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Abstract

This paper documents GETALP’s submission
to the Third Run of the Automatic Minuting
Shared Task at SIGDial 2025. We participated
in Task B: question-answering based on meet-
ing transcripts. Our method is based on a re-
trieval augmented generation (RAG) system
and Abstract Meaning representations (AMR).
We propose three systems combining these two
approaches. Our results show that incorporat-
ing AMR leads to high-quality responses for ap-
proximately 35% of the questions and provides
notable improvements in answering questions
that involve distinguishing between different
participants (e.g., who questions).

1 Introduction

The 2025 edition of the Automatic Minuting (Au-
toMin) Shared Task introduces, for the first time, a
question-answering challenge based on extensive
meeting transcripts. This task (task B) involves
generating accurate answers grounded in long con-
versational data.

To address this challenge, we propose a retrieval-
augmented generation (RAG) approach enriched
with Abstract Meaning Representation (AMR).
Specifically, we leverage Information Retrieval (IR)
techniques to identify and extract relevant passages
from large transcripts based on a given question.
Relevant passages are identified using both dense
sentence embeddings and synthetic queries gener-
ated via the Doc2Query model (Nogueira et al.,
2019). To represent the relationships described
in the meeting, we include a Knowledge graph
from an AMR of the retrieved sentences. These
graphs are then translated into natural language de-
scriptions. Finally, we utilize the capabilities of
large language models (LLMs) to generate accu-
rate responses using both the user question and the
retrieved context. Our approach thus consists of
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two main stages: (1) context construction, and (2)
answer generation.

To analyze the impact of AMR-based context,
we develop and evaluate three system variants:

1. IR-only: Using only the retrieved sentences
(from sentence and Doc2Query representa-
tions).

2. IR+AMR: Using both the retrieved sentences
and their AMR natural language descriptions.

3. AMR-only: Using only the AMR natural lan-
guage descriptions of the retrieved sentences.

Finally, we evaluate each variant using the LLM-
as-Judge metric (Kim et al., 2023), and we further
conduct a manual evaluation to qualitatively assess
the performance of the systems using the same
scale.

2 Related Work
2.1 QA based on Meeting Transcripts

Previous work on question answering from meet-
ing transcripts has explored both extractive and
generative approaches. Apel et al. (2023) address
real questions in meeting dialogues using an ex-
tractive model that jointly predicts answers and
detects when no answer is present; the authors re-
port moderate performance and note the difficulty
of handling ambiguous or unanswered questions.
Prasad et al. (2023) use models like Longformer
and RoBERTa to extract multi-span answers from
full or partial transcripts, but highlight that per-
formance remains well below human level due to
the complexity of long, dispersed dialogues. Pan
et al. (2024) propose a two-step approach that first
compresses transcripts using summarization, then
applies QA models to the shortened text; results
improve with compression, though performance
depends heavily on the quality of the summaries.
Golany et al. (2024) introduce a RAG pipeline
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where relevant segments are retrieved and used
to generate answers; this approach improves han-
dling of dispersed information but can be sensitive
to retrieval errors.

2.2 RAG

Retrieval-Augmented Generation (RAG) (Lewis
et al., 2020) is a framework designed to enhance
the performance of LLMs by incorporating exter-
nal knowledge through information retrieval. In-
stead of relying solely on the model’s parametric
memory, RAG systems retrieve relevant documents
from a collection —such as a database or the In-
ternet— and use these documents as additional
context to ground the model’s generation. This
paradigm has proven effective for injecting up-to-
date or domain-specific knowledge into LLMs and
improving factual consistency in their outputs. In
typical RAG pipelines, user queries are first aug-
mented with retrieved passages, which are then fed
into the LLM to generate responses that are both
informative and grounded in external sources. A
key advantage of RAG is its ability to mitigate the
"lost in the middle" phenomenon (Liu et al., 2024)
—where LLMs overlook relevant content located
in the middle of long contexts — by ensuring that
only the most relevant content is presented to the
model. However, RAG systems also face notable
challenges, notably in effectively managing long
contexts and multi-document question answering.

2.3 Meaning representation for question
answering

Previous work leveraged meaning representations
for question answering tasks (Kapanipathi et al.,
2021; Wang et al., 2023). Meaning representation
represents meanings of a text in a structured form
such as a graph, tree, or formal logic expressions.
Corporating structured information into QA sys-
tems provides a few advantages. First, meaning
representation reduces ambiguity by explicitly en-
coding one plausible interpretation among many
others. For example, in the following sentence
“Kevin told Tom that he broke the glass,” it is un-
clear whether ‘he’ refers to Kevin or Tom. This
ambiguity can be resolved by explicitly represent-
ing its meaning. Second, meaning representation
provides information in canonical form regardless
of the surface-level variations-especially syntatic
ones. For example, “Mary bought the flower.” and
“The flower was bought by Mary” are expressed
identically in a meaning representation, thereby

reducing the search space in information retrieval
systems. Because of these advantages, meaning
representation is widely adopted in traditional QA
systems.

Among many meaning representation frame-
works, Abstract Meaning Representation (Ba-
narescu et al., 2013, AMR) has gained popularity
due to its broad semantic coverage and availabil-
ity of annotated data. AMR encodes meaning of
texts as a rooted, directed and acyclic graph (see
Figure 1). In AMR graph, the graph nodes are ei-
ther: Propbank predicate (e.g., sell-O1 in Figure
1) or English words (e.g., man and flower in Fig-
ure 1) or AMR-speicifc entities (e.g., date-entity
and ordinal-entity). Edges between nodes are la-
beled to indicate semantic relations between the
connected nodes. For example, in Figure 1, :ARGO
and :ARGI1 respectively indicates that man is the
agent of sell-01 and flower is the object of the same
predicate. AMR graph can also be serialized in a
textual format (see Figure 2), which is both human
and machine-readable. AMR also uses variables
to identify each node, e.g., s, m and f in Figure 2.
It can also be decomposed into a set of triples that
represent the underlying graph structure.

:ARGO\:ARG1

]

Figure 1: AMR graph for “A man breaks a window.’

(s / sell-o1
:ARGO (m / man)
:ARGT (f / flower))

Figure 2: AMR graph linearized in text format.

With ongoing paradigm shift with large langage
model, however, the advantage of using AMR as
an input for downstream tasks has been questioned.
For example, Jin et al. (2024) argues that AMR, in
its traditional graph form, is not optimal for LLMs,
showing that incorporating it offers no improve-
ment across five different NLP subtasks. On the
contrary, Zhang et al. (2025) presents evidence sup-
porting the usefulness of AMR when its format is
adapted for LLMs. They argue that since LLM is



heavily trained with human languages, the struc-
tured format of AMR may not align well with their
training. To address it, they propose translating
the graph into a set of textual descriptions by con-
verting each triple of an AMR graph into a natural
language sentence. They show that these natural
language descriptions of an AMR graph improve
the performance of various downstream tasks, both
in zero-shot and fine-tuning scenarios. Following
their work, we corporate AMR into QA systems
while converting its structured form into natural
language descriptions.

3 Methodology

3.1 Dataset Description

We use the two datasets provided for AutoMin
TaskB: the ELITR Minuting Corpus and the
ELITR-Bench Dataset.

ELITR Minuting Corpus (Nedoluzhko et al.,
2022) consists of transcripts of meetings in Czech
and English. On average, each transcript contains
7,000 words, involves 5.9 speakers, and includes
727 speaker turns. ELITR-Bench Dataset (Thonet
et al., 2024)! contains questions to be answered us-
ing the English transcripts from the ELITR Minut-
ing Corpus, splitted in two corpus: Dev and Test.
In total, the Dev split comprises 10 meetings with
141 questions and is used for model validation prior
to submission. The Test split, used for the final eval-
uation in the shared task, includes 8 meetings with
130 questions. While only the English transcripts
are used for the task, the questions are in English
(monolingual setting) or in Czech (cross-lingual
setting).

3.2 RAG System Overview

Our system follows a two-stage RAG architecture
(1) context construction, and (2) Answer genera-
tion. Given an input Question, denoted as (), and
a meeting transcript, denoted as DOC), the system
produces an answer A that is based on the content
of the transcript.

In the context construction stage, we apply in-
formation retrieval (IR) techniques to identify and
extract relevant passages from the transcript DOC,
based on the input question ). We denote this
context as the relevant context C... Using C, we
construct a second context using AMR which is

1h'ctps ://github.com/utter-project/ELITR-Bench/
tree/main

finally translated in natural language, we denote
this context as Cy .

In the Answer generation stage, an LLLM reads
the context C' and the query @ to generate the final
answer A following a specific prompting strategy.

Context C, construction: IR To construct the
relevant context C,, we implement an informa-
tion retrieval setup that combines two comple-
mentary strategies: dense sentence embeddings
and Doc2Query-based document expansion. Each
sentence in the transcript is not only encoded as
a dense vector but also represented by a set of
synthetic queries generated using the Doc2Query
model (Nogueira et al., 2019). We index both the
sentence embeddings and the synthetic queries us-
ing FAISS (Douze et al., 2025) for efficient simi-
larity search.

At retrieval time, given a question (), we re-
trieve (1) the most similar sentences based on the
dense embedding similarity to (), and (2) the sen-
tences whose generated queries are most similar
to @ in the Doc2Query index. The union of these
results forms the initial set of relevant sentences.
To improve coherence, we expand each selected
sentence with its immediate context: one preced-
ing and one following sentence from the transcript.
We observed that, in some cases, the answer to
the question was actually contained in the sentence
closest to the most similar one. The final IR-based
context C'; consists of this expanded set of relevant
passages, ordered by their original position in the
transcript to preserve the sequential structure of the
transcript.

Context C,,,, construction: AMR for QA To
enrich the retrieved context and improve answer
generation, we incorporate AMRs, derived from
the selected sentences in C;.. Following the work of
Zhang et al. (2025) as described in 2.3, we convert
an AMR graph into its natural language descrip-
tions. Specifically, we apply this conversion to
the context retrieved in the information retrieval
step (C). Since the code has yet to be provided
by Zhang et al. (2025),> we use our own imple-
mentation for this process. We refer the readers
to the original article for detailed description and
examples.

Converting AMR into its natural language de-
scriptions consists of 3 steps: 1) Extracting a set of
triples from a given AMR graph 2) Translate each

2At the moment of writing, June 2025.
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triple into a sentence 3) Polish each sentence using
LLM. For the first step, we used library PENMAN
(Goodman, 2020). The second step requires pre-
defined rules to translate each semantic role into
a sentence, e.g., (John, :ARGO, rob-01) — ‘John
is the doer of rob-01 (to engage in or commit rob-
bery)’. This may produce an unnatural text that
needs to be polished for natural effect. This step
is done in the third step using LLM. Following the
original work, we provide some examples for the
prompt to polish the text. As a result, for example,
‘John is the doer of rob-01 (to engage in or commit
robbery)’ is polished as ‘John robs something.’

The natural descriptions of AMR graphs form
the Cymy context, which can be provided either
alone or alongside with the original sentences de-
pending on our system variant. This is further de-
tailed in the next section.

Answer A generation: Prompting LLM We
use a large language model (LLM) as the backbone
of the answer generation component. Given the
constructed context C, which may include the IR-
based context C,., the AMR-derived context Cyp,y,
or both, and the question (, the LLM generates the
final answer A.

We experiment with three variants of the input
context provided to the LLM:

1. IR-only: Using only the retrieved sentences
based on sentence and Doc2Query representa-
tions (C,), along with the question Q).

2. IR+AMR: Using both the retrieved sentences
(C}) and their AMR-based natural language
descriptions (Cgn:-), along with the question

Q.

3. AMR-only: Using only the AMR-based natu-
ral language descriptions of the retrieved sen-
tences (Cgpmr), along with the question ().

4 Experiments

4.1 Models

We implement our RAG pipeline using the follow-
ing components :

Context Construction: IR For the sentence-
level representation in the IR module, we use the
all-MiniLM-L6-v2 sentence embedding model>.

*https://huggingface.co/sentence-transformers/all-
MiniLM-L6-v2

For Doc2Query, we use the DocTTTTTquery
model trained on the MS-MARCO dataset*.

Context Construction: AMR For
AMR-to-text  conversion, we use the
meta-1lama/Llama-3.1-8B-Instruct model’,
prompted with the following instruction:

You are an AI language assistant. Your job is to
improve and rewrite a list of sub-sentences (
input_sub_sentences) so they flow naturally and

resemble fluent, natural language. Use the
input_original_sentence as context to guide your
rewrites. Follow the format and style shown in
the examples. Only output the final polished
sentences. Do not include any explanations.

Answer Generation We use the same
meta-llama/Llama-3.1-8B-Instruct model to
generate answers, with the following instruction:

You are an Al assistant that answers questions
using retrieved meeting information. Provide
only the most relevant 1-2 sentence answer
extracted directly from the content. Follow
these rules: Be extremely concise - just the
core fact, Use exact terms/phrases from the
retrieved content, and never add analysis,
disclaimers or "Based on...".

From English to Czech We control the output
language by adding the instruction “Answer in
Czech.” to the prompt when needed.

4.2 Evaluation

For the evaluation of Task B, predictions are eval-
uated by the LLM-as-a-judge metric, which uses
large language models as automated judges to as-
sess the quality of responses. As used in (Thonet
et al., 2025; Zheng et al., 2023; Chiang and Lee,
2023), these models will compare the system-
generated answers with the human-crafted gold ref-
erence answer for each given query. In this experi-
ment, Prometheus model was used as implemented
by the authors of (Kim et al., 2023). Prometheus
is a 13B open-source language model fine-tuned
to serve as an evaluator capable of assessing long-
form responses based on user-provided rubrics and
reference answers. We follow the Prometheus scale
of 0 to 5, where 0 is when an answer is not gener-
ated in the intended language, and 5 is when the
response to evaluate is essentially equivalent to
the reference answer. As the final evaluation of
*https://huggingface.co/castorini/doc2query-t5-base-
msmarco

5https://huggingface.co/meta—llama/Llama—3.
1-8B-Instruct
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Model Mean =+ 1 std Model ‘ Mean =+ 1 std
GETALP@ AutoMin 5.15+£3.73 LLM-as-Judge
GETALP@ AutoMin_amr 4.97 £ 3.77 GETALP@ AutoMin 4.09 £3.16
GETALP@ AutoMin_amr_only 431 £3.52 GETALP@ AutoMin_amr 3.35+£254
GETALP@ AutoMin_amr_only 246 £ 1.75
Table 1 Mean and standard deviation for LLM-as-judge Human evaluation
evaluation on Czech Answers. GETALP@ AutoMin 5651306
GETALP@ AutoMin_amr 5.55+2.95
the task is in range O to 10, we rescale our scores GETALP®@AutoMin_amr_only | 3.94 + 2.69

accordingly.

5 Results

In this section, we propose an evaluation of the
model based on LLM-as-judges for the Czech
dataset only, and both LLM-as-judges and human
evaluation for the English dataset. We evaluate the
significant difference between the different experi-
ments using a t-test.

Czech results Table 1 shows the mean and stan-
dard deviation from the scores as provided by
LLM-as-judges. Figure 3 displays violin plots
of the score distribution. We decided to remove
the O score, as it was also triggered in cases
where the reference answer was in English (e.g.,
[ORGANIZATION1]).

No significant difference was observed between
the results obtained for each of our three proposed
architectures.

14 Automatic Evaluation (Czech)

12

o N B~ OO

Figure 3: Automatic evaluation using LLM-as-judges.
Scores are between 0 and 10. Violin plot with mean
distribution as blue line. *** for p<0.005

English results We used different human
annotators to manually evaluate the performance
of each of our three configurations. Each annotator
evaluated only a part of the dataset, and there was
no cross-over between annotators. Table 2 shows
the mean and standard deviation of the scores pro-
vided by both LLM and Human evaluators. Human
scores are higher than automatic LLM-as-judges

Table 2: Mean and standard deviation for LLM-as-judge
and Human evaluation on English Answers.

scores. We can observe from Figure 4 and Figure 5
that the evaluation is consistent between humans
and LLMs. In both cases, GETALP @ Automin
and GETALP@AutoMin_amr obtain higher
scores than GETALP@ Automin_amr_only, and
no significant difference is observed between
GETALP@ Automin and GETALP@ Automin_amr.
When comparing both automatic and manual
scores for the two best configurations, as displayed
in Figure 6, we could not identify a model that
outperforms the other.

14 Automatic Evaluation (English)

12 ok

o N B~ OO

Figure 4: Automatic evaluation using LL.M-as-judges.
Scores are between 2 and 10. Violin plot with distribu-
tion mean as blue line. *** for p<0.005

Ground-truth answers provided by the dataset
are not always complete sentences, but are often
sentence fragments or short pieces of information,
as shown in Table 4 and Table 3. However, given
the text generation capabilities of LLMs, we would
expect a correct answer to be a full sentence convey-
ing the correct information. Out of 130 questions,
46 received a human evaluation score of 8 or 10 for
GETALP@ Automin_amr, and 49 out of 130 for
GETALP@Automin. The two systems obtained
the same score for 91 of the 130 questions, while
in 18 questions the AMR-based solution performed
better than IR-only. Interestingly, half of these 18



Ground Truth ‘ Ours
Who is leaving the project?
[PERSON10] ‘ [PERSON10] will be leaving.
What is the application deadline for the PhD program?
End of the year ‘ The PhD application deadline is the end of the year.
Who had to pause the meeting for a few minutes?

[PERSON2] \ PERSON?2 had to pause the meeting for a few minutes.

Table 3: Examples where LLLM-as-judge gave a score of 2 while evaluators gave a score of either 8 or 10, for
both GETALP@ Automin and GETALP @ Automin_amr models. The answer displayed comes from one of the two
models.

Ground Truth ‘ Ours

What is [PERSON4] focusing on now?

Multi-source machine translation [PERSON4] is putting together and also working on the censorship

component, which is one part of the pipeline after the [PROJECT4].

What is the current delay of the language id system?

3 seconds ‘ The current delay of the language ID system is not explicitly stated.

How did [PERSONT7] qualify the experience of the latest recording session assessment?

It was qualified as "disastrous". Unfortunately, the provided information does not contain a direct
quote from [PERSON7] regarding the experience of the latest recording

session assessment.

Table 4: Examples where both LLM-as-judge and evaluators gave a score 2, for both GETALP@ Automin and

GETALP@ Automin_amr models. The answer displayed comes from one of the two models.

Human Evaluation (English)
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Figure 5: Human evaluation. Scores are between 2 and
10. Violin plot with distribution mean as blue line. **%*
for p<0.005

questions correspond to WHO questions. Among
the 45 WHO questions in total, AMR achieved the
same or a better score in 39 of them.

6 Conclusion

Our participation in the AutoMin 2025 Shared Task
focused on developing RAG system for question an-
swering over long meeting transcripts. To address
the challenges of this task, we combined dense re-
trieval with Doc2Query-based document expansion
and enriched the retrieved content using AMR. We

14 Automatic vs Human Evaluation (English)
ok

— mean
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Figure 6: Human versus automatic evaluation. Scores
are between 2 and 10. Violin plot with distribution mean
as blue line. *** for p<0.005

explored three variants of our system: using only
the retrieved passages, combining them with their
AMR-based natural language descriptions, and us-
ing only the AMR descriptions.

Our results suggest that AMR contexts can im-
prove the quality of generated answers, particularly
for questions involving entity resolution or seman-
tic roles, such as identifying the responsible per-
son for a task or determining who is experiencing
an issue (e.g., "Who is experiencing disk space
issues?"). Future work includes refining the AMR-



to-text generation process, better integrating AMR
into context construction, and selectively applying
AMR in question types where structured semantic
information offers the most benefit.

Limitations

Our approach relies on a large language model
(Llama 3.1 8B) for both AMR-to-text generation
and final answer generation. This significantly
increases computational demands and limits the
feasibility of our system in resource-constrained
environments. To carry out our experiments, we
required high-performance GPUs, including an
NVIDIA RTX A6000 and NVIDIA H100. Fur-
thermore, although we prompt the model to pro-
duce answers in Czech, many of the underlying
components, such as sentence embeddings and the
Doc2Query model, are primarily trained on English
data. This can result in reduced answer quality in
non-English outputs and potential inconsistencies
in multilingual behavior.
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