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Abstract

Large Language Models (LLMs) are increasingly applied to tasks involving structured inputs
such as semantic graphs, yet adapting them to such inputs remains non-trivial. Common
approaches either linearize graphs, discarding structural information, or rely on specialized
architectures that are not directly compatible with standard pretrained LLMs. We present
SAFT, a structure-aware fine-tuning method that augments LLMs with graph positional
encodings derived from the magnetic Laplacian of the input graph. These encodings are
projected into the LLM embedding space, introducing relational inductive bias without mod-
ifying the model architecture. While SAFT is conceptually applicable to any task involving
directed graph inputs with node–token alignment, we focus on the task of generating natural
language text from an input AMR (Abstract Meaning Representation) graph, a directed
graph encoding predicate-argument semantics of natural language sentences. AMR-to-text
generation requires models to integrate both linguistic fluency and structural faithfulness,
making it a demanding evaluation setting. We show that SAFT consistently improves or
matches standard fine-tuning across all tested model families and scales, with gains that
increase with graph structural complexity, both on sentence-level graphs of increasing depth
and on document-level graphs of increasing size, demonstrating that structural encoding
provides a reliable and scalable inductive bias for LLM fine-tuning.

1 Introduction

Large Language Models (LLMs) have become the dominant paradigm for natural language processing,
demonstrating strong generalization across a wide range of sequential tasks. Recent work has sought to
extend the reasoning and representation capabilities of LLMs beyond sequential data to more expressive,
structured modalities, such as graphs (Jin et al., 2024a; Jiang et al., 2023; Fatemi et al., 2024; Zhang et al.,
2022; Tang et al., 2024), motivated by the need for models that can reason over relational data. Yet, common
approaches either require architectural modifications, or auxiliary components which limit their compatibility
with pretrained general-purpose sequence models that characterize the recent LLM paradigm.

A particularly well-defined and linguistically grounded graph representation is the Abstract Meaning Represen-
tation (AMR) (Banarescu et al., 2013), i.e., a rooted, directed acyclic graph that encodes predicate-argument
structure and core semantic relations. We focus on the AMR-to-text generation task, i.e., producing a natural
language sentence that accurately expresses the meaning of an AMR graph. This task represents a strong
benchmark for evaluating the ability of LLMs to interface with structured semantic representations, as it
demands sensitivity to graph topology and semantic content while preserving fluency and coherence in the
generated output.

Despite its importance, AMR-to-text generation remains challenging due to the inherent relational and
semantic structure of AMRs. Prior approaches fall into three categories: sequence-to-sequence models
(Bevilacqua et al., 2021; Cheng et al., 2022) that linearize AMRs and discard structural topology; graph-to-
sequence methods (Song et al., 2018; Zhu et al., 2019; Ribeiro et al., 2021) that use task-specific encoders
(e.g., Graph Neural Networks (GNNs)), which are not directly compatible with pretrained LLMs; and LLM
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<latexit sha1_base64="T5WnWmazmR9KVzdKP+jL5A1NxQU=">AAACDnicbVDLSsNAFJ3UV62vqLhyM1iEClISkeqy6MZlBfuAJoTJdNIOnZmEmUmhhP6Dv+BW9+7Erb/g1i9x2mZhWw9cOJxzL/dwwoRRpR3n2yqsrW9sbhW3Szu7e/sH9uFRS8WpxKSJYxbLTogUYVSQpqaakU4iCeIhI+1weD/12yMiFY3Fkx4nxOeoL2hEMdJGCuwTL4olYgxWPMJYQC/hKKAXgV12qs4McJW4OSmDHI3A/vF6MU45ERozpFTXdRLtZ0hqihmZlLxUkQThIeqTrqECcaL8bBZ/As+N0oMmhxmh4Uz9e5EhrtSYh2aTIz1Qy95U/M/rpjq69TMqklQTgeePopRBHcNpF7BHJcGajQ1BWFKTFeIBkghr09jCl5BPSqYUd7mCVdK6qrq1au3xuly/y+spglNwBirABTegDh5AAzQBBhl4Aa/gzXq23q0P63O+WrDym2OwAOvrF2rXm2Y=</latexit>→(ωi, vi)

[53757] …[25, 867, 16] [3850][25, 867, 15]

<latexit sha1_base64="lJu2d4bnWQed6uYP+56KY5S12PA=">AAACEnicbVDLSsNAFJ34rPUVdSVugkWom5KIVJcFNy4r2Ac0MUwmk3bozCTMTIQSgj/hL7jVvTtx6w+49UuctFnY1gPDHM65l3vvCRJKpLLtb2NldW19Y7OyVd3e2d3bNw8OuzJOBcIdFNNY9AMoMSUcdxRRFPcTgSELKO4F45vC7z1iIUnM79UkwR6DQ04igqDSkm8eu0FMQzlh+stU/pDVXUyp75znvlmzG/YU1jJxSlIDJdq++eOGMUoZ5gpRKOXAsRPlZVAogijOq24qcQLRGA7xQFMOGZZeNj0ht860ElpRLPTjypqqfzsyyGSxpa5kUI3koleI/3mDVEXXXkZ4kirM0WxQlFJLxVaRhxUSgZGiE00gEkTvaqERFBApndrclIDlVR2KsxjBMuleNJxmo3l3WWs1yngq4AScgjpwwBVogVvQBh2AwBN4Aa/gzXg23o0P43NWumKUPUdgDsbXLz+GnhE=</latexit>

t(ω1)
<latexit sha1_base64="N6AMKm6LiQA2hsZTw7+T+vGh3Po=">AAACEnicbVDLSsNAFJ3UV62vqCtxEyxC3YSkSHVZcOOygn1AE8NkMmmHTjJhZiKUEPwJf8Gt7t2JW3/ArV/ipM3Cth4Y5nDOvdx7j59QIqRlfWuVtfWNza3qdm1nd2//QD886gmWcoS7iFHGBz4UmJIYdyWRFA8SjmHkU9z3JzeF33/EXBAW38tpgt0IjmISEgSlkjz9xPEZDcQ0Ul8m84es4WBKveZF7ul1y7RmMFaJXZI6KNHx9B8nYCiNcCwRhUIMbSuRbga5JIjivOakAicQTeAIDxWNYYSFm81OyI1zpQRGyLh6sTRm6t+ODEai2FJVRlCOxbJXiP95w1SG125G4iSVOEbzQWFKDcmMIg8jIBwjSaeKQMSJ2tVAY8ghkiq1hSl+lNdUKPZyBKuk1zTtltm6u6y3zTKeKjgFZ6ABbHAF2uAWdEAXIPAEXsAreNOetXftQ/ucl1a0sucYLED7+gVBHJ4S</latexit>

t(ω2)
<latexit sha1_base64="xwsexVRrERzViqdb51IWOzd/W+k=">AAACFnicbVDLSsNAFJ3UV62vqEsRgkWoC0MiUl0W3LisYB/QxDCZTNqhk0mYmQglZOVP+Atude9O3Lp165c4abOwrQeGOZxzL/fe4yeUCGlZ31plZXVtfaO6Wdva3tnd0/cPuiJOOcIdFNOY930oMCUMdySRFPcTjmHkU9zzxzeF33vEXJCY3ctJgt0IDhkJCYJSSZ5+7PgxDcQkUl8m84es4WBKvYyd2/lZ7ul1y7SmMJaJXZI6KNH29B8niFEaYSYRhUIMbCuRbga5JIjivOakAicQjeEQDxRlMMLCzaZn5MapUgIjjLl6TBpT9W9HBiNRbKoqIyhHYtErxP+8QSrDazcjLEklZmg2KEypIWOjyMQICMdI0okiEHGidjXQCHKIpEpuboof5TUVir0YwTLpXph202zeXdZbZhlPFRyBE9AANrgCLXAL2qADEHgCL+AVvGnP2rv2oX3OSita2XMI5qB9/QJ7jp/M</latexit>

t(ωn→1)
<latexit sha1_base64="NaHU9WRlOTEmyutxpk0T74Dp1iQ=">AAACFHicbVC7TsMwFHV4lvIKMHaxqJDKEiUIFcZKLIxFog+pCZHjuK1Vx4lsB6mKMvAT/AIr7GyIlZ2VL8FpM9CWI1k+Oude3XtPkDAqlW1/G2vrG5tb25Wd6u7e/sGheXTclXEqMOngmMWiHyBJGOWko6hipJ8IgqKAkV4wuSn83iMRksb8Xk0T4kVoxOmQYqS05Js1N4hZKKeR/jKVP2QNlzDmZzw/z32zblv2DHCVOCWpgxJt3/xxwxinEeEKMyTlwLET5WVIKIoZyatuKkmC8ASNyEBTjiIivWx2RA7PtBLCYSz04wrO1L8dGYpksaeujJAay2WvEP/zBqkaXnsZ5UmqCMfzQcOUQRXDIhEYUkGwYlNNEBZU7wrxGAmElc5tYUoQ5VUdirMcwSrpXlhO02reXdZbVhlPBdTAKWgAB1yBFrgFbdABGDyBF/AK3oxn4934MD7npWtG2XMCFmB8/QKHjp9a</latexit>

t(ωn)

<latexit sha1_base64="AOAkiEf5youP5D/ErA+3v5NcmOA=">AAACEHicbZDLSsNAFIYnXmu9RV24cDNYBFclEakui25cuKjQG7QhTKaTdujMJMxMhBLyEr6CW927E7e+gVufxEkbxLb+MPDxn3M4Z/4gZlRpx/myVlbX1jc2S1vl7Z3dvX374LCtokRi0sIRi2Q3QIowKkhLU81IN5YE8YCRTjC+zeudRyIVjURTT2LicTQUNKQYaWP59nGfIz3CiKXNzP/l+8y3K07VmQoug1tABRRq+PZ3fxDhhBOhMUNK9Vwn1l6KpKaYkazcTxSJER6jIekZFIgT5aXTD2TwzDgDGEbSPKHh1P07kSKu1IQHpjM/US3WcvO/Wi/R4bWXUhEnmgg8WxQmDOoI5mnAAZUEazYxgLCk5laIR0girE1mc1sCnpVNKO5iBMvQvqi6tWrt4bJSvyniKYETcArOgQuuQB3cgQZoAQwy8AxewKv1ZL1Z79bHrHXFKmaOwJyszx8vHJ2d</latexit>TL
want parent:ARG1 :ARG0…

<latexit sha1_base64="ABdd4Tkc5hxdB898wuW4VCsdMbI=">AAAB/XicbVA9SwNBEJ3zM8avqKXNYhCsjjuRaBmwsYxgPiA5wt5mLlmzt3fs7gkhBP+CrfZ2YutvsfWXuEmuMIkPBh7vzTAzL0wF18bzvp219Y3Nre3CTnF3b//gsHR03NBJphjWWSIS1QqpRsEl1g03AlupQhqHApvh8HbqN59QaZ7IBzNKMYhpX/KIM2qs1OigEF2/Wyp7rjcDWSV+TsqQo9Yt/XR6CctilIYJqnXb91ITjKkynAmcFDuZxpSyIe1j21JJY9TBeHbthJxbpUeiRNmShszUvxNjGms9ikPbGVMz0MveVPzPa2cmugnGXKaZQcnmi6JMEJOQ6eukxxUyI0aWUKa4vZWwAVWUGRvQwpYwnhRtKP5yBKukcen6Fbdyf1Wuunk8BTiFM7gAH66hCndQgzoweIQXeIU359l5dz6cz3nrmpPPnMACnK9ffFaVfA==</latexit>

ω1
<latexit sha1_base64="sRiBTnltHHMjt6rrDqpVq6R48Es=">AAAB/XicbVA9SwNBEN2LXzF+RS1tFoNgddwFiZYBG8sI5gOSI+xt5pI1u3vH7p4QjuBfsNXeTmz9Lbb+EjfJFSbxwcDjvRlm5oUJZ9p43rdT2Njc2t4p7pb29g8Oj8rHJy0dp4pCk8Y8Vp2QaOBMQtMww6GTKCAi5NAOx7czv/0ESrNYPphJAoEgQ8kiRomxUqsHnPer/XLFc7058Drxc1JBORr98k9vENNUgDSUE627vpeYICPKMMphWuqlGhJCx2QIXUslEaCDbH7tFF9YZYCjWNmSBs/VvxMZEVpPRGg7BTEjverNxP+8bmqimyBjMkkNSLpYFKUcmxjPXscDpoAaPrGEUMXsrZiOiCLU2ICWtoRiWrKh+KsRrJNW1fVrbu3+qlJ383iK6Aydo0vko2tUR3eogZqIokf0gl7Rm/PsvDsfzueiteDkM6doCc7XL33qlX0=</latexit>

ω2
<latexit sha1_base64="QEOb8O0uRUjA8dBFlrinJbsLf8Q=">AAAB/3icbVA9SwNBEN2LXzF+RS1tFoNgddyJRMuAjWUE8wHJEfY2c8mS3b1jd08IxxX+BVvt7cTWn2LrL3GTXGESHww83pthZl6YcKaN5307pY3Nre2d8m5lb//g8Kh6fNLWcaootGjMY9UNiQbOJLQMMxy6iQIiQg6dcHI38ztPoDSL5aOZJhAIMpIsYpQYK3X7wPkgk/mgWvNcbw68TvyC1FCB5qD60x/GNBUgDeVE657vJSbIiDKMcsgr/VRDQuiEjKBnqSQCdJDN783xhVWGOIqVLWnwXP07kRGh9VSEtlMQM9ar3kz8z+ulJroNMiaT1ICki0VRyrGJ8ex5PGQKqOFTSwhVzN6K6ZgoQo2NaGlLKPKKDcVfjWCdtK9cv+7WH65rDbeIp4zO0Dm6RD66QQ10j5qohSji6AW9ojfn2Xl3PpzPRWvJKWZO0RKcr1+zapbF</latexit>

ωn

<latexit sha1_base64="a+BH/oG6RjdWTVNse0Fkz5fLqQA=">AAACAXicbVA9SwNBEJ2LXzF+RS1tFoNg43EnEi0DNpYRzAcmR9jb7CVLdveO3T0hHKn8C7ba24mtv8TWX+ImucIkPhh4vDfDzLww4Uwbz/t2CmvrG5tbxe3Szu7e/kH58Kip41QR2iAxj1U7xJpyJmnDMMNpO1EUi5DTVji6nfqtJ6o0i+WDGSc0EHggWcQINlZ67FLOe5m88Ce9csVzvRnQKvFzUoEc9V75p9uPSSqoNIRjrTu+l5ggw8owwumk1E01TTAZ4QHtWCqxoDrIZhdP0JlV+iiKlS1p0Ez9O5FhofVYhLZTYDPUy95U/M/rpCa6CTImk9RQSeaLopQjE6Pp+6jPFCWGjy3BRDF7KyJDrDAxNqSFLaGYlGwo/nIEq6R56fpVt3p/Vam5eTxFOIFTOAcfrqEGd1CHBhCQ8AKv8OY8O+/Oh/M5by04+cwxLMD5+gWYJJc3</latexit>

ωn→1

<latexit sha1_base64="a5L1TGPuf4KhzHIliwBetBMmonQ=">AAACJHicbZDLSsNAFIYn9VbrLerSzWARBKUkItVl1Y0LFxXsBZoQJtNpO3QmCTMToYQ8hC/hK7jVvTtx4caFT+KkDdKLPwx8/OcczpnfjxiVyrK+jMLS8srqWnG9tLG5tb1j7u41ZRgLTBo4ZKFo+0gSRgPSUFQx0o4EQdxnpOUPb7J665EIScPgQY0i4nLUD2iPYqS05ZknDkdqgBFL7lLvj6/SU+hI2udo2vPMslWxxoKLYOdQBrnqnvnjdEMccxIozJCUHduKlJsgoShmJC05sSQRwkPUJx2NAeJEusn4Uyk80k4X9kKhX6Dg2J2eSBCXcsR93ZmdKOdrmflfrROr3qWb0CCKFQnwZFEvZlCFMEsIdqkgWLGRBoQF1bdCPEACYaVznNni87SkQ7HnI1iE5lnFrlaq9+fl2nUeTxEcgENwDGxwAWrgFtRBA2DwBF7AK3gzno1348P4nLQWjHxmH8zI+P4F2WSl2Q==</latexit>LA, ωA <latexit sha1_base64="kmsq6PDD1dGz7TsgLN2AXT0ucbM=">AAACCnicbVDLSgNBEJyNrxhfiR69LAbBU9gViR6DXjxGyAuSEGYnvcmQ2dllpleNy/6Bv+BV797Eqz/h1S9x8jiYxIKGoqqbasqLBNfoON9WZm19Y3Mru53b2d3bP8gXDhs6jBWDOgtFqFoe1SC4hDpyFNCKFNDAE9D0RjcTv3kPSvNQ1nAcQTegA8l9zigaqZcvdBAeUbOkFo5A8idIe/miU3KmsFeJOydFMke1l//p9EMWByCRCap123Ui7CZUIWcC0lwn1hBRNqIDaBsqaQC6m0xfT+1To/RtP1RmJNpT9e9FQgOtx4FnNgOKQ73sTcT/vHaM/lU34TKKESSbBfmxsDG0Jz3Yfa6AoRgbQpni5lebDamiDE1bCylekOZMKe5yBaukcV5yy6Xy3UWxcj2vJ0uOyQk5Iy65JBVyS6qkThh5IC/klbxZz9a79WF9zlYz1vzmiCzA+voFwyibPg==</latexit>

Tokenize
<latexit sha1_base64="J3gKgSpy6+kG6oOPlT79BU3vOzw=">AAACA3icbVDLSsNAFJ34rPVVdelmsAiuSiJSXZYK4rKifUATymQ6aYfOJGHmRiwhS3/Bre7diVs/xK1f4rTNwrYeuHA4517O5fix4Bps+9taWV1b39gsbBW3d3b39ksHhy0dJYqyJo1EpDo+0UzwkDWBg2CdWDEifcHa/uh64rcfmdI8Ch9gHDNPkkHIA04JGMl1gT2Bpmn95j7rlcp2xZ4CLxMnJ2WUo9Er/bj9iCaShUAF0brr2DF4KVHAqWBZ0U00iwkdkQHrGhoSybSXTn/O8KlR+jiIlJkQ8FT9e5ESqfVY+mZTEhjqRW8i/ud1EwiuvJSHcQIspLOgIBEYIjwpAPe5YhTE2BBCFTe/YjokilAwNc2l+DIrmlKcxQqWSeu84lQr1buLcq2e11NAx+gEnSEHXaIaukUN1EQUxegFvaI369l6tz6sz9nqipXfHKE5WF+/nBeYbQ==</latexit>

BFS

<latexit sha1_base64="oPn8sRTGdi+bm+ji0TuKtEbPNls=">AAAB+3icbVBNS8NAEN3Ur1q/qh69LBbBU0lEqseiF48V7Ae0oWy2m3bp7ibsToQS8he86t2bePXHePWXuGlzsK0PBh7vzTAzL4gFN+C6305pY3Nre6e8W9nbPzg8qh6fdEyUaMraNBKR7gXEMMEVawMHwXqxZkQGgnWD6X3ud5+ZNjxSTzCLmS/JWPGQUwK5NACSDKs1t+7OgdeJV5AaKtAaVn8Go4gmkimgghjT99wY/JRo4FSwrDJIDIsJnZIx61uqiGTGT+e3ZvjCKiMcRtqWAjxX/06kRBozk4HtlAQmZtXLxf+8fgLhrZ9yFSfAFF0sChOBIcL543jENaMgZpYQqrm9FdMJ0YSCjWdpSyCzig3FW41gnXSu6l6j3ni8rjXvinjK6Aydo0vkoRvURA+ohdqIogl6Qa/ozcmcd+fD+Vy0lpxi5hQtwfn6BWYblPk=</latexit>ω <latexit sha1_base64="lmPB10/uaE7cCCvGvw1M8+348jU=">AAACBXicbVC7SgNBFJ31GeMramkzGASrsCsSLaMiWEYwD0jWMDuZTYbMzC4zd8WwbO0v2GpvJ7Z+h61f4uRRmMQDFw7n3Mu5nCAW3IDrfjtLyyura+u5jfzm1vbObmFvv26iRFNWo5GIdDMghgmuWA04CNaMNSMyEKwRDK5HfuORacMjdQ/DmPmS9BQPOSVgpYc2sCcwNL2UunqTdQpFt+SOgReJNyVFNEW1U/hpdyOaSKaACmJMy3Nj8FOigVPBsnw7MSwmdEB6rGWpIpIZPx1/neFjq3RxGGk7CvBY/XuREmnMUAZ2UxLom3lvJP7ntRIIL/yUqzgBpugkKEwEhgiPKsBdrhkFMbSEUM3tr5j2iSYUbFEzKYHM8rYUb76CRVI/LXnlUvnurFi5mtaTQ4foCJ0gD52jCrpFVVRDFGn0gl7Rm/PsvDsfzudkdcmZ3hygGThfv0jGmVs=</latexit>

AmrPE

<latexit sha1_base64="Rwev9tN12CNgE2pMQwEpx7Ydsps=">AAACAnicbVC7TsMwFHXKq5RXgZHFokJiqhKECmMFC2MR9CGlUeW4TmvVj8h2kKooG7/ACjsbYuVHWPkSnDYDbTmSpaNz7tU9PmHMqDau++2U1tY3NrfK25Wd3b39g+rhUUfLRGHSxpJJ1QuRJowK0jbUMNKLFUE8ZKQbTm5zv/tElKZSPJppTAKORoJGFCNjJb/PkRljxNKHbFCtuXV3BrhKvILUQIHWoPrTH0qccCIMZkhr33NjE6RIGYoZySr9RJMY4QkaEd9SgTjRQTqLnMEzqwxhJJV9wsCZ+ncjRVzrKQ/tZB5RL3u5+J/nJya6DlIq4sQQgeeHooRBI2H+fzikimDDppYgrKjNCvEYKYSNbWnhSsizii3FW65glXQu6l6j3ri/rDVvinrK4AScgnPggSvQBHegBdoAAwlewCt4c56dd+fD+ZyPlpxi5xgswPn6Bf62mBo=</latexit>S

<latexit sha1_base64="m1hyLDLHbp6B7MwFQzbpjLph4sU=">AAACBXicbVC7TsMwFHXKq5RXgZHFokJiqhKECmMFC2OR6ENqQ+U4TmvVj8h2kKooM7/ACjsbYuU7WPkSnDYDbTmS5aNz7tU9OkHMqDau++2U1tY3NrfK25Wd3b39g+rhUUfLRGHSxpJJ1QuQJowK0jbUMNKLFUE8YKQbTG5zv/tElKZSPJhpTHyORoJGFCNjpcdBIFmop9x+aS8bVmtu3Z0BrhKvIDVQoDWs/gxCiRNOhMEMad333Nj4KVKGYkayyiDRJEZ4gkakb6lAnGg/naXO4JlVQhhJZZ8wcKb+3UgR13k0O8mRGetlLxf/8/qJia79lIo4MUTg+aEoYdBImFcAQ6oINmxqCcKK2qwQj5FC2NiiFq4EPKvYUrzlClZJ56LuNeqN+8ta86aopwxOwCk4Bx64Ak1wB1qgDTBQ4AW8gjfn2Xl3PpzP+WjJKXaOwQKcr1+sCpma</latexit>

X

<latexit sha1_base64="iaD3/s7W5+xnyQRBTUmG7esswak=">AAACDHicdVDLSsNAFJ3UV62vaJduBovgKiRtSduNFFzosoJ9QBPKZDpth84kYWYilNBf8Bfc6t6duPUf3PolTtoKVvTCMIdz7uWee4KYUals+8PIbWxube/kdwt7+weHR+bxSUdGicCkjSMWiV6AJGE0JG1FFSO9WBDEA0a6wfQq07v3REgahXdqFhOfo3FIRxQjpamBWfSCiA3ljOsv9a4R52g+MEu25TacesWBtlWuNdxaBup2perWoWPZiyqBVbUG5qc3jHDCSagwQ1L2HTtWfoqEopiRecFLJIkRnqIx6WsYIk6kny7Mz+G5ZoZwFAn9QgUX7M+JFHGZ+dOdHKmJ/K1l5F9aP1Gjup/SME4UCfFy0ShhUEUwSwIOqSBYsZkGCAuqvUI8QQJhpfNa2xLweUGH8n05/B90ypbjWu5ttdS8XMWTB6fgDFwAB9RAE9yAFmgDDGbgETyBZ+PBeDFejbdla85YzRTBWhnvX4YJnDk=</latexit>

!

<latexit sha1_base64="jB1iZg+UuFV/BUiZfYQv6uvHmH8=">AAACAnicdVDLSsNAFJ34rPVVdelmsAiuQtKWNN1IwY3LCvYBaSiT6aQdOsmEmUmhhO78Bbe6dydu/RG3fomTtoIVPTBwOOfeufeeIGFUKsv6MDY2t7Z3dgt7xf2Dw6Pj0slpR/JUYNLGnHHRC5AkjMakrahipJcIgqKAkW4wucn97pQISXl8r2YJ8SM0imlIMVJa8sJBf4qEGhOFBqWyZToN263a0DIr9YZTz4lrVWuOC23TWqAMVmgNSp/9IcdpRGKFGZLSs61E+Zn+jmJG5sV+KkmC8ASNiKdpjCIi/Wyx8hxeamUIQy70ixVcqD87MhRJOYsCXRkhNZa/vVz8y/NSFbp+RuMkVSTGy0FhyqDiML8fDqkgWLGZJggLqneFeIwEwkqntDYliOZFHcr35fB/0qmYtmM6d7Vy83oVTwGcgwtwBWxQB01wC1qgDTDg4BE8gWfjwXgxXo23ZemGseo5A2sw3r8AgoGYbg==</latexit>

fω

<latexit sha1_base64="SEhuZMwR5zBcqkVhni4jsF6JFIE=">AAACCHicdVDJSgNBEO2JW4xLoh69NAbB0zBZSOJFAnrwGMEskITQ06kkTXoWumvEMOQH/AWvevcmXv0Lr36JnUUwog8KHu9VUVXPDaXQ6DgfVmJtfWNzK7md2tnd209nDg4bOogUhzoPZKBaLtMghQ91FCihFSpgniuh6Y4vZ37zDpQWgX+LkxC6Hhv6YiA4QyP1MukOwj1qHl8BD/ow7WWyjl0pnefLZerYxXy+4hQMKTiVYrFEc7YzR5YsUetlPjv9gEce+Mgl07qdc0Lsxkyh4BKmqU6kIWR8zIbQNtRnHuhuPD98Sk+N0qeDQJnykc7VnxMx87SeeK7p9BiO9G9vJv7ltSMcVLqx8MMIweeLRYNIUgzoLAXaFwo4yokhjCthbqV8xBTjaLJa2eJ605QJ5ftz+j9p5O1cyS7dFLPVi2U8SXJMTsgZyZEyqZJrUiN1wklEHskTebYerBfr1XpbtCas5cwRWYH1/gVLrZp0</latexit>

Decode

<latexit sha1_base64="jpTM+wSFasXwPWKu8h1YCnXtAVM=">AAACAXicdVDLSgNBEJyNrxhfUY9eBoPgadndhGS9SMCLxwjmgdkQZieTZMjs7DLTK4SQk7/gVe/exKtf4tUvcfIQjGhBQ1HVTXdXmAiuwXE+rMza+sbmVnY7t7O7t3+QPzxq6DhVlNVpLGLVColmgktWBw6CtRLFSBQK1gxHVzO/ec+U5rG8hXHCOhEZSN7nlICR7oKEdwMYMiDdfMGx/fKFV6lgxy55nu8UDSk6fqlUxq7tzFFAS9S6+c+gF9M0YhKoIFq3XSeBzoQo4FSwaS5INUsIHZEBaxsqScR0ZzK/eIrPjNLD/ViZkoDn6s+JCYm0Hkeh6YwIDPVvbyb+5bVT6PudCZdJCkzSxaJ+KjDEePY+7nHFKIixIYQqbm7FdEgUoWBCWtkSRtOcCeX7c/w/aXi2W7bLN6VC9XIZTxadoFN0jlxUQVV0jWqojiiS6BE9oWfrwXqxXq23RWvGWs4coxVY71+P/5fk</latexit>ωω
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Figure 1: Overview of SAFT. An AMR graph A is first linearized into a token sequence LA. We then
construct a graph transformation GA and compute structure-aware positional encodings from its magnetic
Laplacian. These encodings are combined with standard token positions to form AMR-specific embeddings
(AmrPE). A simple MLP fϑ aligns them with the embedding space of the LLM πθ, after which they are
injected into the token embeddings X. The model is fine-tuned to generate text S, enabling structure-aware
AMR-to-text generation without altering the LLM architecture.

adaptations (Mager et al., 2020; Yao et al., 2024a; Raut et al., 2025) that fine-tune or prompt-tune on
linearized AMRs, ignoring the underlying graph structure.

The limitations of current approaches in terms of structure modeling and adaptation to pretrained sequence
models, reveals a critical gap: how can structural inductive bias be introduced into pretrained LLMs without
architectural modification?

We address this question with SAFT, a structure-aware fine-tuning method for LLMs that augments
linearized graph inputs with positional encodings derived from the graph topology. Specifically, we compute
graph positional encodings from the magnetic Laplacian (Furutani et al., 2020; Geisler et al., 2023) of an
AMR-derived graph and inject them into the embeddings of the tokens of the graph linearization via a
lightweight MLP. As shown in Figure 1, this injects relational inductive bias into any decoder-only LLM with
minimal overhead.

SAFT demonstrates that simple, precomputed graph positional encodings, requiring only a directed graph
and node–token alignment, can systematically improve LLM performance on structure-to-text tasks. We
evaluate SAFT on AMR-to-text generation, a well-established structure-to-text task where inputs are directed
acyclic graphs with rich relational edge semantics and evaluation is mature, making it a principled testbed
for studying structure-aware generation with LLMs.

Our contributions include:

• A structure-aware fine-tuning framework for decoder-only LLMs that injects graph positional encod-
ings derived from the magnetic Laplacian into token embeddings, introducing relational inductive
bias without modifying the model architecture.

• A formulation of AMR-specific positional encodings that captures both graph directionality and
structural topology via the eigenvectors of the magnetic Laplacian, combined with intra-node token
positional encodings.

• Empirical evidence that SAFT consistently improves or matches standard fine-tuning across model
families and scales (Table 1), with gains that increase with graph structural complexity both on
sentence-level (Figure 2) and document-level inputs (Figure 3).
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• An analysis of the representational geometry of AmrPEs, showing that adding structure-aware
positional encodings expand the intrinsic dimensionality of the embedding space in directions largely
orthogonal to pretrained token representations (Figure 4).

2 Background

We introduce graph representations and positional encodings, Abstract Meaning Representations (AMRs),
and LLMs on structured inputs.

2.1 Graph Representations and Graph Positional Encodings

Edge-labeled directed graphs. AMRs are a prime example of edge-labeled directed graphs. We formally
define these as tuples A = (VA, EA,RA) ∈ A, where VA is the set of nA = |VA| nodes, EA ⊆ VA × VA is the
set of mA = |EA| directed edges, and RA is a finite set of relation types (edge labels), such that each edge
(u, v) ∈ EA is associated with a label ru,v ∈ RA. The space of these graphs is denoted by A.

Edge-unlabeled directed graphs. To understand positional encodings on graphs, it is useful to first
consider edge-unlabeled directed graphs, defined as tuples G = (VG , EG) ∈ G, where VG is the set of nG = |VG |
nodes, and EG ⊆ VG × VG is the set of mG = |EG | directed, binary, and unlabeled edges, with eu,v = 1 if
there is a directed edge from node u to node v, and 0 otherwise. The space of such graphs is denoted by
G. The relational structure is encoded in the adjacency matrix A ∈ {0, 1}nG×nG , where Au,v = eu,v. We
define the out-degree matrix D as a diagonal matrix with Du,u =

∑
v Au,v. Symmetrizing the adjacency

matrix as AS = A ∨ A⊤ (element-wise logical OR) yields an undirected representation of the graph, with
a corresponding symmetrized degree matrix DS . While this is not always necessary, it is required in our
approach, as it allows for the computation of the symmetric normalized Laplacian LS = I − D

−1/2
S ASD

−1/2
S ,

which has a real eigendecomposition LS = UΛU⊤, where U ∈ RnG×nG contains orthonormal eigenvectors
and Λ = diag(λ1, . . . , λnG ) ∈ RnG×nG is a diagonal matrix of real eigenvalues. However, this symmetrization
inherently loses the directional information present in the original directed graph.

Magnetic Laplacian. To address the loss of directionality, we can employ the magnetic Laplacian (Furutani
et al., 2020), which introduces directional information via complex-valued phase shifts. For q ∈ R≥0, the
magnetic Laplacian L(q) ∈ CnG×nG is defined as:

L(q) := DS − AS ⊙ exp
(
iΘ(q)

)
, (1)

where i =
√

−1, ⊙ denotes the Hadamard product (element-wise multiplication), and the phase matrix
Θ(q) ∈ RnG×nG is given by (Θ(q))u,v = 2πq((A)u,v − (A)v,u). The magnetic Laplacian L(q) is Hermitian,
guaranteeing a complete set of complex eigenvectors Γ ∈ CnG×nG .

Graph Positional Encodings (GPEs). GPEs assign each node a notion of position within the graph.
Most common approaches leverage the spectral properties of the graph Laplacian to encode the structural
position of nodes. In particular, the eigenvectors of the Laplacian provide an orthonormal basis that captures
the graph’s structure at varying frequencies.

Following (Belkin & Niyogi, 2003; Dwivedi & Bresson, 2021), we can define the Laplacian-based positional
encoding ϕ(vi) ∈ Rk for a node vi ∈ VG as the i-th row of the first k eigenvectors in U :

ϕ(vi) = [Ui,1, . . . ,Ui,k]⊤ , (2)

where k ≪ nG is a chosen dimensionality. These embeddings inherently capture coarse-to-fine structural
patterns and are invariant to node permutations.

2.2 Abstract Meaning Representation

Abstract Meaning Representation (AMR) (Langkilde & Knight, 1998; Banarescu et al., 2013; Mansouri,
2025) is a semantic formalism that represents the meaning of a sentence as a rooted, directed acyclic graph
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A = (VA, EA,RA). The nodes VA represent concepts, which are typically predicates, entities, or abstract
ideas. The directed edges EA ⊆ VA × VA capture the semantic relationships between these concepts. Each
edge (u, v) ∈ EA is associated with a label ru,v ∈ RA, where RA is a finite set of predefined semantic
roles. Common relation labels include :ARG0 (agent), :ARG1 (patient/theme), and :mod (modifier). A key
characteristic of AMR is its abstraction from surface syntax, ensuring that sentences with equivalent semantics
are mapped to isomorphic AMR graphs. For instance, the sentences “The child wants the parent to believe
them” and “What the child wanted is for the parent to believe them” share the same underlying AMR structure.

AMR Linearizations. To enable the processing of AMR graphs by sequence-to-sequence models, such
as LLMs, it is necessary to linearize the graph structure into a sequential format. This process, termed
linearization, transforms an AMR graph A into a sequence of labels LA = (ℓ1, ℓ2, . . . , ℓL) ∈ Σ∗, where each ℓi

is a label from a predefined vocabulary Σ. A common serialization is the Penman notation (Kasper, 1989;
Bateman, 1990; Goodman, 2020), a parenthetical representation that encodes the graph’s concepts and
relations in a compact textual form.

More recently, methods like breadth-first search (BFS) and depth-first search (DFS) based linearizations
have been extended to AMRs (Bevilacqua et al., 2021). For example, BFS linearization traverses the graph
level by level, employing special tokens to denote relation types and reentrancies, resulting in a structured
sequence that aims at preserving the graph’s information for autoregressive learning (Konstas et al., 2017).
See Appendix A for notation details and visualizations.

2.3 Blueprint of Large Language Models

Large Language Models (LLMs) (Vaswani et al., 2017; Brown et al., 2020; Touvron et al., 2023) are
parameterized functions πθ : Λ∗ → ∆|Λ|m−1 mapping an input token sequence x ∈ Λ∗ to a probability
distribution over output sequences y ∈ Λm of length m. Here, θ denotes the model parameters, Λ the token
vocabulary, and ∆|Λ|m−1 the probability simplex over R|Λ|m . Outputs are generated autoregressively via
πθ(y | x) =

∏m
t=1 πθ(yt | y<t, x), with y<t = (y1, . . . , yt−1).

LLMs are typically pretrained on massive text corpora by predicting the next token in a sequence. This enables
them to learn intricate linguistic and semantic patterns, resulting in strong generalization capabilities across
various natural language processing tasks, often without task-specific supervision. To adapt a pretrained LLM
to a specific downstream task, its parameters θ are fine-tuned on a task-specific dataset D = {(x(i), y(i))}N

i=1,
where x(i) ∈ Λ∗ and y(i) ∈ Λm.

3 Structure-Aware Fine-Tuning for AMR-to-Text Generation

We present SAFT, a lightweight method to incorporate graph topology into LLM fine-tuning without changing
model parameters or architecture. The key idea is to inject graph positional encodings, derived from the
magnetic Laplacian of the AMR graph, into the token embeddings during fine-tuning. This guides the model
to better capture graph topology and long-range dependencies. Given an AMR graph A ∈ A, the goal is
to generate a natural language sentence S ∈ Σ∗ such that S = ψ(A) is fluent and semantically faithful to
the input. We first apply a semantics-preserving transformation to the AMR graph A that enables spectral
analysis (Section 3.1). From the magnetic Laplacian of A, we extract node-level positional encodings, which
combine with intra-node sinusoidal encodings to form token-level AmrPEs (Section 3.2). These are projected
into the LLM embedding space and added to standard token embeddings during fine-tuning (Section 3.3).
Figure 1 illustrates the pipeline; Algorithm 1 provides pseudocode.

3.1 Semantically-Preserving Transformation of AMR Graphs

Edge-labeled graphs, such as AMRs, pose a challenge for computing eigenvectors of the graph Laplacian,
a standard step in deriving graph positional encodings. Applying the Laplacian directly would necessitate
ignoring the crucial semantic information encoded in their edge labels. To overcome this, we introduce a
transformation τ that converts a linearized AMR into a directed, edge-unlabeled semantic-preserving graph
(SPG). The SPG retains the core semantics of the original AMR structure while enabling the application
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of Laplacian-based spectral methods for positional encoding. This is similar in spirit to the reification
used in Semantic Role Labeling or Resource Description Framework graphs (Marcheggiani & Titov, 2017;
Marcheggiani & Perez-Beltrachini, 2018), but our transformation is tailored to AMRs and magnetic-Laplacian
PEs.

BFS Linearization. We begin by applying a breadth-first search (BFS) traversal of the AMR graph A,
yielding a linearized sequence of labels LA = (ℓ1, . . . , ℓL) ∈ Σ∗, where each ℓi represents a concept or role
label. Each label corresponds to a node in the SPG GA = (VG , EG), through an injective function σA : Z ↣ VG
that aligns labels to their corresponding node in the graphs, i.e, σA(i) = vi. This implies |VG | = L.

SPG Transformation. The transformation τ : Σ∗ × (Σ ↣ VG) → G constructs the SPG GA = τ(LA, σA)
from the label sequence and alignment mapping. Labeled edges in the original AMR are represented as role
nodes in the SPG, preserving role semantics via directed edges to their source and target concept nodes.
We unite co-referring nodes (e.g., marked with <P1>), and merge their connectivity. The resulting SPG is
semantically equivalent to the original AMR but uses unlabeled edges for spectral compatibility, and makes
re-entrancies and coreferences explicit. Additional details and visualization of the semantically-preserving
transformation are available in Appendix B.1.

Tokenization of Node Labels. Each textual label ℓi ∈ LA is associated with a node vi ∈ VG , vi = σA(i).
We tokenize each node label into a sequence of tokens t(ℓi) ∈ Λpi

t(ℓi) = Tokenize(ℓi) = (t(ℓi)
1 , . . . , t(ℓi)

pi
), (3)

where Λ denotes the tokenizer’s vocabulary and pi is the number of tokens produced from the label ℓi. When
pi > 1, we refer to vi = σA(i) as a multi-token node.

3.2 AMR-Specific Positional Encodings

In the previous section we defined the transformation from an AMR graph A to its semantically-preserving
representation GA that allows us to apply spectral graph theory and compute graph positional encodings. Here,
we present our AMR-specific graph positional encodings, which we compute from the magnetic Laplacian
(Section 2.1) of the semantic-preserving graph GA. These encodings are meant to capture the topology of the
AMR structure and its directionality.

Node-level PEs. The magnetic Laplacian, defined in Eq. (1), encodes directionality through complex phase
shifts. We compute the magnetic Laplacian L(q) of GA and extract the eigenvectors corresponding to the
lowest k eigenvalues, forming a complex matrix Γ ∈ CnG×k. Each node vi ∈ VG is assigned a complex-valued
k-dimensional embedding ϕ(vi) ∈ Ck, ϕ(vi) = [Γi,1, . . . ,Γi,k]⊤. We convert ϕ(vi) to a real-valued vector
PE(vi) ∈ R2k by concatenating the real and imaginary parts:

PE(vi) = [ℜ(ϕ(vi)) ℑ(ϕ(vi))]. (4)

These positional encodings provide a spectral representation that reflects both local and global graph structure.
Nodes with similar structural roles in the AMR, such as arguments or modifiers, will have similar embeddings,
even if distant in the graph.

Intra-node Token Positional Encodings. For each token t(ℓi)
j in vi = σA(i) we apply sinusoidal positional

encodings (Vaswani et al., 2017) to preserve their intra-node ordering:

IntraPE(ℓi)
j = SinPE(j), for j = 1, . . . , pi, (5)

where IntraPE(ℓi)
j ∈ Rd. For single-token nodes (pi = 1), we use IntraPE(ℓi)

1 = SinPE(0).
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AMR Positional Encodings. We combine the node-level and intra-node positional encodings to obtain
the final AMR-specific positional encoding for each token t

(ℓi)
j :

AmrPE(ℓi)
j = fϑ

(
PE(vi) ∥∥ IntraPE(ℓi)

j

)
, (6)

where AmrPE(ℓi)
j ∈ Rdemb , fϑ : R2k+d → Rdemb is a two-layer MLP with GeLU activation function (Hendrycks

& Gimpel, 2016), and
∥∥ denotes vector concatenation. This projection defines token-level positional encodings

that captures (i) structural knowledge from the node-level positional encodings, and (ii) label-level sequential
information from the intra-node token positional encodings. The embedding is mapped into the LLM
embedding space (demb, see Section 3.3), allowing seamless integration during fine-tuning. Concatenating the
positional encodings across all nodes/labels in their linearized order, as defined by σA, determines the final
AMR-specific positional encodings matrix:

AmrPE =
(

AmrPE(ℓ1)
1 . . . AmrPE(ℓ1)

p1
. . . AmrPE(ℓ2)

1 . . . AmrPE(ℓL)
pL

)⊤
, (7)

where AmrPE ∈ Rp×demb and p =
∑L

i=1 pi is the total number of tokens in the linearization. AmrPE is
a representation of each token in the linearization that considers both the position of the token within its
node-label and the global position in the graph.

3.3 LLM Fine-Tuning with AMR-Specific Positional Encodings

For ease of exposition, we represent the pretrained LLM decoder model as a composition:

πθ = Decode ◦ Embed

where Embed : Λp → Rp×demb maps a sequence of tokens into the LLM’s embedding space, and Decode :
Rp×demb → Σ∗ generates the output text sequence. Given an AMR graph A, we obtain a linearized sequence
of node labels LA = (ℓ1, . . . , ℓL) and their corresponding tokenized forms t(ℓi) = (t(i)

1 , . . . , t
(i)
pi ). The overall

token sequence TL ∈ Λp is:
TL = t(ℓ1) ∥ t(ℓ2) ∥ . . . ∥ t(ℓL) = (t1, . . . , tp) (8)

where p =
∑L

i=1 pi is the total number of tokens in the linearized graph. The sequence TL is mapped to the
LLM embedding space as:

X = Embed(TL) ∈ Rp×demb . (9)

Integrating AMR positional encodings. We then integrate structure-aware positional encodings to the
embedded representation of the linearized sequence of tokens through the additive representation

H = X + AmrPE ∈ Rp×demb , (10)

which preserves the dimensionality of the LLM embedding space. This modification affects only the input
embeddings; the base model’s positional encoding mechanism (e.g., RoPE (Su et al., 2024)) remains unchanged
and continues to operate inside the attention layers. Finally, H is then fed to the LLM decoder components,
including the transformer layers, head, and tokenizer, to return the generated output sequence S ∈ Σ∗, as
S = Decode(H).

Prompt Handling. For clarity and modularity, we exclude the prompt segment from the structure-aware
positional encoding process. The prompt is tokenized independently from the AMR linearization to avoid
disrupting the alignment between graph nodes and tokens. Its tokens are embedded using the standard learned
embeddings without any additional positional encodings beyond those already handled by the pretrained
model. This design simplifies the architecture and ensures that the inductive bias introduced by our positional
encodings applies exclusively to the AMR portion of the input. Additional details are provided in Appendix B.
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Computational Considerations. SAFT introduces negligible computational overhead relative to standard
LoRA fine-tuning. All graph-related operations, such as BFS linearization, SPG construction, magnetic
Laplacian computation, and eigendecomposition, are performed once per graph at preprocessing time and
cached, adding on average 0.01 seconds per sample on AMR 3.0 (Table 10). The only runtime addition during
training and inference is the forward pass through the MLP fϑ, whose parameter count is negligible relative
to the underlying LLM. Further details are provided in Appendix C.5.

4 Experiments

We evaluate our structure-aware fine-tuning approach on the AMR 3.0 benchmark. First, we show that SAFT
achieves a new state of the art on sentence-level AMR-to-text generation (Section 4.2). We then demonstrate
that it typically improves over conventional fine-tuning, with gains that become more pronounced at increased
structural complexity (Section 4.3). We further extend this analysis to document-level AMRs, where SAFT
yields even larger improvements (Section 4.4). To separate the effect of fine-tuning from potential pretraining
exposure, we also evaluate state-of-the-art closed models in zero-shot and few-shot settings, showing that
strong general-purpose LLMs still struggle with AMR-to-text generation without task-specific supervision
(Section 4.5). Finally, we analyze how injecting AmrPEs affects the geometry of token representations in the
model’s latent space (Section 4.6).

4.1 Experimental Setup

We use AMR 3.0 (LDC2020T02) (Knight et al., 2020) and DocAMR, which incorporates discourse structure
and inter-sentence dependencies; split details are provided in Appendix E. We fine-tune pretrained LLMs,
including LLaMA 3.2 (1B, 3B) (Touvron et al., 2023), Qwen 2.5 (0.5B, 1.5B, 3B) (Bai et al., 2023), and
Gemma (2B) (Team et al., 2024), with Low-Rank Adaptation (LoRA)1 (Hu et al., 2022), both with our
graph-based positional encoding module (SAFT) and without it (FT). Training and inference settings are
identical across conditions. All native components of the base models are preserved; for example, rotary
positional embeddings (RoPE) remain active2. We report BLEU (Papineni et al., 2002) and chrF (Popović,
2015) scores using greedy decoding, and additionally BERTScore (Zhang et al., 2020) and METEOR (Lavie
& Agarwal, 2007) in Appendix C.4. All experiments are implemented in LitGPT; further details are in
Appendix B.3.

4.2 AMR 3.0 results

We evaluate SAFT on AMR 3.0 against widely used AMR-to-text baselines: SPRING (Bevilacqua et al.,
2021), StructAdapt (Ribeiro et al., 2021), and BiBL (Cheng et al., 2022). Unless explicitly noted, all models
are trained on the same AMR 3.0 training split and evaluated on the official held-out test set. SPRING
and BiBL additionally report variants trained with extra heuristically labeled data, which we gray out in
Table 1. Both models rely on linearized AMR inputs and sequence-to-sequence training. StructAdapt, in
contrast, introduces a dedicated graph encoder within an encoder–decoder architecture. Our approach differs
in that it operates on modern decoder-only LLMs and injects structural information through graph positional
encodings without introducing a separate encoder component.

The results in Table 1 present a comparative evaluation of prior approaches3 (Bevilacqua et al., 2021; Cheng
et al., 2022; Ribeiro et al., 2021), alongside our fine-tuned decoder-only LLMs, both with and without the
proposed graph positional encoding module (SAFT). While these architectures are not directly matched, this
comparison provides useful context for situating decoder-only models within existing AMR-to-text work. For
baseline models, we include results for versions trained with and without extra heuristically labeled data
where available. Notably, we find that fine-tuning several LLMs using LoRA (Hu et al., 2022) already yields
improvements over earlier models, including those that use extra training data. Our proposed approach,
SAFT, further boosts performance, highlighting the benefit of incorporating structural information in the

1SAFT is compatible with any parameter-efficient tuning method.
2AmrPEs do not alter or replace the LLM’s own positional encoding.
3Reported scores are taken directly from the original publications and not reproduced.
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form of graph positional encodings during LLM fine-tuning. As shown in Table 1, SAFT consistently improves
or matches FT, with aggregate BLEU gains of +0.8 over the FT variant across the different models. However,
such aggregate scores can obscure important variation across inputs of different structural complexity. To
more accurately characterize when and how SAFT helps, we turn to a stratified analysis.

4.3 Complexity-stratified results

Table 1: BLEU and ChrF scores on the AMR 3.0 test set.
We compare prior encoder-decoder systems (top) with
decoder-only LLMs fine-tuned under standard fine-tuning
(FT) or SAFT (bottom). Cross-group comparisons should
be interpreted with caution due to differences in backbone
architecture and pretraining scale. All models use AMR
3.0 training data only, unless marked with additional cor-
pora (grayed out). Best results per metric among models
without additional data are bolded; relative improvement
of SAFT over FT is reported in brackets.

Model Variant BLEU ↑ CHRF ↑
Previous Work

BiBL w/o Extra data 47.4 74.5
+ Extra data 50.7 76.7

SPRING w/o Extra data 44.9 72.9
+ Extra data 46.5 73.9

StructAdapt w/o Extra data 48.0 73.2
Our Finetuned LLMs: trained without extra data

LLaMA 3.2 (3B) FT 53.5 75.5
SAFT 54.2 (+1.3%) 76.0 (+0.7%)

LLaMA 3.2 (1B) FT 45.5 70.9
SAFT 47.8 (+5.1%) 71.9 (+1.4%)

Qwen 2.5 (3B) FT 51.6 72.1
SAFT 51.9 (+0.6%) 74.8 (+3.7%)

Qwen 2.5 (1.5B) FT 50.5 73.7
SAFT 51.7 (+2.4%) 74.5 (+1.1%)

Qwen 2.5 (0.5B) FT 42.7 69.0
SAFT 42.9 (+0.5%) 69.3 (+0.4%)

Gemma (2B) FT 52.9 73.5
SAFT 52.9 (+0.1%)∗ 73.6 (+0.1%)

∗Not rounded scores: 52.87 (FT) vs. 52.91 (SAFT).

To evaluate performance variation with input com-
plexity, we stratify the evaluation by AMR graph
depth δ(A), measured on the original AMR A
prior to preprocessing, by grouping examples where
δ(A) ≥ z for varying thresholds z. We then cal-
culate the BLEU score on these stratified subsets
to quantify how our structure-aware fine-tuning
approach improves performance at increasing δ(A)
with respect to conventional fine-tuning. We define
the following metric:

∆BLEU(z) = BLEUz
SAFT − BLEUz

FT, (11)

where BLEUz
SAFT and BLEUz

FT represent the
BLEU scores achieved by SAFT and conventional
fine-tuning (FT), respectively, on instances with
AMR depth δ(A) ≥ z. Figure 2a shows the extent
to which SAFT improves the performance of LLMs
at increasing levels of semantic complexity. At the
highest evaluated threshold (δ(A) ≥ 8), SAFT sur-
passes FT by +1.1 to +4.4 BLEU across all model
families.

The divergence of the curves at greater depths
and an overall upward trend across all models
highlight the increasing importance of modeling
structure explicitly as semantic complexity grows.
While Gemma 2B showed little overall improve-
ment across the full dataset (see Table 1), the
benefit of SAFT becomes more pronounced on
examples with greater semantic complexity.

To further assess how the benefit varies with re-
spect to depth-one AMRs (i.e., δ(A) = 1), we
define a second-order delta which measures the change in improvement relative to these simple structures:

∆1
BLEU(z) = ∆BLEU(z) − ∆BLEU(1). (12)

Figure 2b further validates the finding that SAFT delivers increasing gains on more complex AMRs. Specifically,
it shows the relative improvement of each model compared to its own performance on depth-one AMRs. The
positive upward trends across all models indicate that the advantage of incorporating graph structure grows
with semantic complexity. This consistent behavior across model families and sizes reinforces the scalability
and applicability of our method across different architectures and parameter scales.

4.4 DocAMR results

To assess how SAFT performs on structurally more complex inputs, we evaluate on DocAMR, a document-
level subset of AMR 3.0 (Knight et al., 2020). Its test set is constructed by merging sentence-level AMRs
drawn directly from the AMR 3.0 test split into documents, augmented with inter-sentence coreference
edges. Both FT and SAFT models are fine-tuned on the AMR 3.0 training split and are never exposed to
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Figure 2: BLEU score difference between SAFT and FT models, evaluated on the subset of AMR 3.0 test
instances with graph depth δ(A) ≥ z. Panel (a) shows absolute differences ∆BLEU; panel (b) shows differences
normalized by each model’s performance at depth-1 graphs ∆1

BLEU. Lines are second-degree polynomial fits.
Both panels show a consistent increase in SAFT’s advantage as structural complexity grows.

document-level structures during fine-tuning. The DocAMR evaluation therefore does not introduce new
content or vocabulary: the underlying sentences are identical to those in the standard AMR 3.0 test set.
What changes is the structural complexity: sentence-level graphs are composed into larger, more densely
connected structures with cross-sentence dependencies. This setup isolates the effect of structural complexity
from content shift, allowing us to directly assess whether the graph-based positional encodings introduced by
SAFT transfer from simple sentence-level graphs to compositionally richer inputs without document-level
supervision.

As shown in Figure 3, SAFT consistently improves performance across all levels of complexity which is
measured by #AMR, the number of AMR graphs contained within a document-level AMR, indicating the
overall size and structural density of the input. While the downward trend shows that all models struggle with
deep topologies, the consistent, and occasionally increasing, improvement shows that using SAFT improves
performance on more structurally-dense inputs. The performance gap between SAFT and conventional
fine-tuning (FT) widens with increasing AMR complexity, suggesting that structural inductive bias becomes
increasingly crucial in complex document-level generation. This reinforces our central claim that structure-
aware fine-tuning is especially beneficial when models must reason over longer contexts and inter-sentential
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Figure 3: BLEU scores of SAFT and FT models on the DocAMR test set, evaluated cumulatively on
document-level AMRs containing at least z sentence-level graphs. Both models were trained on sentence-level
AMR 3.0 only. Average BLEU improvement of SAFT over FT across document sizes is reported per model.
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relations. We excluded the Gemma model from this experiment due to its limited context window (4096
tokens), which could not accommodate DocAMR inputs.

Results summary. Conventional fine-tuning (FT) of LLMs already surpasses prior non-LLM baselines on
AMR-to-text generation. Our structure-aware fine-tuning approach (SAFT), further improves performance
across model families and scales. The improvements are especially consistent on semantically complex and
document-level inputs, confirming that graph-based positional encodings enhance the model’s ability to
reason over AMR structure.

4.5 Evaluation under zero-shot and few-shot prompting on SoTA LLMs

We additionally evaluate two closed-source large language models, GPT-4o-mini and GPT-4o, in both
zero-shot and few-shot settings. We use a fixed task prompt with seven AMR–text examples; the full template
is provided in Appendix B.3.2. As shown in Table 2, moving from zero-shot to few-shot leads to only marginal
improvements for both models. Despite their scale, their performance remains substantially below that of a
much smaller 3B model fine-tuned on AMR. In fact, standard fine-tuning (FT) of Qwen 2.5 (3B) already
more than doubles the BLEU score of GPT-4o-mini, and SAFT further improves on FT using the same
backbone. This suggests that AMR-to-text generation is not easily solved through prompting alone under our
prompting setup. In-context examples provide limited signal about the underlying graph structure, whereas
fine-tuning exposes the model to the full supervision of the training set and allows SAFT to inject explicit
structural information directly.

Table 2: BLEU, ChrF, METEOR, and BERTScore on the AMR 3.0 test set for closed-source models under
zero-shot and few-shot prompting, compared to fine-tuned Qwen 2.5 3B. Few-shot prompting uses seven fixed
AMR–text examples. Best results per metric are bolded.

Model Setting BLEU ↑ CHRF ↑ METEOR ↑ BERTScore ↑
GPT-4o-mini Zero-shot 16.3 44.8 38.4 74.8

Few-shot 17.0 45.2 39.9 75.7
GPT-4o Zero-shot 28.0 59.8 52.1 81.1

Few-shot 29.6 60.1 52.4 81.8

Qwen 2.5 (3B) FT 51.6 72.1 59.4 82.9
SAFT (ours) 51.9 74.8 60.1 83.7

4.6 Geometric Analysis of AmrPEs

We analyze how AmrPEs modify the geometry of token embeddings X at the point of injection, producing
augmented representations H = X + AmrPE (Eq. (10)). The goal is to characterize the structure of the
injected signal itself; whether this injection translates into effective generation is addressed empirically in
Section 4.2. Figure 4 summarizes our findings across four properties.

The structural signal is consistently larger in norm (a). The norm ratio ∥AmrPE∥2/∥X∥2 is
distributed around a median of approximately 3, with a right skew indicating that a non-trivial fraction of
tokens receive an even stronger structural injection. AmrPEs therefore constitute a substantial additive
signal rather than a small perturbation of the token embeddings.

The injection is nearly orthogonal to the token embedding space (b). The cosine similarity between
AmrPE and X is sharply concentrated near zero and holds consistently across the full dataset rather than
only on average, indicating that the structural signal occupies directions largely linearly independent from
the pretrained textual representations. This near-orthogonality means that X is not directly overwritten
at the point of injection. We note, however, that downstream operations such as layer normalization and
attention are sensitive to magnitude, so the norm asymmetry established in panel (a) may still influence how
subsequent transformer layers process H.
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Figure 4: Geometric analysis of the effect of adding AmrPE to token embeddings X, yielding H =
X + AmrPE. (a) Distribution of the norm ratio ∥AmrPE∥2/∥X∥2. (b) Distribution of cosine similarity
between AmrPE and X. (c) Variance of AmrPE projected onto the PCA basis of X, by principal component
index. (d) Scatter of X and H in the top-2 PCA dimensions of X. (e) Cumulative explained variance
spectra of X and H.

The injected signal is structured and induces a coherent directional shift (c–d). Projecting
AmrPEs onto the PCA basis of X reveals that their variance is concentrated almost entirely on a single
dominant principal component, with rapid decay across remaining axes. This anisotropy is not accidental:
projecting both X and H into the same PCA space shows that the augmented representations undergo
a coherent, directed shift along this dominant axis, with residual variance distributed across many weaker
components. The structural signal is therefore highly organized rather than diffuse noise injected uniformly
across the embedding space.

The augmented space has higher intrinsic dimensionality (e). The explained-variance spectrum
of H is markedly flatter than that of X: whereas X reaches 80% cumulative variance at approximately
10 principal components, H requires roughly 30. This expansion reflects the introduction of structured
signal along directions not already present in the token embeddings, and is a direct consequence of the
near-orthogonality established in panel (b).

Taken together, these four properties characterize AmrPEs as a large, orthogonal, and highly structured
additive signal that expands the intrinsic dimensionality of the token representation space. The geometric
picture is consistent with an injection mechanism that adds new representational directions rather than
displacing existing ones, though orthogonality at the point of addition does not guarantee that the magni-
tude asymmetry is inconsequential for downstream transformer computations. The performance results in
Section 4.2 provide the functional evidence that this injection is beneficial across all tested model families.

5 Related Work

To the best of our knowledge, SAFT is the first work to inject graph positional encodings into LLMs for
structure-aware fine-tuning without modifying the model’s architecture. SAFT is architecture-agnostic: it
introduces relational inductive bias through precomputed, parameter-free encodings (from the magnetic
Laplacian spectrum), injected via a lightweight projection into the LLM’s embedding space. This eliminates
the need for graph-specific training while allowing direct fine-tuning of the LLM. Prior work on graph-to-text
generation, particularly AMR-to-text, can be grouped into three families: linearization-based, adapter-
based, and graph-tuning-based. We discuss here some of the main approaches in each family and report
additional details in Appendix F.

Linearization-based. Graphs are serialized into sequences for seq2seq models such as BART or T5.
Examples include SPRING (Bevilacqua et al., 2021), AMR-BART (Bai et al., 2022), and BiBL (Cheng et al.,
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2022), which differ in traversal strategies and auxiliary tasks. LLMs have also been adapted via fine-tuning
(Raut et al., 2025; Mager et al., 2020) or prompting (Yao et al., 2024a; Jin et al., 2024b). Similar ideas extend
beyond AMR to molecular graphs (Zheng et al., 2024), tables (Fang et al., 2024), and 3D meshes (Wang
et al., 2024).

Adapter-based. These approaches introduce graph-native components, such as GNN-based adapters or
modified attention layers, to inject relational information. StructAdapt (Ribeiro et al., 2021) uses graph-aware
adapters within pretrained transformers, while others directly encode AMR graphs via graph-to-sequence
models (Zhu et al., 2019; Song et al., 2018; Wang et al., 2020).

Graph-tuning-based. Recent methods integrate learned graph modules with LLMs, for example by training
GNN-based adapters (Huang et al., 2024), adding graph transformers at each layer (Chai et al., 2023), or
prepending GNN-derived embeddings into the prompt (Tang et al., 2024). While effective, these strategies
require additional trainable modules, architectural changes, or costly pretraining.

6 Conclusion

We introduce SAFT, a structure-aware fine-tuning method that augments decoder-only LLMs with graph
positional encodings derived from the magnetic Laplacian of AMR graphs, injected into the token embedding
space without modifying the model architecture. Across six decoder-only LLMs ranging from 0.5B to 3B
parameters, SAFT consistently improves over standard fine-tuning, with gains increasing consistently with
graph structural complexity on both sentence-level AMR 3.0 and document-level DocAMR. Geometric analysis
of the token representation space reveals that AmrPEs are injected along directions largely orthogonal
to the pretrained token embeddings, inducing a consistent directional shift and increasing the intrinsic
dimensionality of the representation space, which suggests a potential mechanism for structural enrichment
without overwriting pretrained semantic content, though this remains to be directly verified. When applied
to recent decoder-only LLMs, SAFT models surpass prior encoder-decoder systems trained on equivalent
data, and remain competitive with those using additional fine-tuning corpora, despite the architectural
differences between these paradigms. Whether these findings generalize beyond AMR-to-text generation to
other graph-structured tasks, such as knowledge graph verbalization or discourse-to-text, remains an open
empirical question we leave for future work.
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A Abstract Meaning Representation

A.1 Reference sentence

We report here the representations of the sentence used in the main body (Section 2.2) as reference:

The child wants the parent to believe them.

Figure 5a is the graph representation of the sentence, while Figures 5b and 5c are the Penman and BFS
linearizations, respectively.
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want-01

believe-01 child

parent

:ARG1 :ARG0

:ARG1

:ARG0

(a) Graph representation

(w / want-01
:ARG0 (c / child)
:ARG1 (b / believe-01

:ARG0 (p / parent)
:ARG1 c))

(b) Penman notation

<P0> want-01 :ARG0 <P1> child :ARG1
<P2> believe-01 <stop> <P2> :ARG0
<P3> parent :ARG1 <P1> <stop>

(c) BFS linearization

Figure 5: Three aligned representations of the sentence “The child wants the parent to believe them.” : (a) a
graph-based AMR structure, (b) its corresponding Penman notation, and (c) a BFS linearization used for
sequence-based processing.

A.2 Visualizing other AMR examples

We visualize the linearization and preprocessing steps, as detailed in Appendix B.1 for additional sentences.
Table 3 summarizes the examples and points to the corresponding figures showing the original AMR graphs
and the transformation pipeline.

Table 3: Examples with sentences, AMR graphs, and preprocessing steps

Ex. Sentence Original AMR Graph Preprocessing Steps
I I used to play tennis. Figure 11 Figure 12
II This is really eye-opening. Figure 13 Figure 14
III The key is to be as objective as possible. Figure 15 Figure 16
IV Speeding and accidents have surged as well. Figure 17 Figure 18

B Implementation details

B.1 Semantically-preserving AMR transformation

We report detailed information of our proposed semantically-preserving transformation τ : Σ∗×(Σ ↣ VG) → G
of AMR graph (Section 3.1).

Given a linearization (label sequence) LA and alignment σA—as discussed in Section 3.1 and shown in
Figure 6b—the transformation τ constructs the SPG GA = τ(LA, σA) through the following steps:

1. Substructure Construction (ToSubgraph, Figure 6c): LA is segmented at each <stop> token.
Each segment defines a local subgraph rooted at a head concept and includes its outgoing role-labeled
edges (e.g., :ARG0) and target nodes.

{Āi}i = ToSubgraph(LA).

2. Edge-to-Node Conversion (RoleExpand, Figure 6d): Each labeled edge (u r−→ v) is expanded
into a role node r, creating two unlabeled edges: (u → r) and (r → v). This yields a directed graph
with no edge labels.

Ḡi = RoleExpand(Āi).

3. Stop Node Re-insertion (AddStopNodes, Figure 6d): The <stop> labels are inserted in each
subgraph as a special terminal node. These nodes mark the end of node expansions and, alongside
σA, support alignment between graph nodes and tokens in LA.

Ĝi = AddStopNodes(Ḡi).
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(a) Input AMR graph A

<P0> want-01
0

:ARG0
1

<P1> child
2

:ARG1
3

<P2> believe-01
4

<stop>
5

<P2>
6

:ARG0
7

<P3> parent
8

:ARG1
9

<P1>
10

<stop>
11

(b) LA = (ℓ1, . . . , ℓL) = BFS(A), σA : Z ↣ VG

<P0> want-01

<P1> child <P2> believe-01
:ARG1:ARG0

<P2> believe-01

<P1> child<P3> parent
:ARG1:ARG0

(c) ToSubgraph

0, <P0> want-01

4, <P2> believe-012, <P1> child

3, :ARG11, :ARG0
5, <stop>

6, <P2> believe-01

10, <P1> child8, <P3> parent

9, :ARG17, :ARG0
11, <stop>

(d) RoleExpand, AddStopNodes, and σ−1
A

0, <P0> want-01

3, :ARG11, :ARG0 5, <stop>

2, <P1> child 10, <P1> child

4, <P2> believe-01 6, <P2> believe-01

9, :ARG1 7, :ARG0 11, <stop>

8, <P3> parent

<P1> Co-referring <P1> nodes <P2> Co-referring <P2> nodes

(e) Merge

Figure 6: Transformation steps from an AMR graph A to the Role-Expanded Graph G.

4. Node Ordering Assignment (σ−1
A , Figure 6d): Assign to each node an index inherited from the

BFS order to preserve alignment between token positions in LA and graph nodes in G.

iv = σ−1
A (v), ∀v ∈ Ĝi.

5. Pointer-Based Merging (Merge, Figure 6e): For each pointer index j (e.g., <P2>), identify
co-referring nodes Uj = {u1, . . . , uk} such that all ui share pointer j. Then:

(a) Merge incoming edges: E in
Uj

=
⋃k

i=1 E in(ui), with E in(ui) = {(v, ui) : (v, ui) ∈ EA}.

(b) Merge outgoing edges: Eout
Uj

=
⋃k

i=1 Eout(ui), with Eout(ui) = {(ui, v) : (ui, v) ∈ EA}
(c) Update the connectivity for each ui ∈ Uj : E in(ui) := E in

Uj
, Eout(ui) := Eout

Uj

GA = Merge({Ḡi}i).
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B.2 Algorithm

Algorithm 1 AMR-to-Text Generation with SAFT
Input: AMR graph A, pretrained LLM πθ = Decode ◦ Embed
Output: Generated text sequence S

1: LA, σA = BFS(A) ▷ Linearize AMR and align labels
2: GA = τ(LA, σA) ▷ Transform to semantic-preserving graph (SPG)
3: Γ = MagLapEVD(GA, k) ▷ Compute magnetic Laplacian eigvecs
4: for each (i, ℓi) ∈ enumerate(LA) do
5: vi = σA(i)
6: t(ℓi) = Tokenize(ℓi) ▷ Tokenize label (Eq. (3))
7: ϕ(vi) = Γ⊤

i,: ▷ Select complex eigenvector
8: PE(vi) = [ℜ(ϕ(vi)) ℑ(ϕ(vi))] ▷ Node-level PE (Eq. (4))
9: for each token (j, t

(ℓi)
j ) ∈ enumerate(t(ℓi)) do

10: IntraPE(ℓi)
j = SinPE(j) ▷ Intra-node PE (Eq. (5))

11: AmrPE(ℓi)
j = fϑ(PE(vi)

∥∥ IntraPE(ℓi)
j ) ▷ Token-wise AMR PE (Eq. (6))

12: end for
13: end for
14: AmrPE = (AmrPE(ℓ1)

1 . . . AmrPE(ℓL)
pL )⊤ ▷ AMR PE (Eq. (7))

15: TL = t(ℓ1) ∥ t(ℓ2) ∥ . . . ∥ t(ℓL) ▷ Token sequence (Eq. (8))
16: X = Embed(TL) ▷ Token sequence embedding
17: H = X + AmrPE ▷ Inject structure-aware PE (Eq. (10))
18: S = Decode(H) ▷ Generate output sequence

B.3 Training details

Training setup. We build on the open-source LitGPT4 framework and extend it to incorporate our
structure-aware representations. In particular, we (i) generate graph-based positional encodings (AmrPE),
(ii) align AMR nodes to token positions via node-aware tokenization, (iii) introduce a lightweight projection
layer fθ to map these encodings into the LLM’s embedding space, and (iv) add task-specific prompting to
support AMR-to-text generation.

As in standard sequence-to-sequence fine-tuning, we optimize a cross-entropy objective. The pretrained model
weights are updated only through LoRA adapters, while the parameters of fθ are trained from scratch. All
other LLM parameters remain frozen.

Tokenizer. We experimented with adding AMR role labels (e.g., :ARG0, :ARG1, :mod) to the tokenizer
and extending the model’s vocabulary accordingly. However, we found that the default tokenizer yielded
more stable performance, suggesting that extending the vocabulary with role labels did not offer additional
benefits. Therefore, we retain the original tokenizer throughout all experiments.

Hardware setup. All models were trained on a single GPU node with 64 GB of RAM. Models with 2
billion parameters or more were trained on an NVIDIA H100 GPU, while smaller models (< 2B parameters)
were trained on an A100 GPU.

B.3.1 Hyperparameters

The hyperparameter choice for each model can be found in Table 4 and Table 5.

LoRA Hyperparameters. Given the high computational cost of fine-tuning, we adopted a practical
manual hyperparameter search strategy focused on LoRA configurations. We used all LoRA layer types
(query, key, value, projection, and head) by default, with a rank (r) and scaling factor (α) chosen from {4, 8,
16, 32}. Dropout rates were selected from {0.05, 0.1, 0.15}. In cases where overfitting was observed, we first

4https://github.com/Lightning-AI/litgpt
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Table 4: Hyperparameter configurations for each SAFT models

Category Hyperparameter LLaMA 1B LLaMA 3B Qwen 0.5B Qwen 1.5B Qwen 3B Gemma 2B

LoRA

Rank (r) 32 32 32 32 16 32
Scaling factor (α) 32 64 32 64 16 32
Dropout 0.05 0.05 0.05 0.05 0.05 0.05
Head enabled True True True True True True

Training Epochs 6 5 6 5 6 5
Warmup steps 100 100 100 100 100 100
Effective batch size 256 256 256 256 256 256

Custom

# Eigenvectors (k) 30 30 30 30 30 25
MLP LR Multiplier (µ) 0.8 0.8 0.9 0.8 0.8 0.5
Magnetic param (q) 0.25 0.25 0.25 0.25 0.25 0.25
Sinusoidal base (qsin) 1000 1000 1000 1000 1000 1000
Sinusoidal dim (d) 8 8 8 8 8 8

Table 5: Hyperparameter configurations for each conventionally fine-tuned model.

Category Hyperparameter LLaMA 1B LLaMA 3B Qwen 0.5B Qwen 1.5B Qwen 3B Gemma 2B

LoRA

Rank (r) 16 8 16 32 16 32
Scaling factor (α) 16 8 16 32 16 32
Dropout 0.05 0.05 0.05 0.05 0.05 0.05
Head enabled True True True True True True

Training
Epochs 5 5 8 6 8 5
Warmup steps 100 100 100 100 100 100
Effective batch size 256 256 256 256 256 256

adjusted the dropout rate to improve generalization. If overfitting persisted, we disabled the LoRA head
component, which we found to be the least critical for performance in preliminary runs. This strategy allowed
us to balance empirical effectiveness with computational feasibility. Ranks were tuned independently per
condition to maximize each method’s performance.

Epochs and training time. All models were trained for 10 epochs with checkpoints saved at the end
of each epoch, and the one with the best validation BLEU was chosen (the number of epochs reported is
the one with the best BLEU). Training time varied from 9 hours for the smallest models to 16 hours for the
larger ones.

Leaning rate. We use a learning rate schedule with linear warmup for the first 100 optimizer steps, followed
by cosine annealing until the end of training.

Custom hyperparameters. There are five hyperparameters that are specific to our approach:

• Number of eigenvectors (k): the number of eigenvectors used as positional encodings; we select
the k eigenvectors corresponding to the smallest k eigenvalues. We found that the performance is
most stable in the range of 20 to 40 eigenvectors and therefore we chose from {20,25,30,35,40}.

• MLP learning rate multiplier (µ): to improve training stability, we scale the learning rate of the
MLP projecting positional encodings by a constant factor µ, applied on top of the scheduled learning
rate; that is, LRfθ

(t) = µ · LR(t), where LR(t) is the base learning rate at step t.

• Magnetic parameter (q): controls the strength of the complex rotation in the magnetic Laplacian,
modulating the influence of edge directionality. After experimenting with values between 10−3 and
0.5, we found q = 0.25 yielded the most stable results and fixed it for most experiments.

• Sinusoidal PE frequency base (qsin): the base used in the frequency scaling of sinusoidal positional
encodings, analogous to that in Transformer models. Since inter-node sequences are relatively short
in our setting, we use qsin = 1000.
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• Sinusoidal PE dimension (d): defines the number of features in the sinusoidal positional encodings
concatenated with the eigenvector-based encodings. We set this to 8.

Models. We used Low-Rank Adaptation (LoRA) (Hu et al., 2022) to fine-tune the following pretrained
LLMs: LLaMA 3.2 (3B and 1B) (Touvron et al., 2023), Qwen 2.5 (3B, 1.5B, and 0.5B) (Bai et al., 2023),
Gemma 2B (Team et al., 2024). Fine-tuning Gemma 7B was infeasible on the full dataset: a significant
fraction of document-level AMR sequences exceed Gemma 7B’s maximum context window, causing activation
memory to grow unboundedly during the forward pass and resulting in out-of-memory errors that could not
be resolved by reducing batch size alone. For each model, we compare two variants: one fine-tuned with our
positional encodings (PEs) integrated during training, and one without. For both variants, we report results
using the best-performing checkpoint found during development. During evaluation, the PEs are activated
consistently based on the corresponding training configuration.

B.3.2 Prompting Format

Fine-tuning prompt. To enable AMR-to-text generation with large language models, we adopt a structured
prompting format implemented via the AMR2Text prompt style. Each prompt consists of three components:

• A starting token, which includes task metadata and generation instructions:

<AMR-to-Text>
[Task: AMR-to-Text]
[Instruction] Convert the following AMR into natural language text.
[Input: AMR]

• The linearized AMR graph LA, inserted directly after the input header. This is a token sequence
derived from the input AMR graph A (see Section 3.1).

• An ending token, marking the beginning of the generation segment:

[Output: Text]

The full prompt passed to the model is thus structured as:

<AMR-to-Text>
[Task: AMR-to-Text]
[Instruction] Convert the following AMR into natural language text.
[Input: AMR]
LA

[Output: Text]

Few-shot prompt for GPT models. The full prompt passed to the model is structured as:

You are an assistant that converts AMRs to fluent English sentences.
Your job: For each item, convert its ‘amr‘ into one fluent English sentence.
Do not include explanations; only output JSON.

Output format (STRICT):
{
"predictions": [ { "id": "...", "text": "..." } ]
}

### FEW-SHOT EXAMPLES

Example 1 (input): ["id":"1","amr":"(u/understand-01 :ARG0 (i/i)
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:ARG1 (t/thing :ARG1-of (s/say-01 :ARG0 (p/person :name
(n/name :op1 "Ron" :op2 "Paul"))))"]
Example 1 (output): {"predictions":[{"id":"1","text":"I get what Ron Paul is
saying."}]}

Example 2 (input): ["id":"2","amr":"(s/say-01 :ARG0 (l/libertarian
:mod (h/hardcore)) :ARG1 (t/that))"]
Example 2 (output): {"predictions":[{"id":"2","text":"Thats what a Hardcore
Libertarian would say."}]}

Example 3 (input): ["id":"3","amr":"(h/hard-02 :degree (k/kind-of) :ARG1
(i/import-01 :ARG1 (f/food)) :ARG1-of (c/cause-01 :ARG0 (c2/consider-01
:ARG1 (p/probable :domain (w/wipe-out-02 :ARG1 (s/store) :mod (t/too))))))"]
Example 3 (output): {"predictions":[{"id":"3","text":"Kind of hard to import food
considering that the stores are probably wiped out too."}]}

...

### NOW PROCESS THE REAL BATCH
[ {"id":"0","amr":"(d/date-entity :day 21 :month 8 :year 2007)"} ]

C Additional Experiments

C.1 Stratified evaluation over number of nodes

Similarly to the evaluation in Section 4.3, we perform a stratified analysis based on the number of nodes in the
original AMR graph A to examine how both graph size and structural complexity influence the performance
of SAFT. As shown in Figure 7, SAFT exhibits consistent improvements over standard fine-tuning across
most model sizes, particularly for larger models. However, the trend is less pronounced than in Figure 2,
where stratification was based on graph depth. This contrast highlights that the gains from SAFT are more
strongly associated with structural complexity and long-range dependencies than with graph size alone,
suggesting that structural information yields diminishing returns when applied to merely larger—but not
necessarily deeper—graphs.

C.2 Effect of model scale on SAFT
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Figure 8: Relative BLEU and
ChrF++ improvements as a
function of model size.

A common hypothesis is that structural inductive biases become less relevant
as model scale increases, under the assumption that sufficiently large language
models can internalize structural reasoning through parametric capacity alone.
Our results do not provide evidence in support of this hypothesis within the
range of model sizes we evaluate.

As shown in Figure 8, the relative improvements of SAFT over standard
fine-tuning (FT) do not exhibit a monotonic decreasing trend with increasing
model size. Instead, gains fluctuate across both scale and model family. For
example, the largest BLEU improvements are observed for mid-sized LLaMA
models, while the strongest ChrF improvements occur for the 3B Qwen model.
Moreover, these trends are not consistent across metrics: within a single model
family, BLEU and ChrF gains follow different trajectories as scale increases,
and model rankings vary depending on the evaluation measure.

We emphasize that this does not rule out the possibility that, at larger scales
than those considered in this study, the benefits of SAFT may eventually
diminish or disappear. However, within the regimes we test, no such pattern is
observable. Instead, the effect of SAFT appears to depend on a combination
of model scale, architecture, and generation dynamics, rather than scale alone.
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Figure 7: BLEU score improvements of structurally-aware fine-tuned (SAFT) models over conventionally
fine-tuned (FT) counterparts, on AMR instances with number of nodes #Nodes(A) ≥ z. (a) Absolute
improvement (∆BLEU): differences in BLEU score between SAFT and FT models across varying number of
nodes and model families. (b) Relative improvement (∆1

BLEU): differences in BLEU scores normalized by
single-node graph performance. The results show consistent gains, though the magnitude of improvement is
less pronounced compared to depth-based stratification (see Figure 2), indicating that structural complexity
plays a more critical role than graph size alone. All lines are second-degree polynomial fits.

Therefore, based on current evidence, the claim that increasing model size renders SAFT unnecessary is not
supported.

C.3 Bootstrap paired significance test
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Figure 9: Win-rate heatmap
of the bootstrap paired test.

To evaluate whether the performance differences between SAFT and standard
fine-tuning (FT) are robust to test-set variation, we conduct a bootstrap paired
significance analysis. For each model, we repeatedly resample the AMR 3.0
test set with replacement and compute BLEU, and ChrF for both FT and
SAFT on each bootstrap replicate. This yields paired score distributions
without requiring multiple independent training runs, allowing us to isolate
test-set variability as a source of uncertainty.

Table 6 reports the bootstrap mean and standard deviation for each metric
and model. Across all settings, the variance induced by resampling is small
(typically within ±0.3–0.5 BLEU), indicating that the observed performance
differences are not driven by unstable test-set fluctuations. Bootstrap means
differ slightly from Table 1 due to resampling variability; point estimates
remain the reference.

To further characterize the consistency of these differences, Figure 9 presents a
win-rate matrix, showing for each model–metric pair the fraction of bootstrap
samples in which SAFT outperforms FT. In most cases, SAFT wins on a
clear majority of samples, including all LLaMA variants and two out of the
three Qwen models. For settings where the average improvements are small,
the bootstrap distributions reflect this appropriately through near-balanced
win rates, rather than artificially inflating significance.

Overall, this analysis indicates that the gains reported in the main results are stable under reasonable test-set
perturbations. At the same time, the bootstrap results remain appropriately conservative in cases where the
FT–SAFT gap is minimal, avoiding overinterpretation of marginal differences.
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Table 6: Bootstrap means and standard deviations of BLEU, and ChrF over 50 resampled test
sets. The variability is small across models, and the relative behavior of SAFT vs. FT aligns with the trends
reported in the main results. Bold results are statistically significant (p < 0.05).

Model Variant BLEU ChrF

Gemma (2B) FT 52.97 ± 0.49 69.74 ± 0.29
SAFT 53.01 ± 0.48 69.98 ± 0.30

LLaMA 3.2 (1B) FT 45.64 ± 0.55 65.74 ± 0.37
SAFT 47.75 ± 0.54 67.65 ± 0.33

LLaMA 3.2 (3B) FT 53.52 ± 0.40 71.70 ± 0.25
SAFT 54.45 ± 0.44 72.40 ± 0.30

Qwen 2.5 (0.5B) FT 42.68 ± 0.40 63.14 ± 0.30
SAFT 42.94 ± 0.52 62.94 ± 0.30

Qwen 2.5 (1.5B) FT 50.66 ± 0.46 68.69 ± 0.30
SAFT 51.69 ± 0.54 70.70 ± 0.34

Qwen 2.5 (3B) FT 51.75 ± 0.50 69.33 ± 0.37
SAFT 52.00 ± 0.45 70.44 ± 0.29

Table 7: Comparison of FT vs. SAFT. We report
METEOR and BERTScore for Qwen 2.5 and LLaMA
3.2 (3B) on AMR 3.0. Best results per metric are
highlighted in bold, with relative gain in parentheses.

Model Variant METEOR ↑ BERTScore ↑

Qwen 2.5 (3B) FT 59.4 82.85
SAFT 60.1 (+1.18%) 83.69 (+1.01%)

LLaMA 3.2 (3B) FT 70.3 86.19
SAFT 70.5 (+0.28%) 86.22 (+0.03%)

Table 8: Impact of graph depth on gains. We
report relative improvements in BERTScore and ME-
TEOR across different depths.

Graph Depth BERTScore Gain ↑ METEOR Gain ↑

0 0.84 1.08
3 1.30 1.31
9 3.11 5.01
10 2.96 3.27

C.4 Extra Evaluation Metrics

Along with the metrics reported in Section 4.2, we evaluate SAFT vs. FT using METEOR (Lavie & Agarwal,
2007) and BERTScore (Zhang et al., 2020), two complementary metrics that are more sensitive to semantic
adequacy and fluency. The results are shown in Table 7. We further stratified the gains by AMR graph depth,
following the same setup as in Figure 2. Both BERTScore and METEOR gains increase with graph depth as
shown in Table 8. These results support our claim: SAFT becomes increasingly beneficial for structurally
complex inputs, and these improvements hold across multiple metrics.

C.5 Runtime

We provide a formal breakdown of SAFT’s time and space complexity and clarify the scope of its computa-
tional overhead. All graph-related operations are performed once at preprocessing time and do not affect
training or inference time. These include: graph preprocessing, magnetic Laplacian computation, partial
eigendecomposition (EVD), and positional encoding computation. The main bottleneck in this process is the
partial EVD.

The dense partial EVD requires O(kn2), where k is the number of computed eigenvalues, n the number of
nodes. For most practical scenarios in the AMR-to-text generation task, this complexity is manageable,
as AMRs are relatively small, with AMR 3.0 (∼54 nodes) and DocAMR (∼730 nodes). Asymptotically,
sparse solvers become advantageous when n ≫ k. This translates in practice to n ⪆ 2000. In this case, the
complexity is O(km) where m is the number of edges.
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Table 9: Sparse vs. dense preprocessing times.
We report average and maximum runtimes (in seconds)
for AMR 3.0 and DocAMR.

Dataset Method Avg Time (s) ↓ Max Time (s) ↓

AMR 3.0 Sparse 0.009 0.12
Dense 0.027 0.57

DocAMR Sparse 1.31 12.51
Dense 0.28 2.49

Table 10: Inference and preprocessing times.
Inference time and graph preprocessing time (includ-
ing EVD, sinusoidal encoding, and projection via the
MLP) for Qwen 3B.

Dataset Inference Time (s) Preprocessing Time (s)
AMR 3.0 Avg: 1.73 Max: 6.81 Avg: 0.01 Max: 0.12
DocAMR Avg: 325.24 Max: 582.22 Avg: 0.28 Max: 2.49

We first show in Table 9 that, in our case, using dense solvers yields faster runtime compared to sparse
solvers. Then, we report in Table 10 the average and maximum time (in seconds) required for inference
and precomputation, showing the negligible impact of the latter. The computation of our structure-aware
encodings is a preprocessing step that leaves the model architecture and runtime efficiency intact. Since
structure-aware encodings are computed once per graph and reused throughout training and inference, the
overall overhead remains minimal.

At inference time, SAFT does not change the computation inside the Transformer itself. The token sequence
length and the hidden dimensionality remain the same, so the attention and feed-forward layers have the
same cost as in standard fine-tuning (FT). The only additional costs compared to FT come from two sources.
First, we compute the graph positional encodings for the input AMR. This is done once per graph and does
not depend on the decoding length. As shown in Table 10, this step adds on average 0.01 seconds on AMR
3.0 and 0.28 seconds on DocAMR, which is small compared to the overall inference time. Second, we apply a
lightweight two-layer MLP to project these encodings into the model’s embedding space. This MLP maps
R2k+d → Rdemb and Rdemb → Rdemb , and introduces demb(2k + d + demb + 2) additional parameters. This
overhead is negligible relative to the size of the underlying LLM.

C.6 Potential applicability beyond AMR

SAFT does not assume properties unique to AMR and only requires a graph structure together with a
node-to-token alignment. This suggests a potential extensions to other graph-structured data associated with
text, such as semantic role graphs, knowledge graph triplets, or discourse trees mapped to sentences, just to
name a few. A full empirical study of these settings is outside the scope of this work, but we view this as a
promising direction for future research.

D Limitations

While SAFT achieves consistent improvements, particularly on semantically complex inputs, several limitations
remain.

First, all experiments are conducted using LoRA-based fine-tuning on models up to 3B parameters. Whether
SAFT’s gains persist under full fine-tuning, or at larger scales (e.g., 7B or beyond), remains an open empirical
question. Within the 0.5B–3B range we evaluate, gains do not exhibit a monotonic relationship with scale
(Appendix C.2), but we cannot extrapolate beyond this regime. Second, all empirical evaluation is limited
to AMR-to-text generation. While SAFT is conceptually applicable to any task with directed graph inputs
and node–token alignment, generalization to other tasks, such as semantic role graphs, knowledge graph
verbalization, or discourse-to-text, has not been empirically verified. Third, gains are less pronounced on
simpler inputs with limited structural complexity, suggesting the method’s inductive bias is not universally
beneficial. Fourth, effectiveness depends on hyperparameter choices such as positional encoding dimensionality
k and the magnetic phase parameter q, which may require task-specific tuning. Finally, extending SAFT to
new tasks requires defining a node-to-token alignment, which adds modest engineering effort.
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Figure 10: Count of AMR graphs per complexity on both AMR 3.0 and DocAMR (test sets).

E Assets and Licences

E.1 Datasets

We evaluate our approach on the AMR 3.0 dataset (LDC2020T025) (Knight et al., 2020), which consists
of approximately 55k training instances, 1.3k for development, and 1.4k for testing. Compared to earlier
versions (Knight et al., 2017), AMR 3.0 includes more diverse graph structures and broader linguistic coverage,
providing a rigorous benchmark for AMR-to-text generation.

This release is a semantically annotated corpus of over 59k English sentences drawn from a diverse mix of
domains, including broadcast conversation, discussion forums, weblogs, newswire, and fiction. Annotations
cover PropBank-style frames, non-core semantic roles, coreference, named entities, modality, negation,
quantities, and questions. Sentence-level annotations are represented as rooted, directed acyclic graphs
designed to abstract away from surface syntax and emphasize predicate-argument structure.

For a subset of experiments, we also evaluate on the DocAMR dataset (part of AMR 3.0), which extends
AMR to the document level by providing inter-sentence coreference and discourse-level annotations. This
enables assessment of long-range semantic dependencies and coherence in multi-sentence generation. DocAMR
consists of 284 documents in the training split and 9 documents in the test split, covering a total of 8027 gold
sentence-level AMRs.

We use the dataset as released by the Linguistic Data Consortium (LDC2020T02), without augmenting with
any silver data (i.e., data labeled through heuristic or automated methods). AMR 3.0 is distributed under the
LDC User Agreement and is not publicly available; access requires an institutional or individual LDC license.
For reference, the release was published on January 15, 2020 and includes contributions from DARPA-funded
programs (BOLT, DEFT, MRP, LORELEI) and NSF-supported research.

To make sample availability across structural complexities explicit, we include histograms of graph depths for
AMR 3.0 and DocAMR (Figure 10). AMR 3.0 exhibits a long tail with few very high-depth graphs, whereas
DocAMR contains nine document-level graphs whose constituent sentence-level AMRs all originate from
the AMR 3.0 test split, each covering many AMRs. To test the capabilities of our model across multiple
complexities (number of AMRs in the case of DocAMR), we sample subgraphs from document-level AMRs of
increasing complexities, with a resulting count distribution as shown in Figure 10(b).

Table 11: Datasets used for AMR-to-text generation.

Dataset Size (Train/Dev/Test) Key Features License
AMR 3.0 55k / 1.3k / 1.4k Sentence-level graphs, broad linguistic coverage LDC Non-Member License
DocAMR 284 / - / 9 Document-level annotations, coreference, discourse LDC Non-Member License

5https://catalog.ldc.upenn.edu/LDC2020T02
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E.2 Models

We conduct experiments using a selection of publicly available pretrained language models with open or
research-focused licenses. All models are used strictly for academic purposes, in compliance with their
respective licenses.

LitGPT. We build on the LitGPT framework6, an open-source project released under the Apache License
2.07. It provides modular components for efficient fine-tuning, inference, and reproducibility across large-scale
models.

Qwen. Qwen models8, developed by Alibaba Cloud, are released under the Apache License 2.0. This
permissive open-source license permits modification, distribution, and commercial use, provided appropriate
attribution is maintained.

Gemma. Gemma9, developed by Google DeepMind, is also licensed under the Apache License 2.0. This
allows for both academic and commercial applications and emphasizes interoperability with a wide range of
open-source software.

LLaMA 2. LLaMA 2 models10, released by Meta, are governed by the LLAMA 2 Community License
Agreement. The license permits use, modification, and redistribution, but restricts:

• Commercial use by entities exceeding 700 million monthly active users without explicit permission
from Meta

• Use of LLaMA outputs to train competing large language models

Redistributions must include a notice file, and use is subject to Meta’s Acceptable Use Policy11.

Table 12: Pretrained models and licensing details.

Model Provider License Notes
LitGPT Lightning AI Apache 2.0 Permissive, for training and inference
Qwen Alibaba Cloud Apache 2.0 Open-source, commercial use permitted
Gemma Google DeepMind Apache 2.0 Open-source, commercial use permitted
LLaMA 2 Meta LLAMA 2 Community License Requires license for large-scale commercial use

F Additional information on related work

Prior work on AMR-to-text generation—and more broadly, text generation from graph-structured data—has
been explored through three main paradigms: linearization-based approaches, which serialize graphs into
sequences; adapter-based approaches, which introduce graph-native modules into pretrained architectures;
and graph-tuning-based approaches, which couple LLMs with trainable graph encoders or embeddings.
To the best of our knowledge, no prior work has investigated graph positional encodings as a lightweight,
architecture-agnostic means of enabling structure-aware fine-tuning.

6https://github.com/Lightning-AI/litgpt
7http://www.apache.org/licenses/LICENSE-2.0
8https://github.com/QwenLM/Qwen
9https://github.com/google-deepmind/gemma

10https://ai.meta.com/resources/models-and-libraries/llama-downloads/
11https://llama.com/use-policy
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F.1 Linearization-based approaches

These methods convert the input graph into a linear sequence and fine-tune a pre-trained encoder-decoder
transformer (e.g., BART, T5) in a standard seq-to-seq setup.

Bevilacqua et al. (2021) introduced a symmetric framework for AMR parsing and generation by fine-tuning
BART on linearized AMR graphs using both DFS and BFS traversals (SPRING). AMR-BART (Bai et al.,
2022) builds on SPRING by incorporating self-supervised graph denoising tasks during pretraining, which
improves robustness to structural noise. BiBL (Cheng et al., 2022) further extends this line of work by jointly
modeling AMR-to-text and text-to-AMR transitions through single-stage multitask learning with auxiliary
losses. These models share a common foundation: they linearize the AMR graph and fine-tune a standard
transformer. This strategy has also been applied to large language models (LLMs) via fine-tuning (Raut
et al., 2025; Mager et al., 2020) or prompting (Yao et al., 2024a; Jin et al., 2024b) using the linearized AMR
graph as input.

More generally, the practice of aligning LLMs with structured data through linearization has found success
across domains such as molecular generation (Zheng et al., 2024), network traffic analysis (Cui et al., 2025),
tabular reasoning (Fang et al., 2024), and 3D mesh processing (Wang et al., 2024).

F.2 Adapter-based approaches

Adapter-based methods directly model the structure of the input graph using graph neural networks (GNNs)
or related components, which are then integrated into transformer architectures.

StructAdapt (Ribeiro et al., 2021) is built around the encoder–decoder architecture (e.g., T5) in which a
dedicated graph encoder (which they call StructAdapt) produces structure-enriched representations that the
decoder then consumes via cross-attention and MLP adapters. Its core design relies on this asymmetry: graph
processing happens entirely in the encoder, while the decoder only receives those enriched encoder states.
Other methods take a similar direction by modifying the attention mechanism to incorporate structural biases
from the input graph (Zhu et al., 2019). Another line of work avoids transformer pretraining altogether,
instead training graph-to-sequence models from scratch that can natively process graph inputs (Song et al.,
2018; Wang et al., 2020).

F.3 LLMs for graph-structured data

The rise of large language models (LLMs) (Vaswani et al., 2017; Devlin et al., 2019; Brown et al., 2020;
Touvron et al., 2023) has reshaped NLP. Recently, there has been growing interest in extending LLMs to
handle graph-structured inputs (Jin et al., 2024a), particularly in domains like molecules, knowledge graphs,
and social networks. Existing methods typically fall into one of three strategies: (i) flattening graphs into
linear sequences (Jiang et al., 2023; Fatemi et al., 2024; Yao et al., 2024b); (ii) modifying the LLM architecture
to incorporate graph encoders (Zhang et al., 2022); or (iii) generating structure-aware token embeddings that
align with LLM representations (Tian et al., 2024; Tang et al., 2024). The latter direction shows promise
but introduces additional training complexity due to the need for separate graph encoders and alignment
mechanisms.

F.4 Graph-tuning-based approaches

A more recent line of work integrates graph modules directly into LLMs, aiming to couple structural encoding
with pretrained language models. GraphAdapter (Huang et al., 2024) employs a trainable GNN as an adapter,
aligned with the LLM during fine-tuning, requiring both pretraining and parameter-intensive alignment.
GraphLLM (Chai et al., 2023) inserts graph transformers at every layer of the LLM by introducing learned
graph-based prefix tokens into the key/value projections. GraphGPT (Tang et al., 2024) prepends graph
embeddings produced by a trainable GNN into the prompt via a learned projector, keeping the LLM frozen.
While these methods inject structural information effectively, they introduce substantial complexity in the
form of additional trainable modules, architectural modifications, or expensive pretraining requirements.
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F.5 Comparison and positioning of SAFT

Across these paradigms, a common trade-off emerges: linearization-based methods retain compatibility with
standard architectures but discard explicit structure; adapter-based methods preserve structure but sacrifice
full LLM compatibility; graph-tuning-based methods tightly integrate graphs with LLMs but at the cost of
additional parameters and architectural changes. In contrast, SAFT is architecture-agnostic and parameter-
efficient. It introduces relational inductive bias through precomputed, parameter-free positional encodings
derived from the magnetic Laplacian spectrum. These encodings are aligned with the LLM’s embedding
space via a lightweight projection layer, requiring no graph-specific training, no architectural changes, and no
costly pretraining. This design makes SAFT a simple and efficient way to enable structure-aware fine-tuning
of LLMs, while remaining general to tasks involving graph-structured inputs.

G Generated outputs and error analysis

We present a qualitative error analysis comparing baseline fine-tuning (FT) and our structure-aware fine-
tuning method (SAFT). To avoid cherry-picking and to ensure that examples are sampled in a principled way,
we compute smoothed sentence-level BLEU scores for both models on every test instance. We then partition
the dataset into performance buckets based on percentile thresholds: cases where SAFT is considerably better
than FT, cases where FT is considerably better than SAFT, and cases where both models either perform well
or fail. From each bucket, we draw a small random sample of five examples. For each selected instance, we
report the reference output, the two model predictions, and their respective BLEU scores. We additionally
highlight token-level differences using a color-coded character diff to make divergences visually salient. The
goal is not to claim statistical significance from individual examples, but to give the reader concrete insight
into the characteristic strengths and failure modes of each system across distinct performance regimes.

SAFT better

Ground Truth: International; weapons; proliferation; Government; energy
FT Prediction: International; weapons; proliferation; Governmentergy; energy [BLEU: 28.6]
SAFT Prediction: International; weapons; proliferation; Government; energy [BLEU: 100.0]

Ground Truth: International; crime; Government; narcotics
FT Prediction: International; crime; gGovernment; narcotics [BLEU: 18.8]
SAFT Prediction: International; crime; Government; narcotics [BLEU: 100.0]

Ground Truth: The issues have been unresolved for 4 years.
FT Prediction: The issues werhave beenot unresolved for four4 years. [BLEU: 7.0]
SAFT Prediction: The issues have been unresolved for 4 years. [BLEU: 70.7]

Ground Truth: You can’t get her sectioned for that.
FT Prediction: You can’t get aher sectioned forbecausebecause that. [BLEU: 14.8]
SAFT Prediction: You can’t get her sectioned for that. [BLEU: 100.0]
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Ground Truth: 2. Create a few nuclear-powered aircraft carrier battle groups.
FT Prediction: 2. Createing a few nuclear-powered aircraft carriers groupsbattle groups. [BLEU: 5.6]
SAFT Prediction: 2. Create a few nucbattlear-powered aircraft carrier battle groups. [BLEU: 59.7]

FT better

Ground Truth: Ukraine does not supply or have plans to supply any armaments to the Government of
South Sudan.
FT Prediction: Ukraine hadoes not supply orany have plans to supply any armsaments to the
SGouvernmenth of South Sudan. [BLEU: 34.7]
SAFT Prediction: Ukraine hadoes not supply orany have planys to supply any armsaments to the
SGouvernmenth of South Sudan. [BLEU: 12.6]

Ground Truth: The proposal may complicate the Bush administration’s efforts to win an exemption for
India to engage in nuclear trade.
FT Prediction: The proposedal maycould complicate the Bush administration’s efforts to win Iandia
exemption for India to engage in nuclear trade. [BLEU: 68.6]
SAFT Prediction: The proposedal maycould complicate the Buadminishtration administration’s efforts to
win Indian exemption forom India tfrom engage in nuclear trade. [BLEU: 29.7]

Ground Truth: In Virginia , it ’s to benefit private business plans and not to serve the public interest .
FT Prediction: In Virginia ,it it ’hass ftor benefit privathe business plans ,and not to serve the public
’interest . [BLEU: 28.3]
SAFT Prediction: Itn Virginia ,it it ’iss ftor benefit privathe business plans ,and not to serve thepublic
public ’interest . [BLEU: 8.4]

Ground Truth: 26/02/2010 14:32
FT Prediction: 26/02/2010 14:32 [BLEU: 31.6]
SAFT Prediction: 26February/02/2010 14:32 [BLEU: 15.0]

Ground Truth: Nepal (NP)
FT Prediction: Nepal (NP) [BLEU: 31.6]
SAFT Prediction: Nepal (NEP) [BLEU: 15.0]

Both good

Ground Truth: proliferation; technology; international; politics
FT Prediction: proliferation; technology; international; politics [BLEU: 100.0]
SAFT Prediction: proliferation; technology; international; politics [BLEU: 100.0]
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Ground Truth: They deserve it. They asked for that.
FT Prediction: They deserve it. They asked for that. [BLEU: 100.0]
SAFT Prediction: They deserve it. They asked for that. [BLEU: 100.0]

Ground Truth: Tell your ex that all communication needs to go through the lawyer.
FT Prediction: Tell your ex that all communication needs to go through athe lawyer. [BLEU: 82.7]
SAFT Prediction: Tell your ex that all communication needs to go through athe lawyer. [BLEU: 82.7]

Ground Truth: Xinhua News Agency , Rome , September 1st , by reporters Aiguo Yang and Changrui
Huang
FT Prediction: Xinhua News Agency , Rome , September 1st , by reporters Aiguo Yang and Changrui
Huang [BLEU: 81.5]
SAFT Prediction: Xinhua News Agency , Rome , September 1st , by reporters Aiguo Yang and Changrui
Huang [BLEU: 81.5]

Ground Truth: International; Government; technology; politics; economy
FT Prediction: International; Government; technology; politics; economy [BLEU: 100.0]
SAFT Prediction: International; Government; technology; politics; economy [BLEU: 100.0]

Both bad

Ground Truth: Haha
FT Prediction: Haha. [BLEU: 0.0]
SAFT Prediction: Haha. [BLEU: 0.0]

Ground Truth: Good Evening Digicel.
FT Prediction: Good eEvening,Digicel. [BLEU: 9.1]
SAFT Prediction: Good eEvening,Digicel,. [BLEU: 9.1]

Ground Truth: To help the survivors of the Gulf.
FT Prediction: ToHelp help those survivors inof the Gulf.region [BLEU: 3.7]
SAFT Prediction: ToSurv hsurvivelp those survivors inof the Gulf. [BLEU: 7.7]

Ground Truth: Please tell us our to pray because almost not believe in god and our prayer never arrived to
god.
FT Prediction: Please tell us howur toprayers pray inwbecause wialmosthnout believeing in Ggod and
heour prayers willnever arrived ato himgod. [BLEU: 6.2]
SAFT Prediction: Please,tell us howurto praybercauspray,we wealmostnot believeing in Ggod and our
prayers willnever arrived to god. [BLEU: 3.4]
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Ground Truth: You may think that ’s not rational land use .
FT Prediction: You cmany think that i’snothrational ltheand use use. [BLEU: 5.4]
SAFT Prediction: You cmany think that ’snotratiosusingal land usinguse use. [BLEU: 5.7]
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Figure 11: Original AMR graph for the sentence “I used to play tennis”.
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<P0> play-01 :ARG0 <P1> i :ARG1 <P2> tennis :time <P3> use-03 <stop>

(a) BFS Linearization

<pointer:0> play-01

<pointer:1> i <pointer:2> tennis <pointer:3> use-03

:ARG0 :ARG1 :time

(b) ToSubgraph

(0, '<pointer:0> play-01')

(1, ':ARG0') (3, ':ARG1') (5, ':time')

(2, '<pointer:1> i') (4, '<pointer:2> tennis') (6, '<pointer:3> use-03')

(7, '<stop>')

(c) RoleExpand, AddStopNodes, and σ−1
A

(0, '<pointer:0> play-01')

(1, ':ARG0') (3, ':ARG1') (5, ':time')

(2, '<pointer:1> i') (4, '<pointer:2> tennis') (6, '<pointer:3> use-03')

(7, '<stop>')

(d) Merge

Figure 12: Overview of preprocessing steps for the AMR corresponding to the sentence: “I used to play
tennis”.
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Figure 13: Original AMR graph for the sentence “This is really eye-opening”.
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<P0> open-01 :ARG0 <P1> this :ARG1 <P2> eye :degree <P3> really <stop>

(a) BFS Linearization

<pointer:0> open-01

<pointer:1> this <pointer:2> eye <pointer:3> really

:ARG0 :ARG1 :degree

(b) ToSubgraph

(0, '<pointer:0> open-01')

(1, ':ARG0') (3, ':ARG1') (5, ':degree')

(2, '<pointer:1> this') (4, '<pointer:2> eye') (6, '<pointer:3> really')

(7, '<stop>')

(c) RoleExpand, AddStopNodes, and σ−1
A

(0, '<pointer:0> open-01')

(1, ':ARG0') (3, ':ARG1') (5, ':degree')

(2, '<pointer:1> this') (4, '<pointer:2> eye') (6, '<pointer:3> really')

(7, '<stop>')

(d) Merge

Figure 14: Overview of preprocessing steps for the AMR corresponding to the sentence: “This is really
eye-opening”.

36



Under review as submission to TMLR

Figure 15: Original AMR graph for the sentence “The key is to be as objective as possible”.

37



Under review as submission to TMLR

<P0> key-02 :ARG1 <P1> objective <stop> <P2> have-degree-91 :ARG2 <P1> :ARG1 <P3> you :ARG3 <P4> equal
:ARG4 <P5> possible-01 <stop> <P5> :ARG1 <P1> <stop>

(a) BFS Linearization

<pointer:0> key-02

<pointer:1> objective

<pointer:2> have-degree-91

<pointer:1> objective <pointer:3> you <pointer:4> equal <pointer:5> possible-01

<pointer:5> possible-01

<pointer:1> objective

:ARG1 :ARG2 :ARG1 :ARG3 :ARG4 :ARG1

(b) ToSubgraph

(0, '<pointer:0> key-02')

(1, ':ARG1')

(2, '<pointer:1> objective')

(3, '<stop>')

(4, '<pointer:2> have-degree-91')

(5, ':ARG2') (7, ':ARG1') (9, ':ARG3') (11, ':ARG4')

(6, '<pointer:1> objective') (8, '<pointer:3> you')(10, '<pointer:4> equal')(12, '<pointer:5> possible-01')

(13, '<stop>')

(14, '<pointer:5> possible-01')

(15, ':ARG1')

(16, '<pointer:1> objective')

(17, '<stop>')

(c) RoleExpand, AddStopNodes, and σ−1
A

(0, '<pointer:0> key-02')

(1, ':ARG1')

(2, '<pointer:1> objective')

(3, '<stop>')

(4, '<pointer:2> have-degree-91')

(5, ':ARG2')

(7, ':ARG1') (9, ':ARG3')(11, ':ARG4')

(6, '<pointer:1> objective')

(8, '<pointer:3> you') (10, '<pointer:4> equal')(12, '<pointer:5> possible-01')

(13, '<stop>')

(14, '<pointer:5> possible-01')

(15, ':ARG1')

(16, '<pointer:1> objective')

(17, '<stop>')

(d) Merge

Figure 16: Overview of preprocessing steps for the AMR corresponding to the sentence: “The key is to be as
objective as possible”.
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Figure 17: Original AMR graph for the sentence “Speeding and accidents have surged as well”.
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<P0> surge-01 :ARG1 <P1> and :mod <P2> as-well <stop> <P1> :op1 <P3> speed-01 :op2 <P4> accident <stop>

(a) BFS Linearization

<pointer:0> surge-01

<pointer:1> and <pointer:2> as-well

<pointer:1> and

<pointer:3> speed-01 <pointer:4> accident

:ARG1 :mod :op1 :op2

(b) ToSubgraph

(0, '<pointer:0> surge-01')

(1, ':ARG1') (3, ':mod')

(2, '<pointer:1> and') (4, '<pointer:2> as-well')

(5, '<stop>')

(6, '<pointer:1> and')

(7, ':op1') (9, ':op2')

(8, '<pointer:3> speed-01') (10, '<pointer:4> accident')

(11, '<stop>')

(c) RoleExpand, AddStopNodes, and σ−1
A

(0, '<pointer:0> surge-01')

(1, ':ARG1') (3, ':mod')

(2, '<pointer:1> and') (4, '<pointer:2> as-well')

(5, '<stop>')

(6, '<pointer:1> and')

(7, ':op1') (9, ':op2')

(8, '<pointer:3> speed-01') (10, '<pointer:4> accident')

(11, '<stop>')

(d) Merge

Figure 18: Overview of preprocessing steps for the AMR corresponding to the sentence: “Speeding and
accidents have surged as well”.
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