
Proceedings of the 14th International Joint Conference on Natural Language Processing and the 4th Conference of the Asia-Pacific Chapter of the Association for
Computational Linguistics: Tutorial Abstract, pages 1–5

December 20-24, 2025 ©2025 Association for Computational Linguistics

Source Attribution for Large Language Models

Vipula Rawte2, Koustava Goswami1, Puneet Mathur1, Nedim Lipka1

1Adobe Research 2Adobe Inc.
vrawte@adobe.com

Abstract

As Large Language Models (LLMs) become
more widely used for tasks like document sum-
marization, question answering, and informa-
tion extraction, improving their trustworthiness
and interpretability has become increasingly
important. One key strategy for achieving this
is attribution, a process that tracks the sources
of the generated responses. This tutorial will
explore various attribution techniques, includ-
ing model-driven attribution, post-retrieval an-
swering, and post-generation attribution. We
will also discuss the challenges involved in im-
plementing these approaches, and also look at
the advanced topics such as model-based at-
tribution for complex cases, table attribution,
multimodal attribution, and multilingual attri-
bution.

1 Introduction

In the context of LLMs, attribution refers to the
process of identifying and linking the information
generated by the model to its original sources. This
involves tracing the content produced by the LLM
back to the specific documents, datasets, or other
reference materials that informed the response. The
goal of attribution is to provide transparency, verify
the accuracy of the information, and give credit
to the original authors or sources. This is partic-
ularly important for ensuring the trustworthiness
and accountability of the outputs from generative
AI systems.

Attribution methods are pivotal in enhancing the
trustworthiness and interpretability of LLMs. They
substantiate the model’s claims with evidence in the
form of references or citations, promoting accuracy
and reducing misinformation risk. This ensures
each statement produced by the model is backed by
appropriate references, establishing a framework
for evaluating the completeness and relevance of
supporting evidence.

Research in attribution methods for LLMs in-
cludes techniques for citation generation, claim
verification, and hallucination detection. These
techniques aim to improve the quality and trustwor-
thiness of the content generated by LLMs. How-
ever, implementing attribution methods in LLMs
presents challenges. These include the need for ro-
bust validation measures, addressing sources used
in reasoning but not present in the final output text,
dealing with structured sources or sources in other
modalities such as tables or figures and images,
and dealing with multi- or cross-lingual sources.
Overcoming these challenges is crucial for the suc-
cessful application of attribution methods in LLMs.

As reliance on AI and machine learning mod-
els continues to grow, the need for accountability,
transparency, and trustworthiness becomes increas-
ingly important. Attribution methods provide a
means to achieve these objectives, making them an
essential area of study and application in our com-
munity and beyond. This tutorial provides an in-
troduction to the problem space and existing work.
We’ll dive into areas such as model-based attribu-
tion for challenging cases, table attribution, multi-
modal attribution, and multilingual attribution.

2 Outline

1. Background and existing work (see Section 4)
(40 mins)

2. Model-based approaches for post-generation
attribution (see Section 5) (40 mins)

3. Tabular attribution (see Section 6) (40 mins)
4. Multimodal attribution (see Section 7) (40

mins)
5. Multilingual attribution (see Section 8) (25

mins)
6. Attribution and factuality (see Section 9) (25

mins)
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3 Target Audience

This tutorial is designed for AI practitioners and
researchers who are interested in understanding the
landscape of current attribution approaches and de-
signing solutions for generative AI for knowledge
workers. The tutorial aims to inspire new research
and benchmark creation through the discussion of
several open challenges.

To get the most out of this tutorial, attendees
should have:

• Basic knowledge about LLMs: Understanding
the fundamental concepts of LLMs will help
attendees grasp the attribution approaches dis-
cussed in the tutorial.

• Familiarity with Information Retrieval:
Knowledge of information retrieval tech-
niques will be beneficial as these methods are
often used in conjunction with LLMs.

Approximate count: 30-50. Additionally, the
tutorial is designed to accommodate a wide range
of participants, from those new to the field to expe-
rienced practitioners and researchers. The tutorial’s
content will be beneficial to all attendees, regard-
less of their level of expertise.

4 Background and existing work

Attribution methods for LLMs in the field of NLP
can be categorized based on their approach: (i)
direct model-driven attribution, (ii) post-retrieval
answering, and (iii) post-generation attribution (Li
et al., 2023). We will provide examples for each
approach and discuss their nuances, potential, and
challenges.

5 Model-based approaches for
post-generation attribution

Current post-attribution technologies are chal-
lenged by “hard cases” where the generated
responses infer new information not explicitly
present in the provided content, such as generated
opinions, calculation results, logical deductions,
comparisons, etc. In response to this challenge,
we will explore the “implicit” reasoning within an
LLM, investigating attentions and activation pat-
terns to gain insights into how the model processes
and generates information. We will also examine
the intersection between source attribution and a
phenomenon known as “hallucination” in LLMs.

6 Tabular attribution

Tables are widely used for handling complex
semi-structured data in various domains, includ-
ing healthcare, finance, and education. Applica-
tion of LLMs to tabular data presents unique chal-
lenges: hierarchical header structures, varying for-
mats (e.g., JSON, HTML, CSV, Markdown), lack
of straightforward serialization techniques, noisy
content, and ambiguity in raw data (e.g., abbrevi-
ations, domain-specific terms) (Sui et al., 2023).
Due to the high specificity of table data, attributing
table structures at the row/column level in gener-
ated answers remains under-explored. Prior meth-
ods for post-hoc answer attribution use embedding-
based retrievers or LLM prompting that are limited
to attributing entire tables rather than fine-grained
structures (Huo et al., 2023).

We will introduce a novel task, Fast-Tab:
Fine-grained Attribution over Structured
Tables which involves identifying table rows and
columns that directly support claims in a gener-
ated answer to a user’s question. Next, we will
discuss existing baseline methods for this new task.
Finally, we will expand on our novel agentic frame-
work – MATSA: Multi-Agent Table Structure
Attribution, that provides inline citations for gen-
erated answers based on table structures by coordi-
nating multiple LLM agents.

7 Multimodal attribution

When we talk about long documents, often the
documents consist of figures, charts, and images
along with long text paragraphs. In many cases, the
answers to the asked questions might have a con-
textual link to localized parts of the images along
with a connection to the textual passages. In ideal
cases, a multimodal attribution system should be
able to cite the sentences back to both images and
texts. While textual attribution systems in post-
hoc settings are improved with the introduction
of high-quality embedding and language models,
multimodal attribution is still pretty much new and
unexplored. Discussing images is not very straight-
forward; the images can have noisy content, over-
lapping contents which make it hard to read, and
noisy textual contents in the images. Moreover in
the case of charts, depending on the types, the tex-
tual contents might be overlapping making it hard
to be localized. Prior methodology in text-image
space has explored the Referring Expression Seg-
mentation task but does not deal with long textual
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contexts to be attributed along with the localized
image parts. Thus, we will be introducing a new
task called multimodal attribution which supports
long documents having charts, info-graphics, and
natural images.

With the recent advancements in multimodal
models, we will explore the potential of leverag-
ing these capabilities to simultaneously attribute
generated text to multiple input modalities.

8 Multilingual attribution

We will discuss the challenges faced when dealing
with multiple languages, especially those that are
under-resourced in terms of data and model train-
ing. We will also discuss the complexities that arise
in a cross-lingual setup where the languages of the
source document, query, and answer are different.

9 Attribution and factuality

Attribution can help mitigate hallucinations in
LLMs. Ensuring that responses include citations to
reliable sources can help verify the information. By
referencing specific articles, studies, or databases,
the model’s outputs can be cross-checked for accu-
racy.

Figure 1: Using attribution for fact-checking (Li et al.,
2023).

In the above Fig. 1, using attribution can help de-
velopers, and users see the potential sources of an
answer and assess its factuality and reliability, en-
abling them to form their own judgments. Attribu-
tion provides a practical approach to reducing hallu-
cinations, as it circumvents the challenge of directly
verifying the “truthfulness” of statements, which is
often difficult except for the simplest queries.

10 Diversity Considerations

The topic of this tutorial is highly relevant to pro-
ducing verifiable and trustworthy generative out-
puts that assist knowledge workers and consumers
in navigating information. By focusing on attribu-
tion approaches, we aim to contribute to responsi-
ble and grounded AI solutions.

While the topic is not specifically targeted at a
particular underrepresented group, it is universally
applicable to all potential participants. However,
we will encourage researchers to expand the field
to a larger set of languages. The challenges that
will be discussed include multi-lingual and cross-
lingual attribution, which can be particularly rele-
vant for researchers working with underrepresented
languages.

The group of authors of this proposal represents
a diverse mix of geolocations (US, India, Ger-
many), roles (academic and industrial), and career
stages (Ph.D. candidates, researchers, senior re-
searchers). While we may not necessarily represent
minorities, our diverse backgrounds bring a variety
of perspectives to the tutorial, enriching the content
and its delivery.

11 Tutorial Information

Tutorial Type: Cutting-edge

Tutorial Venue: No preference

Tutorial Duration: 3-hour tutorial.

Reading List

1. Eliciting Attributions from LLMs with Mini-
mal Supervision (Pasunuru et al., 2023)

2. LLM Attributor: Interactive Visual Attribu-
tion for LLM Generation (Lee et al., 2024)

3. Explaining Pre-Trained Language Models
with Attribution Scores: An Analysis in Low-
Resource Settings (Zhou et al., 2024)

4. Using captum to explain generative language
models (Miglani et al., 2023)

5. Source-Aware Training Enables Knowledge
Attribution in Language Models (Khalifa
et al., 2024)

6. On the Limitations of Large Language Models
(LLMs): False Attribution (Adewumi et al.,
2024)

7. Attributed Question Answering: Evaluation
and Modeling for Attributed Large Language
Models (Bohnet et al., 2023)

8. A Survey of Large Language Models Attribu-
tion [Recommended for preparation before
joining the tutorial] (Li et al., 2023)
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9. Automatic Evaluation of Attribution by Large
Language Models (Yue et al., 2023)

10. Span Level Attribution: Attribute not just sen-
tences but spans (we just published it and I
think it is a new way of defining attribution)
Paper:- Peering into the Mind of Language
Models: An Approach for Attribution in Con-
textual Question Answering (Phukan et al.,
2024)

Sharing of Tutorial Materials: All the tutorial
resources will be made publicly available.

12 Ethics Statement

The ethical considerations surrounding the use of
LLMs and attribution methods are multifaceted.
As we continue to rely on these models for tasks
like document summarization, question answering,
and information extraction, we must ensure the
following criteria:

• AI trustworthiness Attribution methods aim
to enhance the trustworthiness and inter-
pretability of LLMs by substantiating the
model’s claims with evidence in the form of
references or citations.

• Transparency and Accountability As the
use of AI and machine learning models grows,
so does the need for transparency and account-
ability. Attribution methods can help achieve
these objectives by indicating what informa-
tion has been considered.

• Inclusivity Dealing with multi- or cross-
lingual sources presents challenges. It’s im-
portant to ensure that attribution methods are
inclusive and considerate of all languages and
cultures.
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He has a passion for research in the field of Nat-
ural Language Understanding, particularly its ap-
plications in conversational services and AI assis-
tants. His research in the field has been published at
several international conferences, including COL-
ING, ACL, EMNLP, ICDM, WWW, CIKM, SIGIR,
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tise in these areas. Most recently, he has been
working on attribution for Adobe’s AI assistants.
His email is lipka@adobe.com.
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