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Abstract
Legal question answering (LQA) relies on supervisedmethods to automatically handle
law-relatedqueries. These solutions require a substantial amount of carefully annotated
data for training, which makes the process very costly. Although large language mod-
els (LLMs) show promise in zero-shot QA, their computational demands limit their
practical use, making specialized small language models (SLMs) more favorable.
Furthermore, the growing interest in synthetic data generation has recently surged,
spurred by the impressive generation capabilities of LLMs. This paper presents Ace-
Attorney, an LLMdistillation approach devised to developLQAdata and supervised
models without human annotation. Given a textual prompt, a frozen LLM generates
artificial examples that are used as knowledge to train a student SLM with an order of
magnitude fewer parameters. Taking into account a realistic retrieval-based scenario
to fetch the correct document for answer generation, we propose Selective Generative
Paradigm, a novel approach designed to improve retrieval efficacy. Extensive experi-
ments demonstrate the effectiveness and efficiency of distilled models on Syn- LeQA,
our human-free synthetic dataset, and a public expert-annotated corpus. Notably, by
using only a fewdozen training samples, our best SLMachieves LLM-comparable per-
formance with ≈1200% less CO2 emissions. The data and the code to fully reproduce
our results are available at https://github.com/disi-unibo-nlp/ace-attorney.
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1 Introduction

The rapid introduction and growing availability of novel digitized legal texts result
in an overload of information for legal professionals. Acting as an expert assistant,
legal question answering (LQA) could help quickly capture the main points of new
cases (Martinez-Gil 2023), similar to summarization systems (Ragazzi et al. 2024).
However, the need for accurate training data and its associated annotation cost repre-
sent a barrier for emerging applications. Consequently, there is a pressing demand for
LQA data and models to streamline the deployment of production-ready solutions in
high-value domains such as law (Louis et al. 2023).

Automated data generation has recently attracted enormous interest due to the
remarkable generative capacity of large language models (LLMs). On the downside,
the huge size of such models poses notable deployment obstacles (e.g., >190 GB of
GPU RAM is needed to serve a 180B LLM with 8-bit quantization Almazrouei et al.
2023). Consequently, given such prohibitive costs, knowledge distillation (KD) (Hin-
ton et al. 2015) has emerged as a strategy, creating task-specific small languagemodels
(SLMs) trained on synthetic data produced by LLMs (Meng et al. 2022; Ye et al.
2022; Gao et al. 2023). This paradigm enables the creation of cost-efficient student
models, affordable for most product teams, which often outperform prompt-based
zero-shot LLMs despite having order-of-magnitude fewer parameters (Zhou et al.
2023). However, previous work on KD has focused mainly on text classification,
neglecting generative tasks such as QA. Furthermore, upon closer inspection, existing
LQA datasets1 exhibit at least one of the following limitations: (i) they concern spe-
cialized domains with constrained scope, such as tax law (Holzenberger et al. 2020);
(ii) they are restricted to multiple choice (Zheng et al. 2021; Bongard et al. 2022) or
few-word replies (Sovrano et al. 2021); (iii) the answer is a verbatim extraction from
the context (Ravichander et al. 2019; Ahmad et al. 2020).

Motivated by the power of LLM text generation and the scarcity of LQA contri-
butions, we present Ace- Attorney (Fig. 1), an LLM KD approach to automate the
generation of LQA datasets and models. First, we use a frozen instruction-tuned LLM
to create a comprehensive synthetic QA dataset via carefully designed prompts on
legal corpora, filling the dearth of publicly available LQA datasets.2 This phase is
enhanced by a data refinement process, where specific instances are modified to cover
realistic scenarios in which an incorrect context is used to answer a given question.
Subsequently, a student SLM is trained on the artificial question–answer pairs, oper-
ating in a pure zero-shot setting without involving human annotations throughout the
entire pipeline. We based our analysis on a realistic scenario that involves retrieving
the correct document within a cluster to answer a determined question. To this end,
taking inspiration from existing works on relevance assessment (Faggioli et al. 2023;
MacAvaney and Soldaini 2023; Thomas et al. 2024), we present Selective Genera-
tive Paradigm (SGP), a methodology grounded in iterative refinement (Domeniconi
et al. 2014, 2015), specifically designed to improve the effectiveness of the retrieval

1 As widely accepted by the community to track advance progress, we analyzed contributions for English.
2 Note that our study aims to generate data ex novo, going beyond the purpose of data augmentation (Ghosh
et al. 2023).
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...Class Action Settlement.
The Consent Decree was
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2020, with $2.1 million...
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the consent decree?
Answer: The total amount paid
by the county was $2.1 million.

Triplets Creation: {Context, Question, Answer}

Dataset Refinement (answer correction)

Correct
context

Wrong
context

Substitute the answer with:
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A
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Student
SLM

Context: ...The Consent Decree
was finally approved on January
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Context: ...The event was
held on March 15, 2021,
celebrating the opening of...
Question: What was the total
amount paid by the county in
the consent decree?
Answer: Please provide
the correct document.

Correct Context Instances Wrong Context Instances

1 Dataset Construction 3 Inference

...The
plaintiffs

alleged that
defendants...

Please provide the
correct document.

...Eight
students
sued the

Cities of ...

21

1

Retriever

Student
SLM

2

Answer: ...students sued the
cities due to the unlawful round-
up of Latino students...

2 Training

Selective Generative
Paradigm

Question: What was the reason
for the lawsuit filed by the eight
students against the Cities of
Glendale and Los Angeles?

Retriever

Fig. 1 Ace- Attorney overview. (1) A frozen LLM generates {context, question, answer} triplets from
short legal contexts. For each question,we retrieve the corresponding context,manually adjusting the answer
if the context is incorrect. (2) We then train an SLM on these triplets. (3) During inference, we employ a
Selective Generative Paradigm, where the SLM provides an answer based on the relevance of the retrieved
document

module. Thanks to our prior dataset refinement process, the generative model—tasked
with answering the question—can directly evaluate the pertinence of the retrieved doc-
ument and request a new one if necessary. Ace- Attorney accommodates models
of different sizes without presumption on their architecture, fulfilling the available
hardware infrastructure.

For experimentation, we consider privacy policies and civil rights lawsuits as the
raw legal knowledge to build Syn- LeQA, a new synthetic LQA dataset originated by
LLM KD. We then fine-tune multiple million-scale SLMs on it and perform in- and
cross-domain experiments on a real human-annotated LQA dataset.

In summary, our main contributions are the following:

• We explore synthetic data generation for legal applications, presenting Ace-

Attorney, a model-agnostic approach that operates via LLM KD to automate
the production of data and small specialized models. With our approach, we create
Syn- LeQA, the first high-quality synthetic dataset for generative LQA.

• We propose SGP, which allows the generator and the retriever to work jointly to
select the correct document to answer the question.

• By benchmarking multiple neo-released billion-scale LLMs in LQA, we show
that our distilled SLMs—despite having order-of-magnitude fewer parameters—
outperform LLMs with ≈1200% less CO2 emissions, even obtaining LLM-
comparable results in a real-case scenario of just a few dozen training samples.
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2 Related work

Legal Question Answering LQA has been a long-standing challenge for legal intel-
ligence applications (Kim et al. 2016), fueled by the overwhelming influx of new
legal information. Consequently, to formulate and facilitate practical remedies, sev-
eral datasets have been proposed and publicly released. CaseHOLD (Zheng et al.
2021) collects more than 53K multiple-choice questions to identify the relevant hold-
ing of a cited case. PrivacyQA (Ravichander et al. 2019) aggregates 1750 questions
on privacy policies of mobile applications. PolicyQA (Ahmad et al. 2020) provides
714 human-annotated inquiries for a wide range of privacy practices. To the best of our
knowledge, there are no open-access datasets that offer generative answers, although
this is often a user requirement for lawyers (Zhang et al. 2023).

Synthetic Data Generation Several works focused on the fabrication of artificial data
using generative models. Early attempts take advantage of human annotations to gen-
erate data samples and train models in a semi-supervised fashion (Anaby-Tavor et al.
2020; Kumar et al. 2020; Puri et al. 2020; Lee et al. 2021). As LLMs have become
increasingly popular, they have also gained attention for generating task-specific exam-
ples (Yoo et al. 2021; Bonifacio et al. 2022; Carranza et al. 2023; Guo et al. 2023).
However, these solutions are still based on expert-made data. We advocate for a recent
research pathway that explores a pure zero-shot scenario, fueled by LLM KD to fine-
tune cost-efficient SLMs. Schick and Schütze (2021) use LLMs to generate labeled
text pairs for the semantic textual similarity task. Meng et al. (2022) produce samples
using generation probability and regularization techniques for text classification. Yu
et al. (2023) use complex attributed prompts, creating diverse and attributed artificial
data. Ye et al. (2022) push this concept to its extreme by training LSTMs on synthetic
data. However, as far as we know, data generation has never been explored for legal
NLP tasks, despite the benefit of bypassing the excessive annotation effort required
by in-domain experts to create high-quality labeled examples.

3 ACE-ATTORNEY

We introduceAce- Attorney, a new approach devised to develop LQA-specific data
and supervised models through LLM KD.

Task Definition LQA can be formally defined as follows. Let D = {d1, . . . ,dn} be a
corpus of legal documents. Given a single-sentence question q, a retrieverR is asked
to sort the documents inD by relevance: {d′

1, . . . ,d
′
n} = R(D | q). Then, a generative

model G produces the answer a using both q and d′
1, namely a = G(q,d′

1).

3.1 SYN-LEQA

Motivated by the inaccessibility of publicly available LQA datasets, this work focuses
on the generation of examples E = <q,d′

1, a> | d′
1 ∈ D, composing Syn- LeQA,
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Table 1 Dataset statistics for both Syn- LeQA and PrivacyQAgen

Set # Samples # Question Words # Answer Words # Doc Words

Syn- LeQA

Train 3854 27.55 34.50 115.90

Val 481 27.66 34.46 118.39

Test 483 27.82 34.32 116.31

PrivacyQAgen

Test 431 9.37 42.48 116.70

The word count is computed with the NLTK tokenizer (Bird et al. 2017)

our synthetic LQA dataset for training G. Table 1 shows the statistics of our dataset,
while Table 2 displays two random examples.

Challenges This data generation process faces several challenges. C1 The documents
inD leveraged to generate examples E1, . . . , E|E | should not be overly similar to ensure
generalizability across unseendata anddomains, but should also not be toodissimilar to
sidestep succumbing to a trivial retrieval task. C2 The questionsmust provide sufficient
information for R to accurately retrieve the corresponding document in D. C3 The
answers should be coherent and factual w.r.t. the question and the source document,
respectively.

Source Data For the fabrication of Syn- LeQA, we identify two diverse legal sources
inD, so that we can tackle C1 . (1)Civil rights lawsuits: we consider short summaries of
Multi- LexSum (Shen et al. 2022), a legal corpus formulti-document summarization,
consisting of a description of the background, parties involved, and outcome of the
case. (2) Privacy policies: we aggregate the policies provided by the training set of
PrivacyQA (Ravichander et al. 2019) and PolicyQA (Ahmad et al. 2020), which
are contractual agreements that bind companies to their clients. To align with the input
length of short summaries in Multi- LexSum and increase the number of samples,
we divided the original policies into chunks of a maximum of four sentences.

LLM Annotation We use LLaMA- 2- 13B as LLM teacher M.3 Specifically,
given a document di , we provide M with a curated prompt template T (·) to
generate the question–answer pairs, formally defined as (q, a) = M(T (di )).
After careful prompt engineering (see Table 3), the following prompt emerges as
our primary choice: “Provide an extremely specific question and
short answer (one sentence) based on a fact present in the
following document: {di }”.

Quality Control In light of the above challenges, we first perform a careful post-
processing to control the quality of the generated samples. (i) We remove instances

3 Although Ace- Attorney is model-agnostic, our infrastructure is restricted to 24 GB of GPU RAM.
Thus, we can afford to run models up to 13B in size, also simulating a real-world hardware-constrained
scenario.
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with empty questions or answers. (ii) We address C2 by filtering samples with
too generic questions through a retrieval-based approach. Technically, given qi , we
exclude samples whose di is not retrieved in the first top-10 positions using BM25

Okapi (Robertson et al. 1995) (more details are given in Section 4.3). Finally, to verify
C3 , we conduct a human analysis to gauge data quality. Specifically, we present 50
random samples to three English-proficient annotators with legal background asking
to assign a score on a Likert scale from 1 (worst) to 5 (best), according to fluency,
factualness (for both qi and ai ), and informativeness (for just ai ). Figure 2 shows very
high results, supported by inter-annotator agreement of 0.62 with Cohen’s κ coef-
ficient, revealing the great generative capacity of our LLM teacher. The evaluation
criteria are detailed in Table 4.

3.2 Selective generative paradigm

The quality of the generated answer is highly dependent on the retrieverR, which pre-
vents the generator G from producing a coherent and factual response when retrieving
the wrong document. Consequently, previous work has put great effort into improving
communication betweenR and G, devising solutions that combine these two compo-
nents in an end-to-end fashion (Lewis et al. 2021; Moro et al. 2022, 2023; Lai et al.
2023; Moro et al. 2023). However, G still places complete trust in R, without having
the possibility to replace the received document.

Inspired by communication networks that require adaptability to manage dynamic
scenarios (Moro andMonti 2012), we advocate for aG capable of doubting the conduct
of R. We term this ability as Selective Generative Paradigm (SGP) (see Fig. 1),
which allows G decide whether to generate the answer based on the current document
retrieved or ask R to return a different one. Technically, if G is not satisfied with
the selection, it must produce the following sentence s: “Please provide the
correct document.” Therefore, the second most ranked document is passed
to G, which re-assesses the relevance until it generates a proper answer. The formal
procedure is given in Algorithm 1.

Regarding zero-shot LLMs, this approach is implemented bymodifying the original
prompt as described in Table 3. Differently, SLMs undergo an altered fine-tuning
process (see the dataset refinement in Fig. 1). Specifically, we tamper the training
set instances whose corresponding document is not correctly retrieved at the first

Flu. Inf. Fact.
0

1

2

3

4

5

Question Answer

A
v

g
. 

S
co

re

Fig. 2 Human analysis on Syn- LeQA’s data quality according to the average fluency, factualness, and
informativeness scores
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Table 4 Explanations on human evaluation aspect scales

Informativeness

1 Answer is not relevant to the question

2 Answer is partially relevant and misses the main point of the question

3 Answer is relevant, but misses the main point of the question

4 Answer successfully captures the main point of the question but some relevant

content is missing

5 Answer successfully captures the main point of the question

Factualness

1 Answer/question consists almost entirely of fabricated content that does not

occur in the source document

2 Answer is mainly composed of hallucinations

3 Answer/question contains few hallucinations, but concern important aspects

of the original document

4 Answer contains few hallucinations, but are restricted to negligible facts

5 Answer/question is faithful with respect to the original document

Fluency

1 Answer/question is full of garbage fragments and is hard to understand

2 Answer/question contains fragments, missing components but has some fluent

segments

3 Answer/question contains some grammar errors but is in general fluent

4 Answer/question has relatively minor grammatical errors

5 Fluent answer/question

Algorithm 1 Selective Generative Paradigm.
Input: q � question
Output: a � answer
1: {d′

1, . . . ,d
′
n} = R(D | q), i = 1

2: while a = s do
3: a = G(q, d′

i )

4: i = i + 1
5: end while

position by BM25 Okapi (Robertson et al. 1995) (see Section 4.3) by replacing their
target answer with s. Then, we fine-tune SLMs on this modified dataset, called Syn-

LeQAsgp , whose altered training samples are 654 out of 3854.

4 Experimental setup

Based on Moro et al. (2018); Domeniconi et al. (2017), in addition to the in-domain
experiment on the proposed Syn- LeQA dataset, we conduct a cross-domain eval-
uation on the PrivacyQA dataset (Ravichander et al. 2019), aiming to assess the
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performance of the distilled SLMs trained on Syn- LeQA. Since PrivacyQA is
centered on a classification task, we make adjustments to align it with our specific
generative QA objective. In fact, in this dataset, for each query qi , expert annotators
classified each sentence in the corresponding document di as relevant or not. There-
fore, considering that there can be multiple sentences marked as relevant for qi , we
select the longest as the candidate target answer ai .We call this testbed PrivacyQAgen

and outline its statistics in Table 1. Since the questions did not include enough context
for the retriever to behave as expected, we do not consider R in the pipeline.

In summary, in the in-domain scenario, we use SGP and therefore train SLMs on
Syn- LeQAsgp . Differently, in the cross-domain scenario, we directly feed the gold
document to both SLMs and LLMs without leveraging SGP. Hence, we train SLMs
on the original Syn- LeQA dataset and test on PrivacyQAgen .

Environment All runs are tracked with Weights & Biases4 and executed on a work-
station with a single Nvidia GeForce RTX3090 GPU of 24 GB of dedicated memory,
64 GB of VRAM, and an Intel® Core™ i9-10900X1080 CPU@ 3.70GHz. The refer-
ence operating system is Ubuntu 20.04.3 LTS. To enhance portability, our environment
is built on top of a docker container with an NVIDIA image.5 Our code is based on
Python 3.8.10, PyTorch 1.12.1+cu113 (Paszke et al. 2019), and HuggingFace Trans-
formers (Wolf et al. 2020).

4.1 Metrics

To thoroughly assess model performance, we cover multiple evaluation dimensions.
Table 5 lists the hyperparameters of the metrics.

Syntactic We use recall-oriented ROUGE-{1,2,L} (Lin 2004) and precision-focused
BLEU-{1,2,3,4} (Papineni et al. 2002). Inspired byMoro et al. (2023),we alsomeasure
an aggregated ROUGE judgment to penalize results with discrepant unigram, bigram,
and longest common subsequence overlaps: RG = avg(r1,r2,rL )/1+σ 2

r , where σ 2
r is the

F1 variance. Accordingly, we apply the same principle to BLEU, obtaining B =
avg(b1,b2,b3,b4)/1+σ 2

b .

Semantic Movingbeyond lexical superficiality,we employBERTScore (BeS) (Zhang
et al. 2020) and BARTScore (BaS) (Yuan et al. 2021) for semantic coverage, two
model-based metrics that exhibit strong correlations with human judgment. Note that
BARTScore computes the generation probability p(y|x, θ) of a sequence y condi-
tioned on another sequence x, where θ are the weights of a Bart model (Lewis et al.
2020). Due to this generative approach, the evaluation dimensions vary depending
on how y and x are defined. In particular, we consider the Recall, Precision and F1
settings. Recall (h → r, p(r|h, θ)) quantifies how easily a gold reference (r) could be
generated by the hypothesis (h). Precision (r → h, p(h|r, θ)) assesses how likely the

4 https://wandb.ai
5 nvidia/cuda:11.3.1-devel-ubuntu20.04
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Table 5 Hyperparameters initialization for utilized NLG metrics

Metric Bound Hyperparameters

BLEU [0, 1] bleu_types=["bleu1", "bleu2", "bleu3", "bleu4"],
weights="equidistributed"

ROUGE [0, 1] rouge_types=["rouge1","rouge2","rougeL"],
use_aggregator=True,
use_stemmer=True,
metric_to_select="fmeasure"

BERTScore [−1, 1] model_type="bert-base-uncased",
idf=True, batch_size=64, nthreads=4,
rescale_with_baseline=True,
use_fast_tokenizer=False,
return_average_scores=False

BARTScore ] − ∞, 0[ model_checkpoint="facebook/bart-large-cnn",
batch_size=4, segment_scores=False

answer hypothesis could be constructed based on the gold reference. F1 score (h ↔ r)
takes the harmonic mean of recall and precision.

Efficiency We monitor the inference runtime and compute CO2 emissions with
CodeCarbon.6 Finally, we condense our judgment to weigh both cost and effectiveness
in a single score using Carburacy (Moro et al. 2023).

4.2 Models

Figure 3 shows the models used in this study, specifying their checkpoints and hyper-
parameters for fine-tuning and inference.

SLMs In line with previous works (Ragazzi et al. 2024; Italiani et al. 2024), we con-
sider BART (Lewis et al. 2020), one of the most popular models for generative tasks
characterized by a denoising pretraining objective, and FLAN-T5 (Chung et al. 2022),
a model fine-tuned with instructions on a mixture of text-to-text tasks. We benchmark
both models with different sizes, ranging from 60M to 780M parameters. For the fine-
tuning process, we concatenate the question and the relevant document and train them
to produce the corresponding answer. We train each model for 5 epochs and select the
checkpoints that obtain the highest ROUGE-1 score on the validation set.

LLMs We examine LLAMA-2-{7B,13B} (Touvron et al. 2023a), which is an
upgraded version of LLaMA- 1 (Touvron et al. 2023b) pretrained on additional
40% of data. MISTRAL-7B (Jiang et al. 2023) comprises grouped-query atten-
tion (Ainslie et al. 2023) and sliding window attention (Beltagy et al. 2020) to achieve
a harmonious equilibrium between the pursuit of high performance and efficiency.

6 https://github.com/mlco2/codecarbon
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Fig. 3 Left: HuggingFace checkpoints of the models used in this study. Right: Hyperparameters used for
SLMs fine-tuning and inference, and zero-shot LLMs. † and ‡ are specific for SLMs and LLMs, respectively

ZEPHYR-7B (Tunstall et al. 2023) leverages Mistral- 7B as a starting checkpoint,
distilling conversational capabilitieswith direct preference optimization from a dataset
of AI feedback. ORCA-2-{7B,13B} (Mitra et al. 2023) is a refined iteration of
LLaMA- 2 that outperforms models of comparable scale on tasks requiring advanced
reasoning abilities. NEURAL-CHAT-7B is a model based onMistral- 7B fine-tuned
on SlimOrca. STARLING-7B (Zhu et al. 2023) is trained with reinforcement learn-
ing from AI harnessing Nectar, a GPT-4 labeled ranking dataset composed of chat
prompts. Lastly, through fine-tuning on a refined variant of UltraFeedback (Cui
et al. 2023),NOTUS-7B (Bartolome et al. 2023) elevates the performance of Zephyr-
7B. To make inference for zero-shot LLMs possible with our hardware, we exploit
PEFT.7 To be precise, we carry out 8-bit model quantization, enclosing the provided
prompt within the recommended template for every model.

4.3 Retriever

The retriever is a pivotal component in real-world QA pipelines, having a direct influ-
ence on the overall accuracy, efficiency, and reliability of the entire solution (Frisoni
et al. 2022). In light of this, we perform a comparison of different methods with
the aim of maximizing performance while minimizing costs. First, we test BM25
OKAPI (Robertson et al. 1995), a probabilistic model that estimates the relevancy of
documents w.r.t. a query as follows:

BM25 =
∑

t∈q
log

(
n − ft + 0.5

ft + 0.5

)
· TFBM25 (1)

TF = ft,d · (k1 + 1)

ft,d + k1 · (
(1 − b) + (

b · �d/�avg
)) (2)

7 https://github.com/huggingface/peft
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where n is the number of documents in the corpus, ft is the number of documents
containing the query term t , ft,d is the number of occurrences of t in the document d,
�d is the number of terms in d, and �avg is the average of �d over the corpus. We use
the standard parameters: k1 = 1.2 and b = 0.75.

Furthermore, we evaluate the bi-encoder (BiE) architecture (Reimers andGurevych
2019), which uses a siamese BERT network to create semantically meaningful sen-
tence embeddings. This involves independently processing q and di through an
encoder-only transformer, resulting in two unique sentence embeddings that can be
compared using cosine similarity (Frisoni et al. 2020; Domeniconi et al. 2016). To
enhance computational efficiency, we conduct indexing using FAISS (Johnson et al.
2019), which tackles the problem of efficient comparison between high-dimensional
vectors. Lastly, we assess the cross-encoder (CE) implementation (Nogueira and Cho
2019), using an encoder-only transformer to process the concatenated q and di , pro-
ducing a score indicating the document pertinence. Looking at the MSMarco Passage
Reranking (Nguyen et al. 2016) and TREC (Craswell et al. 2020) benchmarks, we
operate MPNET (Song et al. 2020) and DISTILROBERTA (Sanh et al. 2019) as
bi-encoders, and TINYBERT (Jiao et al. 2020) and MINILM (Wang et al. 2020) as
cross-encoders.

Results Table 6 compares the performance of different retrievalmethods on the test set
of Syn- LeQA. We report the Rank@k metric, with k ∈ {1, 5, 10}. Technically, given
an input question, we assess how frequently the corresponding document is correctly
found within the top-k items retrieved. We also provide the runtime in seconds and
the CO2 emissions in milligrams. According to Reimers and Gurevych (2019), cross-
encoders exhibit the best results at the price of considerably higher computational costs
because they require computing a score for every possible combination of query and
document. This assertion is also validated by our case study. For example, although
CEMiniLM demonstrates superior performance w.r.t. BM25 Okapi (90.06 vs. 83.02
for Rank@1), it requires more than 100x runtime (1428.88 vs. 10.89 seconds) and
emissions (162.58 vs. 1.09 milligrams). Additionally, the performance gap decreases
sharply as k increases (97.52 vs. 95.65 for Rank@5). For these reasons, to strike the
best equilibrium between performance and computational overhead, we select BM25

Okapi as the retriever for our in-domain experiments.

Table 6 Retrieval results

Model R@1 ↑ R@5 ↑ R@10 ↑ Run. ↓ Emis. ↓
BM25 Okapi 83.02 95.65 97.10 10.89 1.09

BiE DistilRoBERTa 70.81 87.78 90.89 12.20 1.44

BiE MPNet 73.50 87.16 91.72 18.02 2.15

CE TinyBERT 89.65 96.80 98.14 1473.71 32.15

CE MiniLM 90.06 97.52 98.76 1428.88 162.58

Bold and underline denote the best and second-best scores. ↑=higher is better; ↓=lower is better
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5 Results and discussion

Prompt Engineering As emphasized in previous studies (Khashabi et al. 2022; Wei
et al. 2022; Ye et al. 2022), the configuration of the prompt template can profoundly
influence the process of synthetic data generation. Therefore, we select 100 documents
equally drawn from lawsuits and policies. From these documents, we generate four
different versions of Syn- LeQA, with each variant differing based on the specific
approach used to generate the synthetic questions and answers. These variations are
produced by applying four distinct prompt engineering strategies: (see Table 3): (i)
Task Description, we provide a textual description of the task and a test example; (ii)
In-Context Learning, the model is given a few demonstrations of the task at inference
time, but no weight updates are allowed; (iii) LLaMA Task Description, we include
the same special tokens used during LLaMA- 2 training with a wide variety of system
prompts intended for different tasks; (iv) In-Context Learning with Task Description.
We then fine-tune Flan- T5-large on these four different reduced Syn- LeQA’s ver-
sions and test it on PrivacyQAgen . With this experiment, we aim to test which prompt
engineering technique generates the most effective synthetic dataset, ultimately lead-
ing to optimal cross-domain performance on PrivacyQA for a model fine-tuned on
that data. Table 7 indicates thatTaskDescription performs the best, whileLLaMATask
Description exhibits slightly higher efficiency, albeit with reduced effectiveness com-
pared to the former. As expected, strategies that use in-context learning take longer to
generate question–answer pairs because the model is provided with lengthier instruc-
tions as input. Moreover, this appears to harm the data generation process, resulting in
extensively inferior results compared to methods that abstain from in-context learn-
ing. Consequently, all experiments are conducted with the prompt template of Task
Description.

Effectiveness Table 8 shows the in-domain results on Syn- LeQA using SGP. Across
both syntactic and semantic metrics, distilled SLMs consistently outperform LLMs.
The greatest improvement is registered compared to LLaMA- 2- 13B,Orca- 2- 13B,
andMistral- 7B. The performance gap is reduced compared to the newly introduced
Starling- 7B, Zephyr- 7B, and Neural- chat- 7B. Of particular interest are the
enhanced retrieval results obtained thanks to SGP. Specifically, unlike LLMs, SLMs
excel at identifying documents that have not been retrieved properly. The ability of the
models to classify the retrieved documents as relevant or not is summarized in Table 9.

Table 7 Results of Flan- T5-large on PrivacyQAgen ’s test set fine-tuned on 100 instances from four
versions of Syn- LeQA, each generated using different prompt templates

Prompt RG BeS Run.

In-context learning 21.47 24.74 10672

Task description 30.88 33.92 1591

LLaMA task description 25.48 28.44 1462

In-context learn. w/ task descr. 22.86 25.87 5061

Bold and underline denote the best and second-best results
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Table 9 Classification results of SGP

Model Size Precision Recall F1 Accuracy

Fine-tuned SLMs

Flan- T5- small 60M 56.63 57.32 56.97 85.30

Bart-base 149M 86.30 76.83 81.29 94.00

Flan- T5-base 250M 79.17 69.51 74.03 91.72

Bart-large 406M 84.72 74.39 96.06 93.37

Flan- T5-large 780M 86.67 79.27 82.80 94.41

Zero-shot LLMs

LLaMA- 2 7B 0.00 0.00 0.00 82.40

Mistral 7B 20.79 51.22 29.58 58.59

Zephyr 7B 68.42 15.85 25.74 84.44

Orca- 2 7B 61.90 15.85 25.24 84.06

Neural- Chat 7B 85.19 28.05 42.20 86.96

Starling 7B 78.95 18.29 29.70 85.30

Notus 7B 48.15 31.71 38.24 82.61

LLaMA- 2 13B 27.03 12.20 16.81 79.50

Orca- 2 13B 53.70 35.37 42.65 83.85

Bold and underline denote the best and second-best results. Following standard practice (Frisoni and Moro
2021), we evaluate model performance using precision, recall, F1-score, and accuracy metrics

Technically, we label the generated answer as 1 when the model outputs s (indicating
an incorrectly retrieved document) and 0 otherwise. These findings show the benefits
of SGP, which on average solidly increases the original R@1 score of 83.02, as shown
in Table 6. The enhanced retrieval performance of SLMs also explains their superior
question-answering effectiveness w.r.t. LLaMA- 2- 13B. Since this LLM was used
to produce Syn- LeQA, superior results would be expected when evaluated on the
same questions it generated. However, its performance is hindered by a markedly
decreased R@1 score, which ultimately results in less informed answers. Further-
more, Table 10 shows the cross-domain results on PrivacyQAgen , where we test
SLMs trained on Syn- LeQA. Again, SLMs overall outperform themajority of LLMs,
albeit with a less pronounced improvement. First, this occurs because we transfer the
question-answering capabilities of the models, acquired on Syn- LeQA, to a com-
pletely different dataset. Second, this setting does not include the retrieval module.
In scenarios where the retrieval component is not needed, SLMs cannot benefit from
SGP, hence the improvement w.r.t. LLMs shrinks. Moreover, we highlight that even
when the best-performing SLM underperforms compared to the top LLM, the differ-
ence is not statistically significant except for R-1. Figure 4 visually summarizes the
results.

Efficiency In addition to the better effectiveness of distilled SLMs, from Table 8 and
Table 10, we can also appreciate the radical reduction in runtime and carbon emissions
at inference time. For example, the best-performing LLM on PrivacyQAgen , such as
Starling- 7B, is characterized by ≈1200% increment in CO2 emissions compared
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B
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Carburacy R@1

Syn-LeQA

B
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BART-base
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FLAN-T5-base
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Zephyr-7B

Starling-7B
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Fig. 4 Graphical overview of model effectiveness, where dotted lines represent LLMs and solid lines SLMs

to the best SLM, such as Flan- T5-large. Figure 5 illustrates the relationship between
efficiency and effectiveness, revealing the high performance of SLMs with low costs.

Few-shot Setting Limitations due to low-resource regimes, such as commodity hard-
ware infrastructure, can affect model performance (Parida and Motlícek 2019; Moro
and Ragazzi 2022, 2023; Huh and Ko 2023; Moro et al. 2023). Regardless, it is plau-
sible that a real-world organization lacks adequate resources to generate thousands of

Fig. 5 Performance–efficiency relation. Top: Syn- LeQA; bottom: PrivacyQAgen . The size of bubbles
refers to the number of model parameters
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Fig. 6 Few-shot setting results for Syn- LeQA (SLQA) and PrivacyQAgen (PQA). The dashed black
bands mark the top-performing LLM (Starling- 7B)

synthetic examples. Additionally, there might be a need for a thorough examination
of the created question–answer pairs before integrating them as references for the
production model. Accordingly, it is of particular interest to study the performance of
the student model w.r.t. the number of synthetic training instances available. Figure 6
summarizes the results of Flan- T5-large fine-tuned on an increasing number of Syn-
LeQA samples, drawn equally from lawsuits and policies. Notably, in Syn- LeQA,
the SLM surpasses the best-performing LLM, such as Starling- 7B, with only 20
labeled samples. In PrivacyQAgen , we notice the same behavior in 2 out of 4 metrics,
such as BLEU and BARTScore.

Transfer Learning We evaluate the transferability of SLMs by assessing their per-
formance when trained on one subset of Syn- LeQA (i.e., lawsuits or policies) and

Fig. 7 Transferability results on Syn- LeQA. Transfered denotes a model trained on one subset and
tested on the other. Original denotes a model trained and tested on the same subset
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Table 11 Flan-T5-large performance on the test set of PrivacyQAgen

Training Set B R-1 R-2 R-L RG BaS-F1 BeS

PrivacyQAgen 80.68 85.36 82.33 85.52 84.39 -0.972 85.53

Syn- LeQA + PrivacyQAgen 80.49 90.10 88.35 90.58 89.67 -0.717 90.43

Bold entries underline the best results

tested on the other.We report the results with the same subset for training and testing as
upper bound. Figure 7 demonstrates the adaptability of SLMs, showcasing consistent
ROUGE performance when transferred between different domains. Additionally, we
perform an experiment to assess the extent to which a model can leverage knowledge
acquired during its initial training on Syn- LeQA and transfer it to improve per-
formance on PrivacyQAgen . Specifically, we first train the best-performing model,
Flan- T5-large, on our synthetic dataset, and then fine-tune it on PrivacyQAgen . For
this purpose, we divide the original PrivacyQAgen dataset, which originally contains
only a test set, into three subsets: 344 instances for training, 43 for validation, and 44
for testing. Table 11 demonstrates that the model fine-tuned solely on PrivacyQAgen

performs worse than when it is initially fine-tuned on Syn- LeQA, underscoring the
usefulness of our synthetic dataset.

6 Conclusion

In this paper, we introduce Ace- Attorney, an approach designed to produce LQA-
specific datasets and supervised SLMs through LLM KD. Precisely, given an input
textual prompt, a frozen LLM generates artificial samples that are used as knowl-
edge to train a reduced-parameter student model. We collect LLM-crafted samples
and create Syn- LeQA, our synthetic dataset proposed to address the scarcity of
public LQA corpora. Experiments carried out on both Syn- LeQA and a real expert-
labeled dataset showcase the ability of studentmodels to surpass the latest cutting-edge
LLMs. Importantly, distilledmodels operatewith amply fewer parameters and demand
considerably shorter inference runtime and CO2 emissions. Moreover, simulating a
real-world retrieval-based scenario, we show that the Selective Generative Paradigm
enables the retriever and the generator to better select the correct document to answer
a given question. Finally, we reveal that our specialized SLMs achieve competitive
performance even when we have access to a limited number of synthetic instances,
allowing manual oversight at a reasonable cost across the entire generated dataset.

Ethics Statement and limitations

Our research holds noteworthy promise for advancing the development of new LQA
datasets and models. However, given the widely recognized issue of hallucinations in
LLMs, experts must examine the authenticity and reliability of the generated data. In
fact, our aim is not to demonstrate that LLMs could replace legal professionals. Instead,
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we introduce Ace- Attorney as a research instrument, highlighting its complemen-
tary function rather than positioning it as a substitute for detailed and contextually
specific efforts.

Despite the large amount of up-to-date LLMs used in our experiments, we focus
on models capable of working within the constraints of a single 24 GB of GPU RAM.
Consequently, this excluded larger and potentially more performant solutions from
our study, which could affect the synthetic data generation process. However, human
examination suggested high quality despite the use of a 13B LLM. Furthermore, the
cross-domain scope of our study regarding the evaluation of our fine-tuned SLMs on
real human-annotated datasets is constrained, as we considered only a single dataset
in our analysis. However, this decision is due to PrivacyQAgen being the only dataset
that meets the necessary criteria to act as a benchmark for generative LQA. Finally,
due to the limited availability of multilingual legal datasets (Niklaus et al. 2023) and
solutions (Moro et al. 2024a), future directions should prioritize advances in low-
resource languages with a focus on interpretable responses (Moro et al. 2024).
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