 was the best per-

SNLI Macro Fl-score Phi3

80 - Prompt e ———

Context-only Va
AMR-augmented
AMR-only

70 -

Macro Fl-score

0 3 5
Number of Examples

Figure 13: Phi3 SNLI Macro F1-score with 90% confi-
dence intervals.

forming model by a significant margin, achieving
an 82% macro F1-score with context-only 5-shot
prompting. Fig. 13 shows that AMR-augmented
prompting in Phi3 yields a significantly better zero-
shot macro F1-score (39%) compared to context-
only prompting (27%), which is only slightly better
than AMR-only prompting (25%). However, with
the addition of few-shot examples in the prompt,
context-only prompting achieves the highest macro
F1-score. Detailed results for this task, including
results from other models, are provided in Table 5
in the Appendix.

5.6 DocNLI

The DocNLI experiment was conducted on approx-
imately 13k examples from the DocNLI test split,
which had an 8:5 label imbalance in favor of contra-
diction. This experiment aimed to further validate
observations from prior experiments regarding the
utility of AMRs in long-context tasks. Fig. 14
illustrates that AMR-only prompting achieves the
highest zero-shot macro F1 score of 20%. However,
with 3 few-shot examples, context-only prompting
achieves a macro F1 score of 51%, outperform-
ing the other prompting methods. Both AMR-only
and context-only prompting result in a performance
decline with 5 few-shot examples, while the AMR-
augmented prompting macro F1 score increases.
These results are not only inconsistent with the
SNLI experiment outcome but also deviate from
the trends observed in other long-context tasks.

6 Conclusion

In this study, we investigated the ability of LLMs to
interpret and leverage AMRs. Our findings demon-
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Figure 14: Llama3.1 DocNLI Macro F1-score with 90%
confidence intervals.

strate that AMR-augmented prompting, where the
AMR of the context is included alongside the origi-
nal context, significantly improves zero-shot long-
dialogue summarization for Llama3.1 and notice-
ably improves sentence-level natural language in-
ference for Phi3. The improvement from AMR-
augmented prompting is more significant in SAM-
Sum summarization with Llama3.1, the largest and
most recently developed model among those used
in this study, compared to other models and tasks.
While AMRs did not enhance performance in other
tasks, there was still some evidence that LLMs can
extract meaningful information from AMRs. This
was particularly evident in some of the AMR-only
experiments, where the models achieved reason-
able performance using AMRs alone. Addition-
ally, we conducted rank-32 LoRA fine-tuning of
Llama3.1 on the SAMSum summarization task,
which produced results better than zero-shot but
not as effective as few-shot prompting for both
context-only and AMR-augmented approaches.
Overall, the experiments suggest that AMRs can
assist LLMs in understanding long-term dependen-
cies, key ideas, and events in long texts, as demon-
strated by the zero-shot and few-shot SAMSum
summarization experiments. However, including
linearized AMRs in the prompt appears generally
ineffective for tasks involving short contexts.

7 Limitations

In this work, we aimed to provide a comprehensive
analysis of the impact of linearized AMRs on LLM
performance. However, how these LLMs interpret
AMRs after full fine-tuning on AMR-augmented
and AMR-only tasks remains unclear, as it was out-

side the scope of this study. The only fine-tuning
conducted in this study (LoRA fine-tuning of the 8-
bit quantized Llama3.1) proved less effective than
few-shot prompting. Moreover, the DocNLI long-
context task was evaluated on only a partial test
set. To establish confidence in the results for this
task, the full test split of DocNLI should be eval-
uated. Another limitation of this work is that the
HotpotQA experiments did not incorporate Chain-
of-Thought prompting (Wei et al., 2023), which is
the most commonly used prompting technique for
achieving strong performance on this dataset. This
omission is justified, however, given that Chain-of-
Thought prompting tends to work well only with
models larger than those used in this study.

Our results demonstrate that AMRs improve per-
formance on long-context tasks such as dialogue
summarization but degrade performance on short-
context tasks like single-hop QA. However, we
have not conducted a detailed analysis to iden-
tify the underlying causes. Further investigation
is needed to uncover task-specific factors that con-
tribute to these outcomes.

8 Future Work

There are numerous directions for extending this
work. For instance, approaches such as prompt tun-
ing through soft prompts (Lester et al., 2021), syn-
thetic AMR generation and AMR enrichment (Ji
et al., 2022), or adapter-based parameter-efficient
fine-tuning (Houlsby et al., 2019) can be explored
alongside full fine-tuning of LLMs on AMR-
augmented and AMR-only tasks. This study uti-
lized only one of the most recently developed
LLMs; analyzing other newer models as large as
Llama3.1 or larger could help reinforce the observa-
tions presented in this paper. Additionally, explor-
ing how AMRs or other structured representations
impact retrieval augmented pipelines would be an
interesting avenue for future research. It would also
be interesting to observe how the findings of this
paper change when the models are 4-bit quantized.

The analysis presented in this work can also be
extended to other structured semantic representa-
tions using similar tasks. In particular, evaluating
Discourse Representation Structures (DRS) and
Knowledge Graphs (KG) would be valuable, given
the wide range of tasks for which these representa-
tions are continuously being explored.
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Answer the given question based on the context.

If the question can't be answered based on the
information in the context, return "unanswerable".
You will not return anything except the answer.

Context: <context_1>
—»| Question: <question_1>

Answer: <answer_1>

Context: <test_context>
—»| Question: <test_question>
Answer:

<more examples> ]

Figure 15: Context-only prompt for QA on the SQuAD
2.0 dataset.

Answer the given question based on the context represented
as an Abstract Meaning Representation (AMR) structure.
1 If the question can't be answered based on the information
provided in the AMR, return "unanswerable".

You will not return anything except the answer.

Context AMR: <context_1_amr>
| Question: <question_1>
Answer: <answer_1>

<more examples> ]

Context AMR: <test_context_amr>
—»| Question: <test_question>
Answer:

Figure 16: AMR-only prompt for QA on SQuAD 2.0
dataset.

Wenpeng Yin, Dragomir Radev, and Caiming Xiong.
2021. DocNLI: A large-scale dataset for document-
level natural language inference. In Findings of
the Association for Computational Linguistics: ACL-
IJCNLP 2021, pages 4913-4922, Online. Association
for Computational Linguistics.

Jie Zhu, Junhui Li, Muhua Zhu, Longhua Qian, Min
Zhang, and Guodong Zhou. 2019. Modeling graph
structure in transformer for better AMR-to-text gen-
eration. In Proceedings of the 2019 Conference on
Empirical Methods in Natural Language Processing
and the 9th International Joint Conference on Natu-
ral Language Processing (EMNLP-IJCNLP), pages
5459-5468, Hong Kong, China. Association for Com-
putational Linguistics.

A Appendix

Summarize the following conversation in 1-2 sentences.
1 Ensure the summary captures the core intent, actions, and resolution.
Avoid examples, quotes, or minor details.

Conversation: <conversation_1>
Summary: <summary_1>

‘P[ <more examples> ]

Conversation: <test_conversation>
Summary:

Figure 17: Context-only prompt for summarizing SAM-
Sum dataset conversations.

Summarize the following conversation represented as an Abstract
Meaning Representation (AMR) structure in 1-2 sentences.

Ensure the summary captures the core intent, actions, and resolution.
Avoid examples, quotes, or minor details.

Conversation AMR: <conversation_1_amr>
Summary: <summary_1>

_V[ <more examples> ]

Conversation AMR: <test_conversation_amr>
Summary:

Figure 18: AMR-only prompt for summarizing SAM-
Sum dataset conversations.

Answer the following question using the provided context, which may
contain irrelevant paragraphs.

1 Ignore irrelevant/distractor paragraphs, identify the relevant
paragraphs, then return the answer.

You will not return anything except the answer.

Context: <context_1>
| Question: <question_1>
Answer: <answer_1>

—»[ <more examples> ]

Context: <test_context>
‘—»| Question: <test_question>
Answer:

Figure 19: Context-only prompt for QA on HotpotQA
dataset.

Answer the following question using the provided context with paragraphs
represented as Abstract Meaning Representation (AMR) structures.

There may be irrelevant paragraphs (i.e., irrelevant AMRs) in the context.
Ignore irrelevant/distractor AMRSs, identify the relevant AMRs, then return
the answer.

You will not return anything except the answer.

Context AMR: <context_1_amr>
| Question: <question_1>
Answer: <answer_1>

—>[ <more examples>

Context AMR: <test_context_amr>
—»| Question: <test_question>
Answer:

Figure 20: AMR-only prompt for QA on HotpotQA
dataset.
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Table 2: LDC2020T02 AMR-to-text full results.

Model # Examples | Cosine similarity | ROUGE-1 | ROUGE-2 | ROUGE-L | BLEU
Llama3.1 0 73 55 20 43 6

3 80 63 28 51 11

5 81 64 30 52 12
Phi3 0 74 55 21 43 6

3 75 56 22 45 7

5 76 57 23 45 8
Mistral 0 69 51 18 40 5

3 77 59 23 46 7

5 77 59 25 47 9

Table 3: SQuAD 2.0 QA full results. 5-shot prompting was only conducted for the best performing model
(Llama3.1).

Model # Examples | Prompt F1 | Cosine similarity
Llama3.1 0 Context-only 55 66
3 Context-only 59 68
5 Context-only 59 68
0 AMR-augmented | 49 63
3 AMR-augmented | 52 62
5 AMR-augmented | 49 60
0 AMR-only 18 38
3 AMR-only 48 60
5 AMR-only 26 45
Phi3 0 Context-only 46 56
3 Context-only 47 58
0 AMR-augmented | 38 46
3 AMR-augmented | 40 53
0 AMR-only 20 40
3 AMR-only 22 42
Mistral 0 Context-only 35 47
3 Context-only 51 61
0 AMR-augmented | 27 37
3 AMR-augmented | 49 60
0 AMR-only 17 35
3 AMR-only 41 55

Table 4: SAMSum summarization full results. 5-shot prompting and LoRA fine-tuning were only conducted for
the model that demonstrated improved performance with AMR-augmented prompting compared to context-only
prompting (Llama3.1).

Model # Examples | Prompt Cosine similarity | ROUGE-1 | ROUGE-2 | ROUGE-L | BLEU
Llama3.1 0 Context-only 66 29 8 21 2
3 Context-only 78 42 17 34 7
5 Context-only 78 43 17 34 7
LoRA Context-only 75 41 16 33 7
0 AMR-augmented 76 37 12 28 4
3 AMR-augmented 79 41 17 32 8
5 AMR-augmented 79 43 18 34 9
LoRA AMR-augmented 76 43 17 34 7
0 AMR-only 60 28 5 19 1
3 AMR-only 79 41 17 32 8
5 AMR-only 67 32 8 22 2
Phi3 0 Context-only 71 28 6 20 1
3 Context-only 72 31 8 23 2
0 AMR-augmented 70 26 5 19 1
3 AMR-augmented 70 25 6 18 1
0 AMR-only 59 22 2 14 0
3 AMR-only 55 18 2 12 0
Mistral 0 Context-only 76 36 12 27 5
3 Context-only 80 47 22 38 12
0 AMR-augmented 77 38 14 29 6
3 AMR-augmented 77 45 20 36 11
0 AMR-only 66 30 6 21 I
3 AMR-only 66 34 8 25 2




Table 5: SNLI entailment prediction full results. 5-shot prompting was only coducted for the best performing model
(Phi3).

Model # Examples | Prompt Accuracy | Macro-F1
Llama3.1 0 Context-only 47 8
3 Context-only 56 52
0 AMR-augmented 42 15
3 AMR-augmented 56 54
0 AMR-only 37 12
3 AMR-only 44 39
Phi3 0 Context-only 77 27
3 Context-only 82 80
5 Context-only 83 82
0 AMR-augmented 67 39
3 AMR-augmented 79 79
5 AMR-augmented 76 76
0 AMR-only 50 25
3 AMR-only 52 52
5 AMR-only 55 55
Mistral 0 Context-only 48 50
3 Context-only 52 54
0 AMR-augmented 49 50
3 AMR-augmented 34 20
0 AMR-only 33 20
3 AMR-only 33 12

You are a natural language inference system.

Analyze the relationship between the premise and hypothesis below.
Return ONLY the label as one word: "entailment”, "contradiction", or
"neutral”, with no explanations.

Given below are definitions of each label:

entailment: The hypothesis must be true if the premise is true.
contradiction: The hypothesis must be false if the premise is true.
neutral: Neither relationship above holds.

Premise: <premise_1>
| Hypothesis: <hypothesis_1>
Label: <label_1>

—>[ <more examples>

Premise:<test_premise>
“—»| Hypothesis: <test_hypothesis>
Label:

Figure 21: Context-only prompt for natural language
inference on SNLI dataset.

You are a natural language inference system.

Analyze the relationship between the premise and hypothesis below,
represented by their Abstract Meaning Representation (AMR) structure.
Return ONLY the label as one word: "entailment"”, "contradiction", or
—| "neutral”, with no explanations.

Given below are definitions of each label:

entailment: The hypothesis must be true if the premise is true.
contradiction: The hypothesis must be false if the premise is true.
neutral: Neither relationship above holds.

Premise AMR: <premise_1_amr>
| Hypothesis AMR: <hypothesis_1_amr>
Label: <label_1>

»[ <more examples>

Premise AMR:<test_premise_amr>
“—»| Hypothesis AMR: <test_hypothesis_amr>
Label:

Figure 22: AMR-only prompt for natural language in-
ference on SNLI dataset.
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You are a natural language inference system.

Analyze the relationship between the premise and hypothesis below.

You may also use the provided linearized Abstract Meaning Representation
(AMR) structure of premise and hypothesis to your aid.

Return ONLY the label as one word: "entailment”, "contradiction", or
"neutral", with no explanations.

Given below are definitions of each label:

entailment: The hypothesis must be true if the premise is true.
contradiction: The hypothesis must be false if the premise is true.

neutral: Neither relationship above holds.

Premise: Man with shawl praying by a large lake and small boat.
Premise AMR: (p / pray-01~3
:ARGO (m / man~0
:poss-of (s / shawl~2))
:location (a / and~8
:opl (1/lake~7
:mod (12 / large~6))
:0p2 (b / boat~10
:mod (s2 / small~9))))
[—»1 Hypothesis: Man in shawl prays by the small boat and large lake.
Hypothesis AMR: (p / pray-01~3
:ARGO (m / man~0
:location (s / shawl~2))
:location (a / and~8
:op1 (b / boat~7
:mod (s2 / small~6))
:op2 (1/lake~10
:mod (12 / large~9))))
Label: entailment

Premise: A man is sitting on a brown sofa while holding a red hammer.
Premise AMR: (s / sit-01~3
:ARG1 (m / man~1
:ARGO-of (h2 / hold-01~9
:ARG1 (h / hammer~12
:ARG1-of (r / red-02~11))))
| :ARG2 (s2/sofa~7
:ARG1-of (b / brown-01~6)))
Hypothesis: a man is building a shed
Hypothesis AMR: (b / build-01~3
:ARGO (m / man~1)
:ARGl1 (s / shed~5))
Label: contradiction

Premise: A group of people stop at a food booth outside.
Premise AMR: (s / stop-01~4
:ARGO (g / group~1
:consist-of (p / person~3))
:location (b / booth~8
:location (o / outside~9)
:mod (f / food~7)))
~»-| Hypothesis: The group of people are looking to get food
Hypothesis AMR: (1/look-01~5
:ARGO (g2 / group~1
:consist-of (p / person~3))
:ARG1 (g / get-01~7
:ARGO g2
:ARGl1 (f / food~8)))
Label: neutral

Premise: This church choir sings to the masses as they sing joyous songs
from the book at a church.
Premise AMR: (s / sing-01~3
:ARGO (c/ choir~2
:mod (c2 / church~1)
:mod (t / this~0))
:ARG2 (m / mass~6)
:time (s2 / sing-01~9
:ARGO ¢
= :ARGl1 (s3 / song~11
:mod (j / joyous~10))
:location (c3 / church~17)
:source (b / book~14)))
Hypothesis: The church has cracks in the ceiling.
Hypothesis AMR: (h / have-03~2
:ARGO (c2 / church~1)
:ARG1 (c3/ crack-02~3
:ARGI (c/ ceiling~6)))
Label:

[ Completion ]

“>[ neutral ]

Figure 23: An example of a prompt-completion for the
AMR-augmented 3-shot SNLI entailment prediction
task using Llama3.1.
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