
Proceedings of the 19th Conference of the European Chapter of the Association for Computational Linguistics (Volume 5: Industry Track), pages 728–751
March 25-27, 2026 ©2026 Association for Computational Linguistics

Long-Context Long-Form Question Answering for Legal Domain

Anagha Kulkarni Parin Rajesh Jhaveri Prasha Shrestha Yu Tong Han
Reza Amini Behrouz Madahian

J. P. Morgan Chase
{anagha.p.kulkarni, parinrajesh.jhaveri, prasha.shrestha}@jpmchase.com,
zorina.han@jpmorgan.com, {reza.amini, behrouz.madahian}@jpmchase.com

Abstract

Legal documents have complex document lay-
outs involving multiple nested sections, lengthy
footnotes and further use specialized linguis-
tic devices like intricate syntax and domain-
specific vocabulary to ensure precision and au-
thority. These inherent characteristics of legal
documents make question answering challeng-
ing, and particularly so when the answer to the
question spans several pages (i.e. requires long-
context) and is required to be comprehensive
(i.e. a long-form answer). In this paper, we
address the challenges of long-context ques-
tion answering in context of long-form answers
given the idiosyncrasies of legal documents.
We propose a question answering system that
can (a) deconstruct domain-specific vocabulary
for better retrieval from source documents, (b)
parse complex document layouts while isolat-
ing sections and footnotes and linking them
appropriately, (c) generate comprehensive an-
swers using precise domain-specific vocabulary.
We also introduce a coverage metric that classi-
fies the performance into recall-based coverage
categories allowing human users to evaluate
the recall with ease. We curate a QA dataset by
leveraging the expertise of professionals from
fields such as law and corporate tax. Through
comprehensive experiments and ablation stud-
ies, we demonstrate the usability and merit of
the proposed system.

1 Introduction

Legal documents are distinguished by their intri-
cate structure, often comprising numerous nested
sections and subsections as well as extensive foot-
notes and references to support the main text. The
topic of question answering (QA) with legal doc-
uments has been studied before (Abdallah et al.,
2023; Chakravarty et al., 2019; Yang et al., 2024).
Still several significant challenges remain unad-
dressed. For instance, if underlying layout ele-
ments such as section headers and footnotes in

these documents are not accurately parsed, impor-
tant contextual information may be lost. Further,
the language used by experts in the legal domain is
intentionally complex, utilizing sophisticated syn-
tax as well as precise, domain-specific terminology.

In this paper, we focus on addressing the chal-
lenges of producing long-form answers that de-
mand an understanding across an extended context
for legal documents. Long-form QA requires pro-
ducing detailed, multi-sentence, paragraph-level
responses to complex, open-ended questions. Addi-
tionally, long-context QA entails analyzing and syn-
thesizing information from multiple lengthy pas-
sages to formulate a complete answer.

To understand the challenges of long-context
long-form question answering, consider the follow-
ing questions sourced from legal domain experts:
(a) What is the available guidance regarding the US
withholding tax treatment of <financial-product-
name>, and at what level-of-comfort? (b) What are
the potential tax characterizations of a <financial-
product-name>? Given these examples, the chal-
lenges include:

• For question (a), the underlying intent of the
question needs to be reinterpreted in the con-
text of the existing sources. For example, the
term “level-of-comfort" which is not present
in the source document needs to be reinter-
preted to retrieve relevant information. This
is especially important when users use spe-
cialized terminology without context, which
can lead to misinterpretation of the question.
Further, if the financial product name is an
acronym, it will require expansion to capture
appropriate context.

• For question (b) the system should be capable
of extracting implicit context (such as latent
facts from section headers and footnotes in
the structural elements of the layout) as well
as explicit context. This is crucial when there
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Figure 1: Overview of LCLF-QA ingestion: Layouts of legal documents are parsed into page headers, page footers,
sections, and footnotes. Page headers and footers are filtered out, sections and footnotes are used to create parent
and child chunks: (a) Each reasonably sized section becomes a parent chunk, and is divided into child chunks of
appropriate lengths. (b) Footnotes on a page are grouped as a child chunk, and linked to parent chunks on that page.

Figure 2: Overview of LCLF-QA inference: Domain-specific query rewriter provides effective retrieval by reducing
query ambiguity. The query and its rewrites retrieve relevant child chunks. During semantic expansion, retrieved
footnote chunks are linked to parent chunks and parents are injected with footnote content. Retrieved child chunks
are sent to CoT filter, parent chunks to extractor. Their outputs are used by domain-specific reader to form an answer.

are similar-sounding facts that offer subtly dif-
ferent information. Therefore, reconciling the
context with the details is quite crucial.

• Ultimately, the generated answer should fol-
low the intricacies of the domain. For question
(a), the answer must use precise vocabulary
like “should” level-of-comfort, where “should”
is a technical term used to reflect strong sup-
port for a tax opinion, instead of vague non-
technical words like “reasonable” or “high”.

There are a few prior works which optimize for
long-form QA in the legal domain (Abdallah et al.,
2023; Nigam et al., 2023; Louis et al., 2024; Ujwal
et al., 2024). However, these ignore the problem
of long-context as well as of latent context in docu-
ment layouts. Therefore, none of the prior works
focus on the aforementioned challenges associated
with long-context long-form QA on real-world le-
gal documents with complex and noisy document
layouts.

To address these challenges we propose Long-
Context Long-Form QA (LCLF-QA) illustrated in
Figures 1 and 2. LCLF-QA builds on top of Zhao
et al. (2024)’s LongRAG architecture, which is the

SOTA for long-context QA. However by itself, it
fails to address the aforementioned challenges as
shown in Table 1. Our main contributions are:

• Domain-Specific Query Re-writer This
component within LCLF-QA integrates
domain-specific knowledge into user queries,
facilitating more accurate retrieval. It is use-
ful when queries contain special terms that are
missing in the source text.

• Layout-Aware Smart Chunking This com-
ponent within LCLF-QA captures latent in-
formation from the structural layout elements
like section headers, footnotes. The addition
of this component helps enrich the retrieved
chunks.

• Recall-based Coverage Metric This metric
allows for categorization of recall coverage
into complete, partial and insufficient recall.
This categorization helps when humans are
evaluating recall of the generated answers.

In the following sections, we outline the problem
statement, provide a detailed explanation of the pro-
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posed method, report comprehensive evaluations
and discuss relevant prior literature.

2 Preliminaries

RAG-Based QA. Let D be a set of raw PDFs,
where D = {D1, D2, . . . , DN}, q ∈ Q be a
query, where Q is the universe of queries; A be
the universe of answers to q. Let Ci be a list of
chunks obtained by segmenting the document Di

into smaller pieces, similarly, we have C which is
a collection of chunks corresponding to all docu-
ments in D, such that, |C| >> |D|. Let R be a
RAG-based (Lewis et al., 2020) QA system, with
components retriever R and generator G, we have,
R( G (q, R (q, C))) |= a, i.e. the retriever takes q
and C as input and produces a list of top-k relevant
chunks CR, which is consumed by the generator
along with q to produce the answer a.

LongRAG-Based QA. The objective in long-
context QA is to capture long-context relationships.
To that end, Zhao et al. (2024) propose a long-
context extractor Σ and a chain-of-thought (CoT)
guided filter Φ, designed to extract global infor-
mation Ig and identify factual details Id, respec-
tively. To enable these components, Zhao et al.
(2024) organize the chunks into parent-child rela-
tionships. Let Cc be the collection of child chunks,
while Cp be a collection of parent chunks, such
that, ∀c ∈ Cc, ∀p ∈ Cp, c ⊂ p ∧ |pi| >> |ci|,
that is, each child chunk is subsumed by its par-
ent chunk and is smaller in size. Their retriever,
R(q, Cc) = {CRc ∪ CRp| ∀c ∈ CRc, ∃p ∈ CRp :
c ⊂ p}, returns retrieved child chunks, CRc and
corresponding parent chunks, CRp. Extractor, Σ,
extends the semantic memory using retrieved par-
ent chunks CRp by organizing them into a long
context. Meanwhile filter, Φ, performs a reasoning-
based filtering on retrieved child chunks CRc. This
involves generating a CoT to check relevancy of
child chunks CRc, followed by filtering out irrele-
vant ones. The output of Σ (i.e. long context) and
Φ (relevant child chunks) is then forwarded to the
generator, G. Zhao et al. (2024)’s system LC gives,
LC( G (q, Σ (q, CRp), Φ (q, CRc))) |= a.

3 LCLF-QA

LCLF-QA tackles the challenges with real-world
legal documents mentioned in Section 1 by intro-
ducing three main components:

Domain-specific query re-writer. The effective-
ness of retrieval in RAG depends on how well the
query is constructed. User queries tend to be am-
biguous and may lack sufficient context for accu-
rate retrieval. Furthermore, the language in the
queries may not always match the source docu-
ments, containing acronyms or shortened phrases.
These kind of situations are particularly preva-
lent in domain-specific scenarios. To that end, a
domain-specific query re-writer can be employed to
transform a user query by (a) expanding acronyms
and short forms, (b) adding broader context, and (c)
paraphrasing the intent of the user query to provide
diversified perspective. Refer to Figure 3b for an
example of rewritten query.

Layout-aware smart chunking. Legal docu-
ments contain dense information distributed across
complex layouts and they rely heavily on struc-
tural cues, such as section headers and footnotes.
Section headers serve as topical boundaries and
provide critical context for interpreting the section
content. Footnotes in legal documents provide es-
sential clarifications, definitions, and exceptions
that support the main content. Standard chunking
strategies based on token count or sentence bound-
aries struggle to preserve the structural informa-
tion leading to semantically incoherent chunks that
compromise the retrieval. They also fail to capture
the relationship between the content and footnotes.
To that end, we devise a chunking strategy that
segments the document based on sections, similar
to Yepes et al. (2024), but adapted to parent-child
chunking. Further, we enhance the chunks with
section headers and footnotes.

Domain-specific generator. In legal domain, it
is crucial to respond to the user in precise vocabu-
lary for the sake of precision. The domain-specific
generator is parameterized with domain-specific
vocabulary as well as examples of answer-styles
preferred by users. In addition, the generator uses
the output of the extractor and the CoT guided fil-
ter along with original question, rewritten version
of the questions as well as few shot examples of
domain-specific QA to output the answer.

Formally, domain-specific query re-writer ζt,
takes a query and produces rewrites ζt(q) =
{q̂1, q̂1, . . . , q̂l}, where t is the domain-specific
context that the query re-writer is parameterized
with. Let qζ = {q ∪ ζt(q)} be a union of these
queries. Here, t can stand for fine-tuning of an
open-source model or domain-specific prompt con-
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(a) Left: Steps for fine-tuning an
open-source model for query rewriting.
Right: Steps for generating rewrites us-
ing a closed-source model.

(b) An example of query rewrites generated using our domain-specific query rewriter

Figure 3: Domain-Specific Query Rewriter

text of a closed-source model as shown in Fig-
ure 3a. Layout-aware smart chunking uses se-
mantically enriched section-based and footnote-
based parent and child chunks as shown in Fig-
ure 1. Let ∆p and ∆c be the collection of such
enriched child and parent chunks. The hybrid re-
triever, Rh(qζ ,∆c) = {∆Rp ∪ ∆Rc}, retrieves
these child chunks and parent chunks by leveraging
semantic and lexical relationships. The domain-
specific generator Gµ is a generator parametrized
by domain-specific knowledge and/or examples of
user-specific answer styles µ. Together we have,
LCLF-QA( Gµ (qζ , Σ(qζ ,∆Rp), Φ(qζ ,∆Rc))) |=
aℓ, where aℓ is a long-form answer to q.

3.1 Domain-Specific Query Re-writer

We discuss two approaches for query re-writer:
fine-tuning-based and prompting-based.

3.1.1 Fine-Tuned Query Re-writer
We fine-tuned a Mistral-3B-Instruct model using
QLoRA (Dettmers et al., 2023) with LoRA param-
eters: r = 64 and α = 128, for our re-writer com-
ponent. During training, to ensure that there is less
noise, we mask the instructions when calculating
loss and use standard cross entropy loss. We devise
a process of data curation and filtering to enhance
the quality of the dataset used to fine-tune the open
source query re-writer. Below, we delve into the
specific steps of data curation and filtration.

Data Curation. For fine tuning, we require ⟨q, q̂⟩
pairs in the order of thousands of examples. Due
to lack of availability of human-annotated data, we
generate synthetic query dataset as discussed in
Appendix A. These queries along with the source

chunks are rewritten into unambiguous re-writes
using GPT-4o (Hurst et al., 2024). The prompt for
rewrite generation is included in Appendix B.

Data Filtering. Our analysis shows that the ef-
fectiveness of a query rewrite is closely tied to the
type of retriever, and there is no universal rewrite
that works optimally across all systems. This
challenge is particularly pronounced in domain-
specific tasks, where dense retrievers often lack
specialization. To address this, we filter ⟨q, q̂⟩
pairs by comparing the rank of the source doc-
ument D for both q and q̂, retaining only those
pairs where q̂ improves D’s rank in both sparse
and dense retrieval: rankq̂sparse(D) > rankqsparse(D)

and rankq̂dense(D) > rankqdense(D). This ensures
that the rewrites are well-matched to the retriever’s
capabilities, resulting in higher quality data for
QLoRA-based fine-tuning.

3.1.2 Closed-Source Query Re-writer
To leverage the extensive internal knowledge em-
bedded within closed-source LLMs, we developed
a query re-writer using GPT-4o. Our approach fol-
lows Wang et al. (2023a)’s Query2doc framework,
which involves a two-step process to enhance query
generation. The LLM is first prompted to generate
a document that answers the user query, allowing it
to extract internal knowledge that it believes is rel-
evant to the query. We augment the prompt given
in Query2doc to contain domain-specific few-shot
examples to help with in-context learning. This al-
lows the LLM to learn the domain-specific nuances
of a user query and generate a relevant document
within the same domain. Subsequently, the gener-
ated document is fed back into the LLM to produce
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an expanded and more detailed query. This refined
query benefits from the domain-specific context
provided by the document, ensuring that it is not
only comprehensive but also tailored to the specific
nuances of the subject matter.

3.2 Layout-Aware Smart Chunking
Section-Based Parent Chunks. Parsed docu-
ment, P(Di), is segmented into a list of sections
Si, where Si = {s0, . . . , sm}. A parent chunk, δp
is a set of sections, δp = {sa ∪ . . .∪ sb}, such that,
|sa ∪ . . . ∪ sb−1| < L and |sa ∪ . . . ∪ sb| ≥ L,
i.e., sections are merged until they exceed the max-
imum parent chunk size, L. A section overlaps
when the size of the last section in δp is less than
L, i.e., if sa is the last section in δpi−1, and sa < L
then δpi starts with sa else with sa+1. This overlap-
ping strategy maintains semantic continuity across
chunks. To ensure logical continuity (a) the page
headers and footers are filtered out, and (b) the
footnotes are stored as parent chunk metadata to be
used during the child chunking process.

Section-Based and Footnote-Based Child
Chunks. A parent chunk δp is recursively
segmented into smaller child chunks while
maintaining sentence boundaries. To facilitate
effective retrieval of a child chunk, the text within
each child chunk is mapped back to δp to extract
the corresponding section headers. These section
headers are then injected into the text of the child
chunk using tags, such as <section-header>.
These enriched segments are referred to as
section-based child chunks, δsc . Additionally, the
footnotes associated with the parent chunk δp are
separately mapped to form footnote-based child
chunks, δfc . The collection of child chunks, ∆c,
consists of both section-based and footnote-based
child chunks.

Footnote-based enrichment. During retrieval, if
a footnote-based child chunk, δfc , is retrieved, then
the semantic space of retrieved chunks is expanded
to encompass all section-based parent chunks that
are associated with δfc as shown in Figure 4. Fur-
ther, to provide a complete context to extractor, Σ,
the footnote is injected into associated δp using tags
like <footnote>.

3.3 Hybrid Retrieval
To identify semantically and syntactically relevant
content for long-form answer generation, we em-
ploy a hybrid retrieval approach that combines both

Figure 4: Retrieved footnote-based child chunks are
used to retrieve the linked section-based parent chunks.
These section-based parent chunks go through footnote
enrichment, where the footnote is appended using tags.

sparse and dense retrieval methods. This combina-
tion enables us to leverage the precision of exact
lexical matches and the semantic generalization
capabilities of neural embeddings. We use BM25
(Amati, 2018) as our sparse retriever, which scores
the child chunks, ∆c, based on exact term over-
lap and inverse document frequency and OpenAI’s
‘text-embedding-3-large’ model as our dense re-
triever. This model produces a 3072-dimensional
embedding for each chunk and computes similarity
using cosine distance. The chunk corpus is pre-
embedded and indexed using FAISS (Douze et al.,
2024) for efficient dense nearest-neighbor search.
Let Rsparse(qζ ,∆c) = {∆sparsep ∪∆sparsec} be
the set of retrieved chunks for sparse retriever
and equivalently for the dense retriever, we have,
Rdense(qζ ,∆c) = {∆densep ∪∆densec}.

To combine these results, we use Reciprocal
Rank Fusion (RRF) (Cormack et al., 2009) which
computes the fusion score for a chunk δc ∈ ∆c as:

RRF(δc) =
∑

R∈{Rsparse,Rdense}

1

λ+ rankR(δc)

where rankR(δc) is the rank of δc in retrieval list
of R, and λ is a smoothing constant (typically
λ = 60). We retrieve the top-k child chunks
{δc1, δc2, . . . , δck} based on the RRF score.

4 Experiments

This section reports the comparison of our main
results against baselines, ablations of individual
components and qualitative analysis.
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Dataset Our dataset consists of 546 QA pairs in
total. Among these, we curated a set of 60 pairs
with the help of SMEs from the Legal and Corpo-
rate Tax sector. Each question maps to a single
document and the questions span across 24 doc-
uments. These SME provided QA pairs are aug-
mented with synthetically generated QA pairs that
follow 6 different question formats as described in
Appendix A. There are 486 synthetic QA pairs gen-
erated from 10 different documents. These pairs
have been validated and corrected by human users
to ensure high quality.

Metrics. The SME gold answers are terse in na-
ture (and the synthetic answers are styled simi-
larly), so we only check recall when comparing our
answers against the gold answers for a fair com-
parison. For computing the recall, we modified
RAGChecker (Ru et al., 2024) prompts to extract
nested triples which not only capture atomic facts
but also preserve implications. We augment the
prompt with domain specific examples. Recall is
computed as the number of claims entailing cor-
rectly over the total number claims in the gold an-
swer.

In addition to recall, we introduce a coverage
metric that checks if the information in the gold
answer is present in the generated answer. This
involves (1) extracting the set of claims from the
gold answer that are necessary to answer the ques-
tion, (2) determining if these claims are present in
the generated answer. Based on CoT reasoning, the
generated answer is categorized into: (a) Complete:
all necessary claims are present in the generated
answer, (b) Partial: some necessary claims are miss-
ing from the generated answer, (c) Incorrect: some
necessary claim is incorrect in the generated an-
swer. The prompt for assigning a category is in
Appendix B. We use these categories to assign a
score to each question answer pair: Complete →
2, Partial → 1, Incorrect → 0. A maximum pos-
sible score is achieved when all answers deemed
“Complete". Coverage score is calculated by taking
a sum of the scores of all QA pairs normalized by
the maximum possible score, Coverage Score =
2·NComplete+NPartial

2·NTotal
where NComplete is the number of

Complete answers, NPartial is the number of Partial
answers, and NTotal is the total number of QA pairs.

4.1 Main Results

Table 1, shows the results of different LCLF-QA
configurations as well as the baselines RAG and

Recall Complete Partial Incorrect Score

RAG 0.5369 96 427 23 0.5668

LongRAG 0.6486 182 340 24 0.6446

Ours: FT, q=1 0.6694* 194 339 13 0.6658

Ours: FT, q=3 0.6677 205 319 22 0.6676*

Ours: CS, q=1 0.6798** 200 334 12 0.6722*
Ours: CS, q=3 0.6728* 193 338 15 0.6630

Table 1: Comparison of LCLF-QA with baselines of
RAG and LongRAG. FT and CS represent fine-tuned
and closed source query re-writers with single or three
rewrites. * Statistically significant compared to Lon-
gRAG at p<0.05; ** at p<0.01

LongRAG. We report the results for: fine-tuned
query re-writer and closed-source query re-writer
both with single and multiple (three) query rewrites.
The results have been averaged over three runs per
QA pair in the dataset to avoid any model bias.
Using the single query rewrite from the closed
source re-writer, there is a maximum gain in re-
call over LongRAG, from 0.6486 to 0.6798. The
results from the fine tuned query re-writer also
shows good improvement over LongRAG with a
recall of 0.6694 with the single query rewrite. The
coverage metric also shows similar increase from
LongRAG baseline to our pipelines, and follows
the trend of lowering the total number of partial
and incorrect answers and raising the number of
complete answers across both datasets.

4.2 Ablation Studies

As part of ablation studies, our objective is to test
the following hypotheses:
H1: LCQA primed with few-shot domain-specific
examples performs poorly on domain-specific long-
form QA compared to LCLF-QA.
H2a: LCLF-QA without a domain-specific re-
writer exhibits poor answer quality.
H2b: LCLF-QA with multiple query rewrites is
better than that with single query rewrite.
H3: LCLF-QA without layout-aware smart chunk-
ing exhibits poor answer quality.
H4: LCLF-QA without domain-specific parameter-
ization of generator exhibits poor answer quality.

For H1, we wanted to see if LongRAG equipped
with hybrid retrieval and few-shot example gener-
ator fails to solve the problem. Typically, prim-
ing the generator with few-shot examples can give
good results. However, from the results of H1 in
Table 2, both recall and coverage score for the
enhanced LongRAG are lower than those for our
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Recall Complete Partial Incorrect Score
H1 0.6312 136 379 31 0.5962
H2a 0.6610 195 327 24 0.6566
H3 0.6662 193 339 14 0.6639
H4 0.6556 175 358 13 0.6484

Table 2: Ablation of pipeline components. C, P, I, score
stand for complete, partial, incorrect, coverage score.

pipeline in Table 1. We can see that the legal do-
main requires a specialized solution like LCLF-
QA. For H2a, we show results without a domain-
specific re-writer, and again compared to the best
pipeline in Table 1, the results are lower for both
recall and coverage score, thus proving the hy-
pothesis that without re-writer the results will be
poor. For H2b, there is no conclusive result, as
sometimes multiple query rewrites perform better
than single rewrite and vice versa. This conclu-
sion is supported by the results in Table 1. For H3,
we show the results for LCLF-QA without layout-
aware smart chunking, and we can see that this
component is also crucial in improving the recall
and coverage score. For H4, we show results for
LCLF-QA with a basic generator and we can see
that this also makes a big difference in the quality
of the results. Query re-writer, layout-aware chunk-
ing and parameterized generator all individually
add value to LCLF-QA.

5 Related Work

There are a few prior works which optimize for
long-form QA in the legal domain (Abdallah et al.,
2023; Nigam et al., 2023; Louis et al., 2024; Ujwal
et al., 2024) but ignore the problem of long-context
and of latent context in document layouts. There-
fore, none of these works focus on challenges as-
sociated with long-context long-form QA on real-
world legal documents with complex and noisy doc-
ument layouts. The proposed LCLF-QA system
derives value from two main components: domain-
specific query re-writer and layout-aware chunking.

Query Re-writer In RAG systems, user queries
play a vital role in information retrieval. How-
ever, users may not always provide enough de-
tails or clarity in their queries, leading to mis-
understandings or misinterpretations by the sys-
tem. In such cases, a query re-writer component
can add value (Li et al., 2024; Mao et al., 2024;
Chan et al., 2024; Wang et al., 2025). We build
a fine-tuned open source query re-writer as well
as a closed source query re-writer. For the closed

source query re-writer, the prompt is parameterized
with domain-specific knowledge, and for a given
user query, an answer is generated. Subsequently,
a re-write is produced based on this answer. Wang
et al. (2023b)’s approach proposes the notion of
query → doc → rewrite. We borrow this idea
and extend it to the legal domain.

Layout-based Chunking Legal documents have
a structured layout that contains a wealth of la-
tent information. In a layout-agnostic chunking
approach, this latent context gets lost. This can
impact the overall quality of the chunks. There
are several works in literature (Yepes et al., 2024;
Tripathi et al., 2025; Kiss et al., 2025) that tackle
the layout detection problem. We fine-tune a layout
detection model which identifies page header, page
footers, section header, footnotes, and text para-
graphs and enrich the chunks using these elements.

To tackle the problem of long-context, we
leverage Zhao et al. (2024)’s LongRAG architec-
ture, which significantly outperforms several long-
context LLMs and RAG-based approaches. We
borrow the notion of global extractor which main-
tains coherent context across extended passages
and that of the CoT guided filter which filters irrel-
evant chunks using CoT reasoning.

6 Conclusion

This paper presents a long-context long-form ques-
tion answering system that addresses the chal-
lenges associated with legal domain. Our spe-
cialized query re-writing, layout-aware chunking,
and generator parametrization strategies work to-
gether to improve recall and coverage score on
a curated dataset. We see statistically significant
gains against vanilla RAG and LongRAG. LCLF-
QA is able to effectively reason across long con-
texts while working with the subtleties of domain-
specific terms and complex document layouts.

Limitations

Although our QA system is domain agnostic, cur-
rently, we have only evaluated it on legal docu-
ments in the corporate tax domain. We expect our
results to translate well in other domains and have
plans to verify them in the future. Except for one
of our query re-writer components, all other com-
ponents have only been tested with close source
models and we acknowledge that this limits its ap-
plication.
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A Appendix: Synthetic Query and QA
Pair Generator

We synthesize domain-specific queries and QA
pairs. The synthesized queries are used to fine-tune
a query re-writer model described in Section 3.1.1,
whereas the QA pairs are used to augment our eval-
uation dataset as discussed in Section 4.

Given the task of either query or QA pair gen-
eration, this generator takes documents as input
and performs following steps: (1) generate page-
wise summary of the document (2) cluster the page-
summaries into k clusters using k-means cluster-
ing (3) pick a cluster at random and choose n
page-based chunks – if n chunks are not avail-
able in the cluster, pick another cluster at ran-
dom until one with n chunks is found (4) Use
n chunks to generate a query (or a QA pair) us-
ing one of following 6 types of question-styles:
(a) instruction-based: focuses on understanding
the procedure/method of doing/achieving some-
thing, (b) reason-based: focuses on finding out rea-
sons of/for something, (c) evidence-based: focuses
on learning the features/description/definition of a
concept/idea/object/event, (d) comparison-based:
focuses on comparing two or more things, un-
derstanding their differences/similarities, (e) list-
based: focuses on finding requirements of some
process and (f) domain-specific: focuses on simu-
lating question styles used by SMEs. We leverage
the definitions and question templates provided by
Bolotova et al. (2022) for question styles (a)-(d).
This process runs for predetermined budget, b.

B Appendix: Detailed Prompts

In the following we present the various prompts
that were used in the LCLF-QA approach.
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Long Context Extractor Prompt:
# Instruction
You are an expert in corporate tax policies.

## Reference
<reference> {context} </reference>

## Rules
- Based on the above reference, please output the original information that needs to be cited to answer
the question.
- Please ensure that the original information is detailed and comprehensive.
- The reference is delimited by <reference></reference>.
- The question is delimited by <question></question>.
- A translation of the question in layman terms is delimited by <trans-
lated_question></translated_question>
- Your answer should be delimited by <information></information>.

## Question
<question> {question} </question>
<translated_question> {translated_question} </translated_question>

## Information

Figure 5: Prompt for the long context extractor
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Filter - CoT Prompt:
# Instruction

## Reference
{context}

## Rules
- There are multiple reference texts.
- Your task is to give your thought process for the given question based on all the reference texts.
- Only output the thought process based on the reference texts.
- Each reference text is delimited by <reference></reference>.
- The question is delimited by <question></question>.
- A translation of the question in layman terms is delimited by <trans-
lated_question></translated_question>.
- Your answer should be delimited by <thought_process></thought_process>.

## Question
<question> {question} </question>
<translated_question> {translated_question} </translated_question>

## Thought process

Figure 6: Prompt to determine relevancy of reference child chunks
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Filter – Validation Prompt:
# Instruction

## Reference
<reference> {context} </reference>

## Question
<question> {question} </question>
<translated_question> {translated_question} </translated_question>

## Thought Process
{cot_info}

## Rules
- There are multiple reference texts.
- For each reference text, your task is to use the given thought process to decide whether the reference
text can be used to answer the given question.
- If you need to cite the reference text to answer the question, reply with True
- If not, reply with False.
- Only include True and False per reference text
- Each reference text is delimited by <reference></reference>.
- The question is delimited by <question></question>.
- A translation of the QUESTION in layman terms is provided within <trans-
lated_question></translated_question>.
- The thought process is delimited by <thought_process></thought_process>. - Your answer is delimited
<validation></validation>.

## Validation

Figure 7: Prompt to decide which child chunks to filter out
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Basic Reader Prompt:
# Instruction

You are an expert in corporate tax policies.

## Rules
- Generate an ANSWER to the provided QUESTION using the CONTEXT given to you.
- While generating the ANSWER use the style of the examples provided below.
- Ensure the ANSWER is incisive and concise.
- Enclose your ANSWER within <answer></answer>

## Context
{context}

## Chat History
{chat_history}

## Example Questions and Answers
{examples}

## Question in Tax/Legal Lingo
{question}

## Question Translation in Layman Terms
{translated_questions}

## Answer

Figure 8: Prompt for generating answers from the provided context
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Domain-Specific Reader Prompt:
# Instruction
You are an expert in understanding documents containing tax opinions and advices.

## Key Legal Phrases
<domain-specific data>

## Rules
- Generate an ANSWER to the provided QUESTION using the CONTEXT given to you.
- While generating the ANSWER

- If the QUESTION is about Tax Opinions, use Tax Opinion Related Phrases specified above
- Additionally, use the style of the examples provided below.
- The ANSWER will be read by tax lawyers, ensure it follows tax legal language and is incisive

and concise.
- Enclose your ANSWER within <answer></answer>

## Context
{context}

## Chat History
{chat_history}

## Example Questions and Answers
{examples}

## Question in Tax/Legal Lingo
{question}

## Question Translation in Layman Terms
{translated_questions}

## Answer"""

Figure 9: Prompt for generating answers from the provided context
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Evidence-based Question Generator:
# Instructions

## Task
- Your task is to generate evidence-based questions and also generate answers to the questions
- Evidence-based questions help the user to learn about the features/description/definition of a

concept/idea/object/event.
- Answers to evidence-based questions should include wikipedia-like passage describing/defining

an event/object or its properties based only on facts.

## Rules
- Generate 2 evidence-based questions by using a combination of facts from each chunk
- For each question, you must generate the corresponding answer to the question using the chunks

given
- Each chunk is enclosed in <chunk></chunk>
- First question should have NO named entities
- Second question can have named entities
- Both the questions should NOT be verbose
- Examples of comparison questions are as follows:

- What is ...?
- How does/do ... work?
- What are the properties of ...?
- What is the meaning of ...?
- How do you describe ...?

- The output should be formatted as bullet points:
- Question 1: <question1>
- Answer 1: <answer1>
- Question 2: <question2>
- Answer 2: <answer2>

## Text
{text}

Figure 10: Prompt to generate evidence-based question and answer pairs
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Comparison-based Question Generator:
# Instructions

## Task
- Your task is to generate comparison-based questions and also generate answers to the questions
- Comparison based questions help the user to compare/contrast two or more things, understand

their differences/similarities
- Answers to comparison-based questions should include wikipedia-like passage describ-

ing/defining an event/object or its properties based only on facts.

## Rules
- Generate 2 comparison-based questions by using a combination of facts from each chunk.
- For each question, you must generate the corresponding answer to the question using the chunks

given
- Each chunk is enclosed in <chunk></chunk>
- First question should have NO named entities
- Second question can have named entities
- Both the questions should NOT be verbose
- Examples of comparison questions are as follows:

- How is X ... to/from Y?
- What are the ... of X over Y?
- How does X ... against Y?

- The output should be formatted as bullet points:
- Question 1: <question1>
- Answer 1: <answer1>
- Question 2: <question2>
- Answer 2: <answer2>

## Text
{text}

Figure 11: Prompt to generate comparison-based question and answer pairs

743



Domain-specific Question Generator:
# Instructions

## Task
- As a corporate tax law expert, your task is to generate domain specific questions that use tax law

language and also generate answers to the questions
- Domain specific questions incorporate tax law terminology to ask questions that are of interest to

domain experts
- Answers to questions using tax law language should answer the question using facts found in the

chunks

## Rules
- Generate 2 domain specific questions using tax law terminology by using a combination of facts

from each chunk.
- For each question, you must generate the corresponding answer to the question using the chunks

given
- Each chunk is enclosed in <chunk></chunk>
- First question should have NO named entities
- Second question can have named entities
- Both the questions should NOT be verbose
- Examples of tax law terminology include:

- Level of comfort
- Tax characterization
- Witholding tax

- The output should be formatted as bullet points:
- Question 1: <question1>
- Answer 1: <answer1>
- Question 2: <question2>
- Answer 2: <answer2>

## Text
{text}

Figure 12: Prompt to generate domain-specific question and answer pairs
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Summarization for Question Generation:
# Instruction

## Task
- As a professional summarizer, create a concise and comprehensive summary of the provided text

while adhering to these guidelines:
- Craft a summary that is detailed, thorough, in-depth, and complex, while maintaining clarity

and conciseness.
- Incorporate main ideas and essential information, eliminating extraneous language and

focusing on critical aspects.
- Rely strictly on the provided text, without including external information.

## Text
{text}

Figure 13: Prompt to generate summaries for question generation
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Instruction-based Question Generator:
# Instructions

## Task
- Your task is to generate instruction-based questions and also generate answers to the questions
- Instruction-based questions help the user to understand the procedure/method of doing/achieving

something
- Answers to instruction-based questions involve instructions/guidelines in a step-by-step manner

## Guidelines
- Generate 2 different instruction-based questions by using a combination of facts from at least two

chunks
- For each question, you MUST generate the corresponding answer to the question using the

chunks given
- Each chunk is enclosed in <chunk></chunk>
- First question should have NO named entities
- Second question can have named entities
- Both the questions should NOT be verbose
- Examples of instruction-based questions are as follows:

- How to ...?
- How can we do ...?
- What is the process for ...?
- What is the best way to ...?

- The output should be formatted as bullet points:
- Question 1: <question1>
- Answer 1: <answer1>
- Question 2: <question2>
- Answer 2: <answer2>

## Text
{text}

Figure 14: Prompt to generate instruction-based question and answer pairs
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Reason-based Question Generator:
# Instructions

## Task
- Your task is to generate reason-based questions and also generate answers to the questions
- Reason-based questions help the user to find out reasons of/for something
- Answers to reason-based questions involve a list of reasons with evidence

## Rules
- Generate 2 reason-based questions by using a combination of facts from at least two chunks
- For each question, you MUST generate the corresponding answer to the question using the

chunks given
- Each chunk is enclosed in <chunk></chunk>
- First question should have NO named entities
- Second question can have named entities
- Both the questions should NOT be verbose
- Examples of reason-based questions are as follows:

- Why does ...?
- What is the reason for ...?
- What causes ...?
- How come ... happened?
- How can ...?

- The output should be formatted as bullet points:
- Question 1: <question1>
- Answer 1: <answer1>
- Question 2: <question2>
- Answer 2: <answer2>

## Text
{text}

Figure 15: Prompt to generate reason-based question and answer pairs
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List-based Question Generator:
# Instructions

## Task
- Your task is to generate list-based questions and also generate answers to the questions
- List based questions help the user learn about the properties/requirements/components of a

concept/law/idea
- Answers to list-based questions should include a list that outlines the proper-

ties/requirements/componets defining a concept/law/idea, which is based on the facts found in
the chunks.

## Rules
- Generate 2 list-based questions by using a combination of facts from each chunk.
- For each question, you must generate the corresponding answer to the question using the chunks

given
- Each chunk is enclosed in <chunk></chunk>
- First question should have NO named entities
- Second question can have named entities
- Both the questions should NOT be verbose
- Examples of comparison questions are as follows:

- What are the requirements of X?
- What are the X of Y?

- The output should be formatted as bullet points:
- Question 1: <question1>
- Answer 1: <answer1>
- Question 2: <question2>
- Answer 2: <answer2>

## Text
{text}

Figure 16: Prompt to generate list-based question and answer pairs

Closed Source Query Rewriter – query to doc:
Passage construction: You are Corporate Tax expert. Given a query that is posed by a fellow corporate
tax expert, your job is to write a passage that answers the given query.
————————————————-
EXAMPLES:
EXAMPLE 1: Query: <domain-specific query> Passage: <domain-specific passage>
EXAMPLE 2: Query: <domain-specific query> Passage: <domain-specific passage>
————————————————-
Query: <query> Passage:

Figure 17: Closed-source query re-writer prompt to retrieve doc from query
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Closed Source Query Rewriter – doc to rewrite:
Query generation: You are an information retrieval expert. Given a query and a passage, which is
relevant to the query, rewrite the query in 3 different ways to make it more clear and more descriptive.
——————————————————– GOAL: The goal is to help improve the retrieval of the
right pieces of information that will help answer the query. By generating multiple perspectives of the
rewritten query, your goal is to help the user overcome some of the limitations of the distance-based
similarity search.
——————————————————— RULES AND GUIDELINES: - Rewrite the query in
3 different ways - Make sure that each rewritten query is only one single question. Do not expand it
into multiple questions. - The rewritten queries must add more context to the original query, using the
passage given. - Provide these alternative questions separated by newlines.
query: query passage: passage rewritten queries:

Figure 18: Closed-source query re-writer prompt for getting rewrite from generated passage
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Modified claim extraction prompt:
# Instructions
- Given a question and a candidate answer to the question, please extract a KG from the candidate
answer conditioned on the question.
- Represent the KG with triples formatted as ("subject", "predicate", "object"), with each triple in a
single line.
- Please note that this is an EXTRACTION task, so DO NOT care about whether the content of the
candidate answer is factual or not, just extract the triples from it.
- Importantly, ensure that the extracted KG does not contain overlapping or redundant information.
Each piece of information should be represented in the KG only once, and you should avoid creating
triples that are simply the inverse of another triple.

# Clarification on Redundancy
- First, do not create triples that reverse the subject and object to state the same fact.
- Next, ensure each fact is represented uniquely in the simplest form, and avoid creating multiple triples
that convey the same information.
- The facts can be of different levels of granularity such that it covers all of the knowledge in the answer.
- Do NOT break down the facts into lower granularity if it changes the semantics of the answer.
- Instead, the triples can be nested such that the subject and object can be triples themselves.

# Examples
- Question: Given these paragraphs about the Tesla bot, what is its alias?
- Candidate Answer: Optimus (or Tesla Bot) is a robotic humanoid under development by Tesla,

Inc. It was announced at the company’s Artificial Intelligence (AI) Day event on August 19, 2021.
- KG:

- ("Optimus", "is", "robotic humanoid")
- ("Optimus", "under development by", "Tesla, Inc.")
- ("Optimus", "also known as", "Tesla Bot")
- ("Tesla, Inc.", "announced", "Optimus")
- ("Announcement of Optimus", "occurred at", "Artificial Intelligence (AI) Day event")
- ("Artificial Intelligence (AI) Day event", "held on", "August 19, 2021")
- ("Artificial Intelligence (AI) Day event", "organized by", "Tesla, Inc.")

- Question: here is some text about Andre Weiss, how many years was Andre at University of
Dijon in Paris?

- Candidate Answer: 11 years
- KG:

- ("Andre Weiss at University of Dijon in Paris", "duration", "11 years")

- Question: Are all corporate entities required to file quarterly tax returns under the new tax
regulations?

- Candidate Answer: No. While the new tax regulations generally require corporate entities to file
quarterly tax returns, there are exceptions for small businesses and for non-profit organizations that
meet specific criteria.

- KG:
- ("New tax regulations", "require", "corporate entities to file quarterly tax returns")
- ("Exceptions", "exist for", "small businesses that meet specific criteria")
- ("Exceptions", "exist for", "non-profit organizations that meet specific criteria")

Figure 19: Prompt for extracting nested triples from a candidate answer
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Correctness Evaluation using LLM-as-a-judge:
# Instructions

## Task
- You are an impartial judge
- Given a QUESTION, a SOURCE and an ANSWER, your job is to evaluate whether the

ANSWER answers the QUESTION correctly and completely.

## Task Description:
- Given a QUESTION, a SOURCE and an ANSWER,

- You need to determine if the ANSWER answers the QUESTION correctly and completely.
- The ANSWER answers the question correctly and completely if the claims present in the

ANSWER are sufficient to answer the QUESTION.
- Refer the SOURCE to determine the set of necessary claims required to answer the

QUESTION.
- To determine if the ANSWER correctly and completely answers the QUESTION

- Extract a set of claims from the SOURCE which are necessary to answer the
QUESTION

- Determine if each of the necessary claims is present in the ANSWER
- Generate your thought process to perform this task and enclose it in

<thought_process></thought_process>
- Based on your thought process, provide the final decision about whether the ANSWER

answers the QUESTION correctly and completely
- You would return INCORRECT if a claim in the ANSWER is incorrectly answering

the QUESTION
- You would return PARTIAL if a necessary claim is missing in the ANSWER
- You would return COMPLETE if all of the necessary claims are present in the

ANSWER
- Enclose your final decision in <decision></decision>

QUESTION:
{question}

SOURCE:
{source}

ANSWER:
{answer}

RESPONSE:

Figure 20: Prompt to use LLM-as-a-judge to evaluate answer correctness
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