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Abstract

While Abstract Meaning Representation
(AMR) has historically improved performance
on a range of NLP tasks, the benefit—or lack
thereof—of AMR augmentation for modern
LLMs is thus far unclear. In this paper, we
attempt to reproduce recent work that reported
substantial downstream gains from AMR
augmentation, finding that these are likely due
to specific choices in the experimental settings
used: using a consistent and unified protocol
for hyperparameter selection, we observe
that text-only baselines consistently match or
exceed the performance of AMR-augmented
models. To investigate this null result, we
introduce a perplexity-based probe measuring
the degree to which AMR provides an LLM
with supplemental relational knowledge not
already available to the model. We find that
AMR augmentation does not help LLMs
improve their understanding of relational
content in the sentence, indicating that
augmenting these models with AMR offers no
clear benefit on downstream tasks.

1 Introduction

The Abstract Meaning Representation (AMR; Ba-
narescu et al., 2013) framework is designed to pro-
vide structured, interpretable encodings of sentence
meaning. AMR makes explicit the individual re-
lations between entities and events that are repre-
sented in a given sentence, breaking down complex
meaning into more atomic relations. In addition,
AMR strips away stylistic and other aspects of plain
text that are irrelevant to meaning, exposing only
the semantically relevant information.

This popular semantic representation (SR) for-
mat has historically been used to improve perfor-
mance across various NLP tasks, including Infor-
mation Retrieval and Extraction (Xu et al., 2022;
Zhang and Ji, 2021), Question Answering (Bonial
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Figure 1: Prior work (Zhang et al., 2025; top) reports
substantial improvement over a text-only baseline from
AMR-augmentation. We revisit this method under a
more robust evaluation (bottom), finding that AMR aug-
mentation yields no improvement.

et al., 2020), Summarization (Hua et al., 2023,
2022), and Paraphrase Generation (Huang et al.,
2022)—in particular in systems built on earlier gen-
erations of language models (LMs), such as BERT
(Devlin et al., 2019) and T5 (Raffel et al., 2020).

However, the raw capabilities of modern Large
Language Models (LLMs) call into question the
benefit of SRs such as AMR for NLP tasks. It is
thus far unclear whether SRs can be used to mean-
ingfully augment current, SOTA LLMs: while prior
work has shown that AMR representations do not
improve the performance of GPT-4 (OpenAl, 2023)
in a zero-/few-shot setting (Jin et al., 2024), Zhang
et al. (2025) indicate that AMR augmentation can
benefit Llama-3.1-8B-Instruct' (Grattafiori et al.,
2024) via supervised fine-tuning (SFT).

In this work, we analyze in-depth the effective-
ness of AMR augmentation for open-weight LLMs.

1https://huggingface.co/meta—llama/Llama—3.
1-8B-Instruct
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First, we find that the results reported by Zhang
et al. (2025) are not generally reproducible when
reimplementing their experiments (see Figure 1):
the observed performance gains from AMR over
the base LLM in that work likely arose from highly
specific experimental configurations and custom
datasets. In particular, we find no clear improve-
ment from AMR integration, despite substantial
fine-tuning using multiple fine-tuning strategies.

Furthermore, we evaluate AMR integration for
more complex, long-text tasks such as multi-
sentence event argument extraction, to control for
the possibility that the observed failure of AMR
integration to improve performance on the simple,
single-sentence tasks of Zhang et al. (2025) may be
due to saturation on those benchmarks: if the mod-
els have already reached peak performance on these
tasks, we do not expect any method—including
AMR integration—to further increase their scores.
However, we find that even on these more com-
plex, multi-sentence tasks, AMR integration fails
to yield any improvement over the base models.

Given that AMR consistently fails to improve
LLM performance across integration strategies and
task types, we hypothesize that AMR does not pro-
vide an LLM with any relational information that
is not already available to the model. To evaluate
this hypothesis, we conducted a perplexity-based
probe over relational information in AMR graphs.
Our findings support our hypothesis, indicating that
AMR augmentation does not provide any rela-
tional information that LLMs are not already
capable of extracting from plain text.

Our contributions are as follows:

1. A reimplementation of Zhang et al. (2025), in-
dicating that the reported results are not gener-
ally reproducible and are likely due to specific
experimental configurations.

2. An extension of those experiments and results
to more complex, multi-sentence tasks.

3. An empirical analysis indicating that AMR
augmentation does not provide additional re-
lational knowledge to LLMs beyond what they
can obtain from text alone.

We make all code used in these experiments
available on GitHub?.

The boy desires the girl to believe him.

The boy desires to be believed by the girl.
(a)

(d / desire-01
:ARGO (b / boy)
:ARG1 (b2 / believe-01
tARGO (g / girl)
:ARG1 b))
(c)

Figure 2: Abstract Meaning Representation for two
different input sentences (a) with the same seman-
tics. (b) shows the AMR graph and (c) represents
the corresponding linearization using PENMAN no-
tation. Example adapted from the AMR Guidelines
(https://github.com/amrisi/amr-guidelines).

2 Related Work

Abstract Meaning Representation (AMR).
AMR (Banarescu et al., 2013) is a semantic repre-
sentation framework that is specifically designed
to reflect “who does what to whom”: the schema
centers on predicate-argument relations. Using
AMR, each sentence is represented as a labeled,
rooted directed acyclic graph, with nodes repre-
senting concepts and edges encoding the relations
between those concepts (see Figure 2). Among
graph-based semantic representations such as EDS
(Oepen and Lgnning, 2006) and UCCA (Abend
and Rappoport, 2013), AMR is the most popular
and well-resourced (Wein and Opitz, 2024).

Each AMR graph can be converted into a plain-
text format using PENMAN notation (Kasper,
1989; see Figure 2): this textual form is referred to
as linearized AMR. The PENMAN format allows
AMR to be processed using standard language mod-
els, which would otherwise require graph-specific
architectural modifications.

AMR Applications. A substantial body of work
leveraged AMR to improve model performance on
downstream NLP tasks for older generations of
LMs. The most prevalent application domains are
Information Extraction (Xu et al., 2022; Zhang and
Ji, 2021), Question Answering (Bonial et al., 2020;
Xu et al., 2021), and Summarization (Hua et al.,
2023, 2022). AMR has also been applied to spe-
cialized domains such as mathematics (Mansouri
et al., 2022) and Spatial/Situated Dialogue (Bonial
etal., 2019, 2023).

Several studies have explored AMR integra-
tion into systems revolving around modern LLMs:

2https: //github.com/nhungachihuuu/
AMR-Augmentation-for-LLMs
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Jin et al. (2024) incorporated AMR into chain-of-
thought prompts; Yao et al. (2024) combined AMR
with LLMs for sentence simplification; Shi et al.
(2024) used AMR to enhance retrieval-augmented
generation; Raut et al. (2025) systematically evalu-
ated LL.Ms on linearized AMR-incorporated few-
shot prompts; and Zhang et al. (2025) incorporated
linearized AMR into supervised fine-tuning.

Analysis of AMR Augmentation. While the util-
ity of AMR augmentation for older LMs is well-
established, the question of its value for modern
LLMs remains unanswered.

Jin et al. (2024) first investigated the effect
of integrating AMR into LLMs: they conducted
training-free prompting experiments in which the
input text is supplemented with its corresponding
linearized AMR. Empirical results with GPT-3.5
and GPT-4 across multiple tasks show that incor-
porating AMR into LLMs degrades model perfor-
mance on average, and that it is difficult to predict
for a given input whether AMR augmentation will
be beneficial.

Zhang et al. (2025), however, argue that
augmenting the LLMs’ inputs with linearized
AMR—without fine-tuning the models them-
selves—is insufficient to determine the effective-
ness of AMR augmentation, as LLMs are not neces-
sarily inherently familiar with this data format. The
authors conduct experiments on fine-tuning LLMs
with AMR-augmented training data and evaluate
their approach on ten tasks—five of which overlap
with Jin et al. (2024)—showing that jointly training
an LLM on text augmented with linearized AMR
data yields improvements of up to 12 F1 points.

Our findings directly contradict those of Zhang
et al. (2025): we are unable to reproduce their re-
sults in our reimplementation, despite testing under
a broad range of experimental conditions. We in-
stead find evidence extending to fine-tuned settings
the findings of Jin et al. (2024) that AMR augmenta-
tion does not benefit modern LLMs on downstream
tasks.

Additionally, to the best of our knowledge, our
experiments in Section 5 represent the first investi-
gation into the reason for the inability of AMR aug-
mentation to improve the downstream performance
of LLMs, thereby providing additional support to
the findings of Jin et al. (2024).

3 Single-Sentence Tasks

We first reimplemented the experiments in Zhang
et al. (2025)—simple tasks involving a single® in-
put sentence—in an attempt to reproduce the find-
ings reported in that work. Furthermore, we intro-
duced additional fine-tuning regimens not included
in Zhang et al. (2025), in order to maximize the
likelihood of successful AMR augmentation (see
e.g. Section 3.1.2).

3.1 Methodology

Although the code for the experiments in Zhang
et al. (2025) is not publicly available, and some
experimental settings are under-specified, we mir-
rored the methodology as closely as possible. Addi-
tionally, while Zhang et al. (2025) only conducted
experiments with Llama-3.1-8B-Instruct, we in-
cluded Qwen3-8B* (Yang et al., 2025) in our anal-
ysis, to verify the generalizability of the approach
to other model families.

All models were fine-tuned using LoRA (Hu
et al., 2021) with r = 64, o = 128, and dropout =
0.05, applied to seven target modules: q_proj,
k_proj, v_proj, o_proj, gate_proj, up_proj,
and down_proj. Optimal learning rates were se-
lected via grid search for each experimental condi-
tion. Additional experimental details are provided
in Appendix A.

3.1.1 Datasets

Zhang et al. (2025) fine-tuned and evaluated on a to-
tal of ten datasets: PAWS for paraphrase detection
(Zhang et al., 2019), SNLI for entailment detection
(Bowman et al., 2015), WMT16 for machine trans-
lation (Bojar et al., 2016), CoNLL2003 for named
entity recognition (Tjong Kim Sang and De Meul-
der, 2003), SST-2 for sentiment analysis (Socher
et al., 2013), PubMed45 for event extraction (Garg
et al., 2016), WiC for word sense disambiguation
(Pilehvar and Camacho-Collados, 2019), SPIDER
for text-to-SQL generation (Yu et al., 2018), AG-
News for text classification (Zhang et al., 2015),
and Logic for logical fallacy detection (Jin et al.,
2022).

However, the Logic dataset was synthetically
generated by Zhang et al. (2025) using GPT-4o-
turbo. As the exact prompts used to create this
data were not made available, we were unable to

3With the exception of SNLI, PAWS, and WiC, which
require classifying pairs of single sentences.
*https://huggingface.co/Qwen/Qwen3-8B
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Format Example

{sys} You are an expert in machine translation...
Text-only  {user} Obama receives Netanyahu

{asst} Obama empfingt Netanyahu

{sys} You are an expert in machine translation...
{user} Sentence: Obama receives Netanyahu

AMR:
(r / receive-01
:ARGO (p / person
:name (n / name
:op1 "Obama™))
:ARG1 (p2 / person
:name (n2 / name
:op1 "Netanyahu")))

+AMR

Table 1: Examples of the text-only (top) and AMR-
augmented (bottom) prompt formats for the WMT16
translation task. System messages truncated for illustra-
tion; the full prompts are located in Appendix A.2.

reconstruct the Logic dataset, and thus excluded it
from our experiments.

For the other nine datasets, we kept the number
of training samples as close as possible to those of
Zhang et al. (2025). For each dataset, we parsed
each instance into PENMAN-linearized AMR us-
ing AMR3-structbart-L (Drozdov et al., 2022), a
SoTA AMR parser, to ensure high-quality, consis-
tent AMR annotation.

3.1.2 Fine-Tuning

Joint Fine-Tuning. Following Zhang et al.
(2025), we jointly fine-tuned the models on the
training splits of all nine datasets. We fine-tuned
baseline models on the original, text-only training
data, and fine-tuned AMR-augmented models on
a 50:50 mixture of text+AMR and text-only data
(see Table 1): this mixture of text-only and AMR-
augmented data yielded the best results in Zhang
et al. (2025). At test time, the AMR-tuned models
were evaluated only on AMR-augmented examples,
as in Zhang et al. (2025).

We fine-tuned each model across five seeds, and
report the averaged results for evaluation.

Individual Fine-Tuning. In addition to the joint
fine-tuning procedure employed by Zhang et al.
(2025), we further fine-tuned and evaluated base-
line (text only) and AMR-augmented models on
each dataset individually.

AMR-to-Text Intermediate Objective. To con-
trol for the possibility that the AMR-augmented
models may fail to leverage the AMR structures

present in their fine-tuning data—i.e. they may
simply ignore the AMR—we additionally imple-
mented an intermediate fine-tuning procedure to
familiarize the models with this representational
format.

Specifically, we first fine-tuned Llama-3.1-8B-
Instruct and Qwen3-8B models on AMR-to-text
generation, using the AMR 3.0 corpus (Knight
et al., 2020) for training and evaluation (full train-
ing details and evaluation results for AMR-to-
text are provided in Appendix B). We then per-
formed the AMR-augmented joint and individual
fine-tuning, starting from the checkpoints trained
on the intermediate AMR-to-text objective.

3.2 Results

Table 2 presents the joint and individual fine-tuning
results for the text-only, AMR-augmented, and in-
termediate AMR-to-text (see Section 3.1.2) Llama-
3.1-8B-Instruct and Qwen3-8B models. The joint
fine-tuned, AMR-augmented Llama-3.1 model
(Llama-3.1, Joint, +AMR in Table 2) is a di-
rect reimplementation of the configuration used
in Zhang et al. (2025). We additionally include the
results reported by Zhang et al. (2025) for reference.
Note that their +SR scores are averaged over three
separate SR frameworks, including AMR, as Zhang
et al. (2025) do not report a full performance break-
down by SR type. However, Zhang et al. (2025)
report that AMR yields the greatest performance
gains out of the SRs in their experiments (see their
Table 11): if anything, the averaged figures in Ta-
ble 2 understate the + AMR performance recorded
by those authors.

In contrast to Zhang et al. (2025), we find no
consistent improvement from AMR augmentation
across models, tasks, or training settings. Un-
der a two-sided ¢-test, we only find significant
(p < 0.05) differences between text-only and
AMR-augmented performance on two of 36 con-
figurations (see Table 3): Qwen3-8B under the
individual training regime on SNLI (in favor of
text-only) and for Llama-3.1-8B under the joint
regime on SPIDER (in favor of +AMR).

The observed discrepancy between our results
and those of Zhang et al. (2025) is not due to a
drastic decrease in our AMR-augmented models’
performance relative to the AMR-augmented re-
sults reported by those authors: in most cases, our
AMR-augmented models actually perform better
than in the experiments of Zhang et al. (2025).

Rather, the performance of the baseline, text-



Model Training | Setup WiC SST SNLI PM PAWS AGN SPD CNL WMT
(F1) (F1) (F1) (F1) (F1) (F1) (EM) (F1) (BLEU)
Text 76.8405 96.5+12  92.310s  70.4121  92.9:07 923105  59.2:11  92.4105 28.2410s5
Joint +AMR 76.4104  96.1x10  92.1:x12  68.3:x25 93.0x04 91.2105 61.9+12 92.1106 28.2x108
+AMR +Inter. | 77.5+17  96.2+05  92.4+15  67.2445 927107 92.5:03 DH88x1s  92.3416  27.6x07
Qwen3-8B
Text 75.9:21  96.2:05 924112 80.2+25 94.3105  93.2408  57.8+12  93.2405  28.3x02
Individual | +AMR 74.6x17  96.8+114 91.2413  81.3x14 941104 93.4105s 57.6x13  93.3x03  28.5+01
+AMR +Inter. | 75.1x1s  96.3+02  91.0x14 829412 94.3103  93.2402  5HT7.3x13 93.4x00  28.1x01
Text 76.7x15  96.2+0s 909412 721451 93.1x00 91.2411 571w 923416 29.0x0s
Joint +AMR 75.4421  96.5+07 91.3+1s  T1.7+75  92.6404 904112 58.3+125 93.8:02 29.24107
+AMR +Inter. | 74.9432  96.1x09  90.2115 724172 92.2:10s  90.1x1s  55.2+17 924107 27.4x0s
Llama-3.1-8B
Text 75.4+25 96.3+09 91.2+05 84.1+os 93.9403 93.6+11 56.8425 93.2402  29.8403
Individual | +AMR 752421 96.1x06 91.3x05s 824432  93.5x05 932112 56.1x13  93.7+12  29.6+03
+AMR +Inter. | 73.8431  95.3+12 90.1x14  82.6x16  93.6x03  93.3x02  54.5x1s  93.1r09  29.3102
Zhang et al. (2025) Joint Text 67.0 75.6 35.5 78.9 68.9 76.5 41.2 75.8 29.1
(Llama-3.1-8B) +SR 74.7 83.7 54.9 81.9 81.0 82.6 48.9 76.7 30.3

Table 2: Joint and individual training results on the nine single-sentence task datasets for Llama-3.1-8B-Instruct
and Qwen3-8B, compared to the results reported in Zhang et al. (2025) for Llama-3.1-8B. The +SR scores from
Zhang et al. (2025) are averaged over multiple SR frameworks, including AMR (see the discussion in Section 3.2).
Each cell reports mean =+ standard deviation over runs with different random seeds. The best-performing Setup
within each Model, Training type, and dataset is indicated in bold. PM=PubMed45, AGN=AGNews, SPD=SPIDER,

CNL=CoNLL2003, WMT=WMT16.

Dataset Llama Qwen Pooled
Individual training

WMT 0370  0.067  0.985
PAWS 0.166  0.273  0.064
WwiC 0954  0.631 0.717
SPIDER 0.790 0.614  0.901
AGNews 0.590 0.297 0211
CoNLL 0433 0.110  0.750
SNLI 0489  0.033 0.234
SST 0999  0.789  0.773
PubMed45 0.244 0206  0.787
Joint training

WMT 0.644 0.842  0.718
PAWS 0.180  0.844  0.813
WwiC 0.615 0.226  0.904
SPIDER 0.017  0.191 0.199
AGNews 0279  0.180  0.150
CoNLL 0.064 0.256  0.262
SNLI 0987  0.866  0.952
SST 0491  0.136  0.550
PubMed45 0.190 0350  0.504

Table 3: Results (p-values) for two-sided ¢-tests com-
paring the text-only and AMR-augmented (“+AMR”)
scores in Table 2—significant values (p < 0.05) are
indicated in bold. The “Pooled” column denotes a ¢-test
over the combined Llama and Qwen results for each
task.

only models in Zhang et al. (2025) is substantially
lower than the performance of our text-only mod-
els. As an example, Zhang et al. (2025) report
an F1 score of 35.5 on SNLI for their text-only,
fine-tuned Llama-3.1-8B-Instruct model—this is
far lower than we would expect given that even
BERT (Devlin et al., 2019) reaches ~91% accu-

racy on SNLI (Nie et al., 2020).

We therefore conclude that the results reported in
Zhang et al. (2025) are likely due to a faulty experi-
mental configuration: the performance of text-only
and AMR-augmented LLMs is roughly equal re-
gardless of the choice of fine-tuning regimen.

4 Multi-Sentence Tasks

The baseline models’ performance on many of the
tasks in Section 3 is near saturation: on SST-2,
SNLI, PAWS, AGNews, and CoNLL2003, the text-
only Llama-3.1 and Qwen3 models already achieve
accuracy/F1 scores over 90%. It is therefore pos-
sible that AMR augmentation is simply unable to
improve model performance on these tasks because
there is no more room for improvement.

To account for this possibility, we extended our
evaluation of AMR-augmented models to more
difficult, multi-sentence tasks—such as passage-
level summarization—where inputs involve richer
and more complex linguistic structures.

4.1 Methodology

Datasets. We selected four multi-sentence
datasets that require understanding complex
linguistic and semantic structures: RAMS for
event argument extraction (Ebner et al., 2020),
CNN/DailyMail for summarization (See et al.,
2017), ANLI for adversarial natural language
inference (Nie et al., 2020), and LogiQA for
reading comprehension (Liu et al., 2020). Dataset



AMR

System message

Text-only

System message
{Task_instruction}
User message

{Sentence 1} {Sentence 2}...
{Sentence n}

Assistant message
{Gold_answer}

{Task_instruction}

User message

{Sentence 1}<amr> {AMR of Sent 1}</amr >/
{Sentence 2}<amr>{AMR of Sent 2}</amr>

{Sentence n}<amr>{AMR of Sent n}</amr>

Assistant message

{Gold_answer}

Figure 3: Templates for text-only (left) and AMR-
augmented (right) prompts for the multi-sentence tasks.

statistics are provided in Table 4.

As discussed in Section 2, prior work has demon-
strated notable improvement from AMR augmen-
tation for earlier generations of LMs on event ar-
gument extraction and summarization in particu-
lar (Xu et al., 2022; Hua et al., 2023). If modern
LLMs can in fact benefit from AMR augmentation,
it therefore stands to reason that we would expect
to see the most substantial benefits on such tasks.

AMR-Text Integration. To incorporate AMR
structures into the multi-sentence inputs, we inter-
leaved the AMR into the text: each linearized AMR
graph is placed immediately after its correspond-
ing sentence, encapsulated within special delimiter
tokens (<amr> ...</amr>) to clearly distinguish
AMR from natural language content (see Figure 3).
Full example prompts are provided in Appendix C.

Experimental Setup. The setup follows that of
the single-sentence experiments of Section 3. As
in Section 3, we experimented with joint and
individual-task fine-tuning regimens, and evaluated
standard fine-tuning along with a two-phase, inter-
mediate AMR-to-text approach (see Section 3.1.2).

4.2 Results

The results of these experiments are given in Table
5. Consistent with our single-sentence findings, we
observe no meaningful improvement from AMR
augmentation across all fine-tuning strategies and
models: the performance of the AMR-augmented
models remains on par with or below that of the
text-only baseline across all four tasks.
Furthermore, note that the performance of the
baseline, text-only models on these tasks is not near
saturation (perhaps with the exception of ANLI).
This indicates that the observed failure in Sec-
tion 3 of AMR augmentation to improve LLMs’
downstream performance was not due to saturation

Dataset Task Train Dev  Test
RAMS Event Argument Extraction 7000 849 817
CNN/DM  Abstractive Summarization 5000 500 500
ANLI Natural Language Inference 7000 700 1200
LogiQA  Reading Comprehension 3828 478 480

Table 4: Split sizes for the multi-sentence task datasets.

on those tasks: across varying model types, fine-
tuning regimens, and task difficulties, AMR aug-
mentation consistently fails to markedly improve
the performance of modern LLMs.

5 Relational Knowledge Analysis

As the AMR representation Ag of a sentence .S is
derived solely from S itself—without the use of
any other external source of information—Ag can-
not possibly encode any more information than S
already contains. The utility of AMR lies instead in
its explicit representation of structure: by making
semantic relationships between entities overt and
symbolic, AMR has the potential to help a model
better extract the latent relational content already
present in the text.

The observed failure of AMR augmentation to
meaningfully improve downstream performance in
the experiments of Sections 3-4 therefore raises
the question as to whether modern LLMs require
the structural guidance provided by AMR to infer
semantic relationships encoded in the text. We
posit that AMR does not improve the downstream
performance of a modern LLM because it does
not provide any relevant relational information not
already available to the model.

In this section, we directly evaluate this conjec-
ture (Section 5.1), and find evidence in support of
our hypothesis that AMR augmentation does not
improve LLMs’ understanding of sentence-level
relational knowledge (Section 5.2).

5.1 Methodology

Given a sentence S with its corresponding AMR
Ag, let Rg denote a representation of the relational
content of S that is encoded by Ag: an encoding of
the properties of entities and relations between enti-
ties that are expressed by S and represented in Ag.
If AMR augmentation does in fact provide an LLM
M with additional understanding of the relational
content of S that M does not already possess, we
would expect that the probability assigned to Rg
by M would be substantially higher when given
both S and its AMR Ag, than when given .S alone



Model Training  Setup RAMS  LogiQA ANLI CNN
(F1) (Acc.) (F1)  (ROUGE-L)
Text 50.0406 549105 88.5105 31.540.4
Joint +AMR 491405 53.6405 88.1+0.4 31.240.4
Llama3.1.8B +AMR +Inter.  49.510.7 538105 868106  3ldios
Text 4944107 557415 8774100 31.040.7
Individual +AMR 501406 572407 874405 30.740.5
+AMR +Inter. 4994104 53.1111  86.0+0.6 30.7+0.4
Text 4424108 707105 8721056 30.6+0.5
Joint +AMR 44596 68.810.7 86.7+0.4 30.640.5
Qwen3-8B +AMR +Inter.  44.74+04 67.141.1 863405 30.240.4
Text 48.240.7 709407 88.0106 30.740.4
Individual +AMR 482102 699109 87.8105 30.7+10.5
+AMR +Inter.  47.54+11  68.6+1.1  86.2405 30.640.4

Table 5: Joint and individual training results on the four multi-sentence task datasets for Llama-3.1-8B-Instruct
and Qwen3-8B. Each cell reports mean + standard deviation over five runs with different random seeds. The
best-performing setup within each model, training type, and dataset is indicated in bold.

Input Type User Prompt

Text-only Input Sentence: “The NBA season of
1975-76 was the 30th season of the
National Basketball Association.”

Text+AMR Input Sentence: “The NBA season of

1975-76 was the 30th season of the
National Basketball Association.”
Input AMR:
(s / season
cord (o / ordinal-entity
:value 30)
:poss (1 / league
:name (n / name
zopl ...)))
Input Sentence: “The NBA season of
1975-76 was the 30th season of the
National Basketball Association.”
Supplement: season, ordinal-entity, 30,
league, name, National, Basketball,
Association, date-interval, date-entity,
1975, date-entity, 76

Text+AMR-nodes

Table 6: Input types and their corresponding user
prompts. AMR is truncated for presentability. Full
example prompts are provided in Appendix E.2.

(Equation 1).

Pry(Rs | S,Ag) > Pu(Rs | S) (1)

On the other hand, if our hypothesis holds and
LLM:s already implicitly encode all of the relational
information provided by AMR, we would expect
that PM(RS | S, AS) ~ PM(RS | S).

5.1.1 AMR-NLD

As the relational content of an AMR graph is a
structured symbolic object, it cannot be directly
fed to a language model for likelihood evaluation.
To empirically test our hypothesis, it is therefore
necessary to transform the linearized AMR graphs
of Sections 3-4 into AMR natural language descrip-

tions (AMR-NLD; Zhang et al., 2025): natural lan-
guage descriptions of the relational content of an
AMR graph.

The AMR-NLD generation procedure that we
employed is illustrated in Figure 4: we first decom-
posed the AMR into core relational branches, then
mapped each to a natural language sentence using
Claude Sonnet 4.6 (Anthropic, 2025)—the exact
prompt used is provided in Appendix E.3.

5.1.2 Experimental Setup

We first randomly sampled 300 AMR-sentence
pairs and then filtered to 178 pairs (Appendix E.1)
from the PAWS test split used in our experiments
in Section 3, and used the procedure described in
Section 5.1.1 to generate the AMR-NLD for each
AMR, resulting in a dataset of 178 text, AMR,
AMR-NLD triples (S;, Ag;, Rs;)-

We then evaluated a series of Llama-3.1-8B and
Qwen3-8B models (see below), computing the per-
plexity of the AMR-NLD Rg, for each example
conditioned on (i) the text S; alone and (ii) .5; and
its AMR Ag,.

The addition of the AMR Ag, may have a prim-
ing effect: it is possible that, for example, the for-
mal, structured AMR representation increases the
likelihood that the model assigns to short, declara-
tive sentences such as AMR-NLD—regardless of
the informational content of the AMR. To control
for this possibility, we additionally evaluated the
models on a third condition, in which we computed
the perplexity of the AMR-NLD Rg, conditioned
on S; and a stripped version of the AMR Ag, in
which all relations have been removed, leaving only
node (entity) labels (AMR-nodes; see Table 6).



Sentence

The NBA season
of 1975 -- 76 was
the 30th season

AMR

)

(s / season

‘ord (o / ordinal-entity

:value 30)

poss (I / league
:name (n/ name
:op1 "National”

:op2 "Basketball”

of the National

:0p3 "Association"))

Basketball
Association

:time (d3 / date-interval

:op1 (d / date-entity
year 1975)

:0p2 (d2 / date-entity
year 76)))

-/

Core

relationships AMR-NLD

s/ season

I::> :ord (o / ordinal-entity

wvalue 30)

It was the 30th season
of the league.

=

s/ season
:poss (| / league
:name (n/ name
:op1 "National”
:0p2 "Basketball"
:0p3 "Association”))

This refers to a season
of the National
Basketball Association.

= =

[ s/season
:time (d3 / date-interval
:op1 (d/ date-entity
year 1973)
:op2 (d2 / date-entity
year 76))

The season took place
during the 1975-76 time
period.

= =

Figure 4: Our AMR-NLD generation pipeline, illustrated with an example sentence. The AMR graph for the
input sentence is decomposed into core relational branches (e.g. :ord, :poss, :time), each of which is mapped to an

individual description in natural language.

Model Text +AMR +AMR-Nodes
Llama

Base 4.42 3.64 3.72
Text-FT 3.58+0.00 3.06+0.11 3.16+0.13
AMR-FT 3.66+0.10 3.2440.17 3.33+0.10
Inter-FT 4.66+0.15 4.2040.14 4.24 1013
QOwen

Base 19.11 14.91 14.34
Text-FT 5.1040.22 4.47 10.31 4.5540.25
AMR-FT  5.07+0.30 4.2940.35 4.37+0.33
Inter-FT 3.9840.06 3.79+0.04 3.79+0.04

Table 7: Mean perplexity (£ std) across model configu-
rations and input conditions.

For each model family (Llama-3.1-8B-Instruct
and Qwen3-8B), we evaluated four model types:
(1) a baseline, off-the-shelf model with no ad-
ditional fine-tuning; (ii) a model fine-tuned on
the text-only version of the PAWS train split (i.e.
the original data); (iii) a model fine-tuned on
the AMR-augmented PAWS train split following
our approach in Section 3.1.2; and (iv) a model
intermediate-fine-tuned on AMR-to-text transla-
tion, then fine-tuned on AMR-augmented PAWS,
as in our approach outlined in Section 3.1.2.

For types (ii)—(iv), the models were each trained
with five different random seeds: we report the
mean and standard deviation across all five seeds.

5.2 Results

Perplexity scores by model configuration and input
type are given in Table 7.

AMR augmentation consistently decreases per-
plexity for all model configurations, seemingly in-
dicating that AMR does in fact provide the LLMs
with additional relational information. However,
there is no substantial difference between AMR-
augmented perplexity and that of the AMR-nodes
control condition: recall that this control condition
consists of AMR structures that have been stripped
of all relational information. This indicates that
the observed differences in perplexity between the
text-only and AMR-augmented conditions are due
to spurious factors—for example the association of
formal-logical structures with short, matter-of-fact
statements.

These results therefore support the hypothesis
that AMR does not supply relational knowledge
beyond what LLMs already infer from text, which
is consistent with our results in Sections 3 and
4: AMR augmentation offers no benefit to those
models on downstream tasks.

6 Conclusion

In this paper, we investigated whether augment-
ing LLM inputs with linearized AMR improves
downstream performance. Across two model fam-
ilies, thirteen tasks spanning single- and multi-



sentence settings, and several fine-tuning strategies,
we found no consistent improvement over text-only
baselines: this indicates that the AMR-augmented
performance gains reported in prior work are likely
due to specific experimental conditions or hyperpa-
rameter selection.

We then investigated why AMR augmentation
does not benefit modern LLMs. A perplexity-based
analysis indicated that AMR does not reduce an
LLM’s uncertainty about the relational content of
a sentence beyond the structure-free control. In
other words, AMR augmentation does not provide
relational knowledge beyond what is already ex-
tractable from text alone for modern LLMs.

Limitations

Our multi-seed experiments are limited to 8B pa-
rameter models (we conduct a single-seed 70B ex-
periment in Appendix A.4); future work should
assess the generalization of our findings to mod-
els of different sizes, and in particular examine
whether there exists a relationship between model
size and the effectiveness of SR integration.

We focus exclusively on the AMR semantic rep-
resentation format. However, while AMR is the
most popular and well-resourced SR format (Wein
and Opitz, 2024), it is but one of many such for-
malisms: other SRs such as UCCA and UDS may
interact differently with LLMs. Future work should
extend our experiments to a broader range of se-
mantic representations.

Additionally, we do not study the potential ef-
fect of parser errors on the AMR-augmented mod-
els. While the observed performance of AMR-
augmented models might be affected by parser er-
rors, we argue that any AMR integration technique
will also confront this same issue: it is an inherent
limitation of AMR augmentation.

Finally, our study is limited to AMR integra-
tion at the fine-tuning stage, and there remains an
open question as to whether semantic representa-
tions could be more effectively integrated at a more
fundamental level such as during pretraining.
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A Single-sentence Experiment

A.1 Dataset construction

Table 8 shows data statistics for 10 datasets used
in Zhang et al. (2025)’s work and 9 datasets used
in our study. Note that Zhang et al. (2025) do
not mention the usage of validation set in their
experiment.

PAWS, WMT16, Pubmed45, SNLI, CoNLL2003,
SST-2, AGNEWS These datasets contain a large
number of records. Following Zhang et al. (2025),
we randomly sample 10,000 examples from each
as the training set. Note that since the random seed
used in Zhang et al. (2025) was not published, the
degree of overlap between the sampled examples
in the two studies remains unknown.

LOGIC Zhang et al. (2025) synthetically gen-
erated 10,000 logic examples using GPT-40-turbo
to construct the training set for LOGIC. As the
prompts used for data generation were not released,
we were unable to reconstruct this dataset and there-
fore exclude LOGIC from our experiments.

SPIDER The official SPIDER test set is not pub-
licly available. Zhang et al. (2025) used the original
7,000 training examples for training and the 1,034
validation examples as the test set. We follow the
same test set split, but partition the 7,000 train-
ing examples into 6,300 for training and 700 for
validation.

WiC Zhang et al. (2025) augmented the original
training set with 648 validation examples, yielding
a total of 5,066 training samples. We instead retain
the original training and validation splits without
modification.

A.2 Examples Prompt

In this section, we present complete examples
of text-only prompts for all tasks in our single-
sentence fine-tuning experiments. AMR-based
prompts follow the same structure, with minor mod-
ifications to the system message to introduce the
AMR formalism. AMR prompt examples are avail-
able in our GitHub repository.

agnews [system] You are an expert in news arti-
cle classification for the AG News dataset. Your
goal is to categorize news articles into one of four
topics based on their content. You will be given a
news article text. Analyze the content carefully and
determine which category it belongs to. Respond

only with one of these four labels: World, Sports,
Business, or Sci/Tech. Do not include explanations,
punctuation, or any additional text in your output.
[user] Unions representing workers at Turner
Newall say they are ‘disappointed’ after talks with
stricken parent firm Federal Mogul.
[assistant] Business

conll [system] You are an expert in Named En-
tity Recognition for the CoNLL-2003 dataset. Your
goal is to identify and classify named entities in
text. You will be given a sentence and a list of its
tokens. For each token, assign the appropriate NER
tag using the IOB2 format. The tag set includes:
B-PER (beginning of person name), I-PER (inside
person name), B-ORG (beginning of organization),
I-ORG (inside organization), B-LOC (beginning
of location), I-LOC (inside location), B-MISC (be-
ginning of miscellaneous entity), I-MISC (inside
miscellaneous entity), and O (outside any named
entity). Respond only with a list of tags in the same
order as the input tokens, formatted as a Python list
(e.g.,[’B-LOC’, ’0’, ’B-PER’]). Do notinclude
explanations, punctuation, or any additional text in
your output.

[user] Japan began the defence of their Asian
Cup title with a lucky 2-1 win against Syria in a
Group C championship match on Friday .

[assistant] [’B-LOC’, ’0’, ’0’, ’0’, ’0’,
’0’, ’B-MISC’, ’I-MIsc’, ’0’, ’0’, ’'07,
70)’ ’o,, ,0), }o” !B_LOC,, )o}, 70!’
!07’ 70” ’O’, ’O” 70!, 707’ ’O’]
paws [system] You are an expert in paraphrase

identification for the PAWS dataset. Your goal is to
determine whether two sentences express the same
meaning despite differences in wording or struc-
ture. You will be given two sentences. Analyze
their semantics carefully and determine whether
the two sentences convey the same meaning. Re-
spond only with one of these two labels: Yes or No.
Do not include explanations, punctuation, or any
additional text in your output.

[user] Sentence 1: It is situated south of Kéroglu
Mountains and to the north of Bolu. Sentence 2: It
is situated south of Kéroglu-mountains and north
of the Bolu.

[assistant] Yes

pubmed [system] You are an expert in biomedi-
cal relation extraction for the PubMed 45 dataset.
Your goal is to validate protein interaction tuples
extracted from biomedical literature. You will be



Dataset Task Zhang et al. 2025 Our Experiment
Train Val Test Train Val Test
PAWS Paraphrase Detection | 10,000 | N/A 8,000 | 10,000 | 1,000 8,000
SNLI Textual Entailment 10,000 | N/A | 10,000 | 10,000 | 1,000 | 10,000
WMT16 Translation 10,000 | N/A 5,999 | 10,000 | 1,000 5,999
CoNLL2003 | Named Entity Recog. | 10,000 | N/A 3,453 | 10,000 | 1,000 3,453
LOGIC Logical Fallacy Det. 10,000 | N/A 2,449 N/A N/A N/A
SST-2 Sentiment Analysis 10,000 | N/A 872 | 10,000 | 1,000 872
Pubmed45 Event Extraction 10,000 | N/A 5,000 | 10,000 | 1,000 5,000
WiC Lexical Disambig. 5,066 | N/A 1,048 4,418 648 1,048
SPIDER Text2SQL Code Gen. 7,000 | N/A 1,034 6,300 700 1,034
AGNEWS Text Classification 10,000 | N/A 7,600 | 10,000 | 1,000 7,600

Table 8: Data statistics for Zhang et al. (2025)’s fine-tuning experiment and our fine-tuning experiment

given an interaction tuple and the source sentence
from which it was extracted. The interaction tuple
contains an interaction type, a catalyst protein, and
one or two other proteins involved in the interaction.
Analyze whether the tuple correctly represents a
valid interaction as described in the sentence. Re-
spond only with one of these three labels: 0, 1, or 2.
Label 1 means the interaction tuple is valid. Label
0 means it is invalid. Label 2 means that swap-
ping the catalyst role with one of the other proteins
would make the interaction valid. Do not include
explanations, punctuation, or any additional text in
your output.

[user] Sentence: High molecular mass species
containing CCR5 and CXCR4 simultaneously
are not detected, as shown when cells are stim-
ulated with SDF-1ac or RANTES and (AOP)-
RANTES, and when immunoprecipitation and
Western blot are performed using anti-CCRS5 or
anti-CXCR4 antibodies, respectively. Interaction
tuple: [’stimulate’, ’AOP’, ’CXCR4’]

[assistant] O

snli [system] You are an expert in the Natural
Language Inference task for the SNLI dataset. Your
goal is to determine the logical relationship be-
tween a premise and a hypothesis. You will be pro-
vided with a premise and a hypothesis statement.
Carefully analyze their meanings and classify their
relationship into one of the following three cate-
gories: entailment (the hypothesis is definitely true
given the premise), neutral (the hypothesis might
be true but is not guaranteed by the premise), or
contradiction (the hypothesis is false or incompat-
ible with the premise). Respond only with one of
these three labels: entailment, neutral, or contradic-
tion. Do not include explanations, punctuation, or
any additional text in your output.

[user] Premise: This church choir sings to the
masses as they sing joyous songs from the book at

a church. Hypothesis: The church has cracks in the
ceiling.
[assistant] neutral

spider [system] You are an expert in text-to-SQL
generation for the Spider dataset. Your goal is to
convert natural language questions into accurate
SQL queries. You will be given a natural language
question and a database schema. Write an SQL
query that retrieves the requested information based
on the given question. Use proper SQL syntax
and consider any necessary table joins, conditions,
aggregations, and sorting operations. Respond only
with the SQL query.

[user] Question: How many singers do we have?
Database schema: {database_schema}

[assistant] SELECT count(*) FROM singer

sst-2 [system] You are an expert in sentiment
analysis for the SST-2 dataset. Your goal is to
determine the sentiment expressed in movie re-
views. You will be given a sentence from a movie
review. Analyze the sentiment carefully and de-
termine whether it expresses a positive or negative
opinion. Respond only with one of these two labels:
positive or negative. Do not include explanations,
punctuation, or any additional text in your output.

[user] it ’s a charming and often affecting jour-
ney .

[assistant] positive

wic [system] You are an expert in word sense
disambiguation for the WiC dataset. Your goal
is to identify whether a target word has the same
meaning across two different contexts. You will
be given a target word (either a noun or a verb)
and two sentences, each containing that word. Ana-
lyze whether the target word is used with the same
meaning in both contexts. Respond only with one
of these two labels: True or False. True means the
word has the same meaning in both contexts. False



means the word has different meanings in the two
contexts. Do not include explanations, punctuation,
or any additional text in your output.
[user] Sentence 1: It was a narrow defeat. Sen-
tence 2: The army’s only defeat. Target: defeat
[assistant] True

wmt [system] You are an expert in machine trans-
lation for the WMT dataset. Your goal is to trans-
late English sentences into German accurately and
fluently. You will be given an English sentence.
Translate the sentence into German, ensuring that
the translation preserves the meaning, style, and
nuances of the original text. Respond only with the
German translation.

[user] Obama receives Netanyahu

[assistant] Obama empfingt Netanyahu

A.3 Fine-tuning Configuration

We perform a grid search to select the optimal
learning rate for each configuration, using vali-
dation loss as the selection criterion. For joint
fine-tuning, we search over five candidate val-
ues: {le—5,3e—5,5e—5,7e—5,1e—4}. For in-
dividual fine-tuning, due to the large number of
runs, we reduce the search pool to three values:
{le—5,5e—5,1e—4}. Tables 9 and 10 report the
best learning rate found for LLaMa and Qwen, re-
spectively.

The rest of training configuration are presented
in Table 11.

A4 Scaling to 70B

Due to compute constraints, we ran each configu-
ration with a single seed and did not evaluate the
intermediate AMR-to-text condition. Results are
given in Table 12.

B AMR-to-text generation

B.1 Experimental details

Figure 5 presents the prompt template used for
training. The model is loaded in bfloat16 precision
and fine-tuned using LoRA with rank r = 64, a =
128, and a dropout of 0.05. LoRA adapters are
applied to all seven projection layers: query, key,
value, output, gate, up, and down projections.

Training runs for 10 epochs with a batch size of
8 on a single GPU. The AdamW optimiser is used
with a learning rate of 1 x 10~* and weight decay
of 0.01. Random seed is set to 42. Best model
selected based on lowest validation loss.

Train Dataset Setup LR
Text 5e—5
PubMed AMR 5e—5
AMR-i. 5e—5
Text 5e—5
WMT AMR 5e—5
AMR-i. 5e—5H
Text 5e—5
PAWS AMR 5e—5
AMR-i. 5e—5
Text 5e—5
WiC AMR 5e—5
AMR-i. 5e—5H
Text 5e—5
Indiv. CoNLL AMR 5e—5
AMR-i. 5e—5
Text 5e—5
SST AMR 5e—5
AMR-i. 5e—5
Text 5e—>
Spider AMR 5e—5
AMR-i. 5e—5
Text 5e—5
AGNews AMR 5e—5
AMR-i. 5e—5
Text 5e—H
SNLI AMR 5e—5
AMR-i. 5e—5
- Text Te—5
Joint - AMR. 5e—5
- AMR-i. 5e—5H

Table 9: Learning rates for Llama per training configu-
ration. AMR-i. stands for AMR-Intermediate. Dataset
names are simplified for illustration purposes.

{System} Generate a sentence for the given Abstract Mean-
ing Representation.

{User} (r / receive-01
:name :op1 “Obama”) :ARGI1
“Netanyahu”))

{Assistant} Obama receives Netanyahu

:ARG@ (p / person
(p2 / person :name

Figure 5: Prompt template used for AMR-to-text gener-
ation.

B.2 Results

We report BLEU scores on the AMR 3.0 test split
after intermediate fine-tuning in Table 13. Our ap-
proach enables 8B models to achieve strong AMR-
to-text performance after Phase 1, competitive with
state-of-the-art model (Cheng et al., 2022). After
Phase 2, performance drops moderately — from
46 to 43.9 BLEU — an expected consequence of
catastrophic forgetting when adapting to new tasks.
Nevertheless, the retained score of 43.9 BLEU in-
dicates that the model preserves substantial AMR
comprehension after Phase 2 training.



Parameter Value

LLM Related
Attention impl. flash_attention_2
Dtype bfloat16

LoRA Configuration

Train Dataset Setup LR
Text 5e—5
PubMed AMR 5e—5
AMR-i. 5e—5
Text 5e—5
WMT AMR 5e—5
AMR-i. 5e—bH
Text 5e—5
PAWS AMR 5e—5
AMR-i. 5e—5
Text 5e—5
WiC AMR 5¢e—5
AMR-i.  5e—bH
Text 5e—>
Indiv. CoNLL AMR 5e—5
AMR-i. 5e—5
Text 5e—5
SST AMR 5e—5
AMR-i. 5e—5H
Text 5e—H
Spider AMR 5e—5
AMR-i. b5e—5H
Text 5e—5
AGNews AMR 5e—5
AMR-i. 5e—5H
Text 5e—H
SNLI AMR 5¢e—5
AMR-i. 5e—b
- Text Te—5
Joint - AMR. 5e—5
- AMR-i. 5e—bH

Table 10: Learning rates for Qwen per training configu-
ration. AMR-i. stands for AMR-Intermediate.

C Multi-sentence Experiment

C.1 Dataset Construction

RAMS The original RAMS dataset contains
7329, 924, and 827 samples for the train, devel-
opment, and test splits, respectively. Each example
consists of a passage of 3-5 sentences. We use the
complete dataset without additional filtering, ex-
cept for excluding samples that fail AMR parsing,
resulting in 7000, 849, and 817 samples for the
train, development, and test splits.

CNN/DailyMail The original dataset contains
287k, 13.4k, and 11.5k samples for the train, devel-
opment, and test splits, with considerable variation
in passage length. We first filter out examples with
more than 10 sentences, then randomly sample
5000, 500, and 500 samples for the train, develop-
ment, and test sets, respectively.

ANLI The original dataset contains 100k, 1.2k,
and 1.2k samples for the train, development, and
test splits, respectively. We randomly sample 7000
and 700 samples for the train and development sets.

Rank () 64
Alpha 128
Dropout 0.05
Target modules q_proj, k_proj, v_proj,
o_proj, gate_proj, up_proj,
down_proj
Training
Random seed 0,1,2,3,4
Batch size 8
Weight decay 0.01
Early stopping pa- 3
tience
Grad. accum. steps 4
Training epochs 10
Inference
Max new tokens 50
Do sample False
GPU
Number of GPUs 1

Table 11: Configuration for single-sentence fine-tuning.

LogiQA The original dataset comprises 7,380,
651, and 651 samples for the train, development,
and test splits, respectively. We exclude single-
sentence samples as they do not satisfy the multi-
sentence requirement of our experimental setup
and samples that fail AMR parsing, leaving 3828,
478, and 480 samples for the train, development,
and test splits, respectively.

C.2 Example prompts

In this section, we present complete examples of
text-only prompts for all tasks in our multi-sentence
fine-tuning experiments. AMR-based prompts fol-
low the same structure, with minor modifications
to the system message to introduce the AMR for-
malism. AMR prompt examples are available in
our GitHub repository.

RAMS [system] You are an expert in event argu-
ment extraction task for RAMS dataset. Your task
is to find argument for specific events.

## Task Definition

Given a text passage, an event trigger
word/phrase, an event type, and all the argument
roles associated with that event type, you must ex-
tract the exact text spans from the passage that fill
each role.

## Instructions

* Process each argument role individually.



Training Setup WIiC SST SNLI PM PAWS AGN SPD CNL WMT
(FI) (F1) (F1) (F1) (F1) (F1) (EM) (Fl) (BLEU)
Toint Text 762 961 921 674 939 926 591  93.0 30.2
om +AMR 781 967 920 739 935 921 615 924 31.3
Individual  TEXt 780 967 922 839 942 936 594 929 31.3
wvidual - L AMR 785 97.0 920 852 937 932 588  93.6 28.2

Table 12: Joint and individual training results on the nine single-sentence task datasets for Llama-3.1-70B-Instruct.
The best-performing setup within each training type and dataset is indicated in bold.

Model Strategy | BLEU Score

LLaMA3.1-8B-Ins

Phase 1 checkpoint 46.0

Phase 2 checkpoint 43.9

Qwen3-8B

Phase 1 checkpoint 45.7

Phase 2 checkpoint 43.1

State-of-the-Art (Reference)
BiBL [ 474

Table 13: AMR-to-text generation performance (BLEU)
for LLaMA and Qwen models

¢ For each role:

— Find corresponding text span in the pas-
sage.
— A span must be a contiguous, exact quote
from the passage and within a sentence.
A span cannot cross sentence boundaries.
— If the role cannot be filled based on the
given passage, don’t include it in your
answer.
## Output Format
Provide your response as a list of role-span pairs,
one per line:
role_namel:exact_text_spanT
role_name2:exact_text_span2
## Important Notes

* Event types are provided in hierarchi-
cal format using dot notation, where
each level represents increasing specificity:
main_type.sub_type.sub_sub_type

* Do not include explanations or additional com-
mentary.

[user]

» Passage: Three specific points illustrate why
Americans see Trump as the problem: 1)
Trump has trouble working with people be-
yond his base. In Saddam Hussein’s Iraq that
might work when opponents can be thrown
in jail or exterminated. In the United States
that won’t fly: presidents must build bridges
within and beyond their core support to re-

solve challenges. Without alliances, a presi-
dent can’t get approval to get things done.

* Event trigger: exterminated

* Event type: 1life.die.n/a

* Argument roles: victim, place

[assistant] victim:opponents place:Iraq

CNN [system] You are an expert in summariza-
tion task for CNN dataset.

## Task Definition

Given a passage, generate a concise and accurate
summary. Your response should consist only of
the summary — do not include any introductory or
explanatory text.

[user]

* Passage: Baghdad (CNN) — Radical Iraqi
cleric Mugqtada al-Sadr has returned to the
country after more than three years in Iran, ac-
cording to Iraqi state television and websites
maintained by al-Sadr’s followers. The Shiite
cleric has been in Iran since early 2007, apart
from a public appearance in Iraq in May 2007.
He has been studying in the Iranian city of
Qom to become an ayatollah, the title given
to high-ranking Shiite Muslim religious schol-
ars. Al-Sadr commanded one of Iraq’s most
formidable private armies after the fall of Sad-
dam Hussein, which contributed to violence
and instability in the country for several years.
His political bloc has now joined forces with
a former rival, Prime Minister Nuri al-Maliki.
The Sadr movement emerged as one of the
kingmakers in Iraqi politics in March, when it
won 39 parliamentary seats. The bloc’s sup-
port played a major role in al-Maliki getting
his second term in office.

[assistant] Muqtada al-Sadr has been in Iran
since 2007. He’s been studying to be an ayatollah.
His political bloc was a kingmaker after elections
in March.



LogiQA [system] You are an expert in logical
reasoning for LogiQA dataset. You will be pro-
vided with a context and a question and multiple
answer options. Your task is to select the correct
answer. Output only the index number (starting
from 0) of the correct option. Do not include ex-
planations, punctuation, or additional text in your
output.
[user]

» Passage: Continuous exposure to indoor flu-
orescent lights is beneficial to the health of
hamsters with heart disease. One group of
hamsters exposed to continuous exposure to
fluorescent lights has an average lifespan that
is 2.5% longer than another one of the same
species but living in a black wall.

Question: Which of the following questions
was the initial motivation for conducting the
above experiment?

Options: [“Can hospital light therapy be
proved to promote patient recovery?”, “Which
one lives longer, the hamster living under
the light or the hamster living in the dark?”,
“What kind of illness does the hamster have?”,
“Do some hamsters need a period of dark-
ness?”’]

[assistant] O

ANLI [system] You are an expert in the Adversar-
ial Natural Language Inference (ANLI) task. Your
goal is to determine the logical relationship be-
tween a premise and a hypothesis. You will be
provided with a passage as the premise and a hy-
pothesis statement. Carefully analyze their mean-
ings and classify their relationship into one of the
following three categories: entailment (the hypoth-
esis is definitely true given the premise), neutral
(the hypothesis might be true but is not guaranteed
by the premise), or contradiction (the hypothesis is
false or incompatible with the premise). Respond
only with one of these three labels: entailment, neu-
tral, or contradiction. Do not include explanations,
punctuation, or any additional text in your output.

[user]

* Premise: McGee (lower body) has been
cleared for Friday’s tilt with the Grizzlies.
McGee will play through a glute contusion
Friday night, but the injury will definitely be
something to keep an eye on. He may see
his minutes monitored more closely, in which
case expect Damian Jones to see increased
action.

Train Model Dataset  Setup LR
Text 5e—5
RAMS AMR le—5
AMR-i. 3e-5
Text le—5
LogiQA  AMR le—5
Llama AMR-i. 3e—5
Text le—5
ANLI AMR le—5
AMR-i. 1le-5
Text 3e—5
CNN AMR le—5
Indiv. AMR-i. le—5
Text 3e—5
RAMS AMR le—5
AMR-i. 3e—5
Text le—5
LogiQA  AMR le—5
Qwen AMR-i. 1le-5
Text le—5
ANLI AMR le—5
AMR-i. 1le-5
Text le—5
CNN AMR 3e—5
AMR-i. le—5
— Text le—5
Llama - AMR le—5
. - AMR-i. le—5
Joint
- Text le—5
Qwen  — AMR le—5
- AMR-i. le—5

Table 14: Learning rates per training configuration for
RAMS, CNN, LogiQA, and ANLI. AMR-i. stands for
AMR-Intermediate

* Hypothesis: The glute is the injured part of
him.

[assistant] entailment

C.3 Fine-tuning configuration

We perform a grid search to select the opti-
mal learning rate for each configuration, us-
ing validation loss as the selection crite-
rion. We search over five candidate values:
{le—5,3e—5,5e—5,Te—5,1le—4}. Tables 14 re-
port the best learning rate found for Llama and
Qwen.

The rest of training configuration are presented
in Table 15.

D Alternative Integration Strategies

GNN encoder. We encode each sentence-level
AMR graph with a 3-layer relational graph convolu-
tional network (Schlichtkrull et al., 2018) of hidden
dimension 768, using 17 relation types obtained by
bucketing the AMR edge labels. Node features are



Parameter Value Strategy Training RAMS LogiQA ANLI CNN

LLM Related (FI) (Ace) (FD R-L)
Attention impl. flash_attention_2 GNN Joint 50.2 54.6 88.8 310
Dtype bfloat16 Indiv. 507 575 88.1 312

LoRA Configuration Joint 49.5 56.9 88.7 32.1
Rank () 64 AMRBART 14iv. 494 569 877 312
Alpha 128
Dropout 0.05 . . . Table 16: Multi-sentence task results for Llama-3.1-8B-
Target modules g_proj, k_proj, v_proj, .

o_proj, gate_proj, up_proj, Instruct with GNN- and AMRBART-encoded AMR soft
down_proj prompts.

Training
Random seed 0,1,2,3,4 . . . . .
Batch size 4 figuration with a single seed. Results are given in
E’eilght decay (3)-01 Tables 17 and 16. Both strategies show no con-

t - . . .

ti:rrl Cye sloppimg - pa sistent improvement over the text-only baselines
Grad. accum. steps 4 reported in Section 3 and Section 4.
Training epochs 10

Inference E Relational Knowledge Analysis
Max new tokens 50 .
Do sample False E.1 Dataset Construction

GPU
Number of GPUs 1 We first randomly sample 300 sentences from the

Table 15: Configuration for multi-sentence fine-tuning.

initialized from the LLM’s own input embedding
table by mean-pooling the subword embeddings of
each concept label, so the graph encoder and the
language model share an input space. To project
the resulting node representations into the LLM’s
embedding space we use a querying transformer (Q-
Former) in the style of BLIP-2 (Li et al., 2023): K
learnable query vectors self-attend and then cross-
attend to the node representations of a single graph,
yielding a fixed number of K outputs per graph
regardless of graph size, which a final linear layer
maps to the LLM embedding dimension. We place
graph tokens immediately after its corresponding
sentence. The graph encoder and Q-Former are
trained jointly with the LoRA adapters, while the
base LLM remains frozen.

AMRBART encoder. We use the encoder of
AMRBART (Bai et al., 2022), a BART-based
sequence-to-sequence model pre-trained on AMR,
to encode the linearized graph. Graphs are serial-
ized in AMRBART’s own format and tokenized
with its graph-aware vocabulary. These vectors are
then projected into the LLM’s embedding space by
exactly the same Q-Former architecture as in GNN
encoder approach. The AMRBART encoder is kept
frozen and only the Q-Former is trained, alongside
the LoRA adapters.

Due to compute constraints, we ran each con-

PAWS dataset. We then filter out sentences whose
semantic content is too simple to yield a meaning-
ful AMR-NLD — for example, sentences such as
“I saw a dog”, whose AMR-NLD would be largely
identical to the sentence itself and thus uninforma-
tive for our analysis. Filtering is performed using
Claude Sonnet 4.6, resulting in a final set of 178
sentences for AMR-NLD generation.

E.2 Prompt For Relational Knowledge
Analysis

Table 18 presents the system prompts used for get-

ting perplexity.

E.3 AMR-NLD

Figure 6 presents the full system prompt used for
generating AMR-NLD.



Strategy Training WiC SST SNLI PM PAWS AGN SPD CNL WMT
(F1) (F1) (Fl) (FI) (F) (F1) (EM) (Fl) (BLEU)
GNN Joint 740 958 909 713 932 888 534 909 277
Individual 747 962 910 744 935 930 521 924 266
Toint 723 960 910 817 937 749 528 930 261
AMRBART 1 jividual 750 963 915 844 939  9l4 498 922 284

Table 17: Single-sentence task results for Llama-3.1-8B-Instruct with GNN- and AMRBART-encoded AMR soft

prompts.
Type of Prompt System Prompt User Prompt
Text-only Task: Deconstruct the following sentence into its Sentence: “Captain” was hulked in 1739 , and
underlying logical structure. Describe the meaning by eventually broken up in 1762
identifying core events, the entities involved, and
how they relate to one another
Example:
Input Sentence: "The NBA season of 1975 - 76 was the
30th season of the National Basketball Association .”
Output: This refers to a season of the National
Basketball Association. It was the 30th season of
the league. The season took place during the 1975-76
time period.
Text + AMR Task: Deconstruct the following sentence into its Sentence: “Captain” was hulked in 1739 , and
underlying logical structure. Describe the meaning eventually broken up in 1762
by identifying core events, the entities involved, AMR:
and how they relate to one another. You may use the (a / and
provided AMR (Abstract Meaning Representation) as a cop1 (h / hulk-01
supplement to guide you through generation. :ARG1 (s / ship
Example: :name (n / name
Input Sentence: "The NBA season of 1975 - 76 was the :opl "Captain”))
30th season of the National Basketball Association .” :time (d / date-entity
Input AMR: :year 1739))
(s / season~2 :op2 (b / break-up-08
cord (o / ordinal-entity~10@ :ARG1 s
:value 30~9) :time (e / eventual)
:poss (1 / league~13 :time (d2 / date-entity
:name (n / name~13 :year 1762)))
:op1 "National”~13
:op2 "Basketball”~14
:op3 "Association”~15))
:time (d3 / date-interval~4
:opl (d / date-entity~4
:year 1975~4)
:op2 (d2 / date-entity~6
:year 76~6)))
Output: This refers to a season of the National
Basketball Association. It was the 30th season of
the league. The season took place during the 1975-76
time period.
Text + AMR nodes Task: Deconstruct the following sentence into its Sentence: “Captain” was hulked in 1739 , and
underlying logical structure. Describe the meaning eventually broken up in 1762
by identifying core events, the entities involved, Supplement: and, hulk-01, ship, name, "Captain”,
and how they relate to one another. You may use the date-entity, 1739, break-up-08, s, eventual,

supplement provided if you find it helpful.
Example:

Input Sentence:
30th season of the National Basketball Association .
Supplement: season, ordinal-entity, 30, league,
name, "National”, "Basketball”, "Association”,
date-interval, date-entity, 1975, date-entity, 76
Output: This refers to a season of the National
Basketball Association. It was the 30th season of
the league. The season took place during the 1975-76
time period.

"The NBA season of 1975 — 76 was the

"

date-entity, 1762

Table 18: Prompt types and their corresponding system prompt



Full system prompt for AMR-to-NLD generation

You are an expert at reading AMR graphs and describing them in plain natural language. Given an AMR graph, decompose
it into its core relational branches (such as :ord, :poss, :time, :ARGO, :ARG1, :location, etc.), map each branch to an
individual natural language description, then aggregate all descriptions into a final coherent AMR-NLD (Natural Language
Description).

Rules:
¢ No technical terms like ARGO, ARG1, opl, variable names, etc.
¢ Decompose the AMR into its relational branches first, then map each to a sentence.
» Each sentence should capture one relationship or branch from the AMR.
* Aggregate the individual descriptions into a coherent, flowing final output.
* Use natural pronouns and nouns to handle repeated entities.
* If an argument is missing, skip it; do not mention it is absent.
* Keep sentences simple and direct.
 Ignore all index markers like ~1, ~2, ~3 in the AMR.

0

* Output ONLY the final aggregated sentences, no preamble, no intro like “Here are the sentences...
meta-commentary.

or any other

Example 1:
AMR:
(g / give-01
:ARGO (p / person :name (n / name :opl "John"))
:ARG1 (b / book)
:ARG2 (p2 / person :name (n2 / name :op1 "Mary”)))
Branch decomposition:
* :ARGO — John is the giver

* :ARG1 — a book is what was given

* :ARG2 — Mary is the recipient

QOutput:
John gave a book. The recipient of the book was Mary.

Example 2:
AMR:
(s / season
:ord (o / ordinal-entity :value 30)
:poss (1 / league :name (n / name :opl1 "National” :op2 "Basketball” :op3 "Association"))
:time (d / date-entity :year 1975 :year2 1976))
Branch decomposition:
¢ :poss — belongs to the National Basketball Association

e :ord — it was the 30th season

e :time — it took place in the 1975-76 period

Output:
This refers to a season of the National Basketball Association. It was the 30th season of the league. The season took place
during the 1975-76 time period.

Example 3:




AMR:

(s / sell-off-04
:ARGO (g3 / group
:consist-of (p / person :ARGO-of (h / hack-04))
:mod (c3 / criminal-organization :name (n / name :opl1 "Shadow” :op2 "Brokers")))
:ARG1 (t / tool
:purpose (s2 / spy-01 :mod (c5 / cyber))
:ARGO-of (b / belong-01
:ARG1 (g2 / government-organization
:ARGO-of (g / govern-01 :ARG1 (c2 / country :name (n2 / name :op1 "U.S."))))
:ARGT-of (c / claim-01 :ARGO g3)))
:manner (a / auction-02 :mod (o / online))
:time (c4 / current))

Branch decomposition:
* :ARG@ — a criminal organization called the Shadow Brokers, consisting of hackers

* :ARG1 — cyberspy tools claimed to belong to the U.S. government
* :manner — conducted via online auction

e :time — currently ongoing

QOutput:

A criminal organization called the Shadow Brokers conducted a sell-off. The group consisted of hackers. They sold
cyberspy tools. The Shadow Brokers claimed these tools belonged to the U.S. government. The auction was conducted
online. This sell-off is currently ongoing.

Example 4:
AMR:
(e / exterminate-01
:ARGO (p / person :name (n / name :op1 "Saddam” :op2 "Hussein"))
:ARG1 (o / person :ARGO-of (02 / oppose-01))
:location (c / country :name (n2 / name :opl "Iraq”)))
Branch decomposition:
* :ARGO — Saddam Hussein is the one who exterminated

* :ARG1 — the targets were people who opposed him

* :location — this took place in Iraq
Output:
Saddam Hussein carried out an extermination. The targets of this extermination were people who opposed him. This took
place in Iraq.

Example 5:
AMR:

(d / decry-o1
:ARGO (p2 / person :name (n / name :opl "Trump"))
:ARG1 (a / and
:op1 (p4 / protect-01
:ARGO (c / country :name (n2 / name :opl "US"))
:ARG1 (c2 / country :name (n3 / name :op1 "Saudi” :op2 "Arabia”)))
:op2 (r / reimburse-01
:ARG1 (p / penny
:ARG3-of (s2 / spend-@1 :ARGO (w / we)
:time (s / sit-01 :ARG1 c2
:ARG2 (m2 / multiple
:op1 (m / monetary-quantity :quant 1000000000000 :unit (d2 / dollar))))))
:mod (e / every))
:ARG2 ¢
:manner (p3 / proper)
:polarity -))

Branch decomposition:
* :ARG@ — Trump is the one decrying
* :ARGT :op1 — the US protecting Saudi Arabia
* :ARG1 :o0p2 — Saudi Arabia not properly reimbursing the US for every penny spent

* (context) — Saudi Arabia sits on over a trillion dollars
Qutput:
Trump decried two things. First, he decried the fact that the US was protecting Saudi Arabia. Second, he decried that
Saudi Arabia had not properly reimbursed the US for every penny that the US spent on protecting Saudi Arabia. This was
particularly troubling given that Saudi Arabia was sitting on over a trillion dollars.




Figure 6: Full system prompt for AMR-to-NLD generation
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