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Introduction

Welcome to the 4th International Workshop on Knowledge-Augmented Methods for Natural Language
Processing (KnowledgeNLP’25), held in conjunction with NAACL 2025. KnowledgeNLP will take pla-
ce on May 3rd, 2025, allowing for both virtual and in-person attendance in New Mexico, USA.

Recent progress in large-scale models like ChatGPT has significantly advanced NLP capabilities. Howe-
ver, these models face limitations in memorizing rare information, are prone to hallucinations, and cannot
access up-to-date information. Additionally, their fixed parameter size prevents them from fully encap-
sulating the continuously evolving world knowledge.

The field of knowledge-augmented NLP spans a wide array of techniques and applications. Acquiring
relevant knowledge is challenging due to its diversity and distribution across numerous sources. On-
ce acquired, effectively representing and utilizing this knowledge to support model predictions presents
another major challenge. This workshop seeks to bring researchers together to share their insights and
progress in this domain, aiming to highlight the importance of knowledge-augmented NLP.

In response to our call for papers, we received 48 submissions. Each submission was rigorously reviewed
by at least three Program Committee members selected for their expertise. Based on the reviewers’ feed-
back, we accepted 28 papers, including 6 oral presentations and 22 poster presentations. We are honored
to invite five keynote speakers: Prof. Doug Downey (Allen Institute for Al and Professor Northwestern
University), Prof. Graham Neubig (Carnegie Mellon University), Dr. Yunyao Li (Adobe), Prof. Yu Su
(Ohio State University), Prof. Manling Li (Northwestern University).

We hope you find the workshop papers insightful and inspiring. We express our gratitude to the keynote
speakers for their engaging talks, the authors for their valuable contributions, and the Program Commit-
tee members for their thorough reviews. Special thanks to the emergency reviewers for their expertise
and to the NAACL 2025 workshop chairs for their support during the organization process.
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Entity Retrieval for Answering Entity-Centric Questions

Hassan S. Shavarani
School of Computing Science
Simon Fraser University
BC, Canada
sshavara@sfu.ca

Abstract

The similarity between the question and in-
dexed documents is a crucial factor in doc-
ument retrieval for retrieval-augmented ques-
tion answering. Although this is typically the
only method for obtaining the relevant docu-
ments, it is not the sole approach when deal-
ing with entity-centric questions. In this study,
we propose Entity Retrieval, a novel retrieval
method which rather than relying on question-
document similarity, depends on the salient en-
tities within the question to identify the retrieval
documents. We conduct an in-depth analysis
of the performance of both dense and sparse
retrieval methods in comparison to Entity Re-
trieval. Our findings reveal that our method not
only leads to more accurate answers to entity-
centric questions but also operates more effi-
ciently.

O https://github.com/shavarani/EntityRetrieval

1 Introduction

Information retrieval has significantly enhanced the
factual reliability of large language model (LLM)
generated responses (Shuster et al., 2021) in ques-
tion answering (Zhu et al., 2021; Zhang et al.,
2023). This improvement is particularly evident
in Retrieval-Augmented Generation (RAG; Lewis
et al., 2020b; Izacard and Grave, 2021b; Singh
et al., 2021), which typically employs the Retriever-
Reader architecture (Chen et al., 2017). RAG re-
trievers can be sparse (Peng et al., 2023), dense
(Karpukhin et al., 2020), or hybrid (Glass et al.,
2022), while the readers are usually generative lan-
guage models' such as BART (Lewis et al., 2020a),
TS5 (Raffel et al., 2020), or GPT-4 (OpenAl, 2023)
that generate answers based on the documents iden-
tified by the retriever. Recent RAG methodolo-
gies leverage the in-context learning capabilities of
LLMs to incorporate retrieved documents into the

!The readers in the original architecture were designed to
extract answer spans rather than generate answers.

1
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prompt (Shi et al., 2023; Peng et al., 2023; Yu et al.,
2023).

Entity-centric questions seek concise factual an-
swers about the real world, typically in the form
of single words or short phrases. These answers
often reference or directly stem from a knowl-
edge base entity (Ranjan and Balabantaray, 2016),
and Retrieval-Augmentation enhances LLM per-
formance in answering such questions, particularly
for rare entities that appear infrequently in LLM
training and fine-tuning data (Kandpal et al., 2023).

But is there a correlation between the quality
of the retrieved documents and the generated re-
sponse quality? Sciavolino et al. (2021) found that
dense retrievers retrieve less relevant documents
for answering entity-centric questions than sim-
pler sparse retrievers. Additionally, Cuconasu et al.
(2024) show that the presence of irrelevant doc-
uments leads to worse answers. These findings
underscore the crucial role of the retrieval module,
particularly for entity-centric questions.

In this paper, we propose Entity Retrieval (Fig-
ure 1b), which uses salient entities in the question
to lookup knowledge base (e.g., Wikipedia) arti-
cles that correspond to each entity. Each article is
truncated to the first W words to form a document
set that augments the question passed to the LLM.

Our contributions are as follows: (1) we pro-
pose Entity Retrieval, a novel method of acquiring
augmentation documents using salient entities in
the questions, (2) we compare the retrieval per-
formance quality of several retrieval techniques
(both dense and sparse) to Entity Retrieval for ques-
tions within two entity-centric question answering
datasets, (3) we study the Retrieval-Augmentation
quality of the compared techniques and Entity Re-
trieval, using salient entity annotations of the ques-
tions, and (4) we examine the application of a re-
cent state-of-the-art entity linking method for En-
tity Retrieval in the absence of entity annotations
in entity-centric questions.

Proceedings of the 4th International Workshop on Knowledge-Augmented Methods for Natural Language Processing (KnowledgeNLP’25), pages 1-17
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21 Million Passages

Dense/Sparse

LLM A
Retrieval

(a) Retrieval-Augmented QA with Dense/Sparse Retrieval

Fetch First
W Words

(b) Retrieval-Augmented QA with Entity Retrieval

Figure 1: Entity Retrieval simplifies the process of obtaining augmentation documents by replacing the need
to search through large indexed passages with a straightforward lookup. For Q: What is the capital of
Seine-Saint-Denis? Entity Retrieval considers the first few sentences of Seine-Saint-Denis Wikipedia article
which states “Its prefecture is Bobigny.” and returns A = Bobigny where the other retrieval methods return

A = Saint-Denis or A = Paris.

2 Retrieval for Retrieval-Augmentation

Retrieval-Augmentation (Lewis et al., 2020b) can
be employed as a method of converting Closed-
book question answering? (Roberts et al., 2020)
into extractive question answering (Abney et al.,
2000; Rajpurkar et al., 2016), where the answers
can be directly extracted from the retrieved docu-
ments. Despite the abundance of effective retrieval
techniques for Retrieval-Augmented Question An-
swering in existing literature (Zhan et al., 2020a,b;
Yamada et al., 2021; Chen et al., 2022; Izacard
et al., 2022; Santhanam et al., 2022; Ni et al., 2022,
inter alia.), this section will concentrate on a select
few methods® utilized to study answering entity-
centric questions in this paper.

BM25 (Robertson et al., 1994, 2009) is a prob-
abilistic retrieval method that ranks documents
based on the frequency of query terms appearing in
each document, adjusted by the length of the docu-
ment and overall term frequency in the collection.
It operates in the sparse vector space, relying on
precomputed term frequencies and inverse docu-
ment frequencies to retrieve documents based on
keyword matching.

DPR (Dense Passage Retrieval; Karpukhin et al.,
2020) leverages a bi-encoder architecture, wherein
the initial encoder processes the question and the
subsequent encoder handles the passages to be re-
trieved. The similarity scores between the two
encoded representations are computed using a dot
product. Typically, the encoded representations of

2Closed-book QA focuses on answering questions without
additional context during inference.

3We selected the methods supported by pyserini . io for
the similarity between the underlying modules, minimizing
discrepancies across different implementations.

the second encoder are fixed and indexed in FAISS
(Johnson et al., 2019), while the first encoder is op-
timized to maximize the dot-product scores based
on positive and negative examples.

ANCE (Xiong et al., 2021) is another dense re-
trieval technique similar to DPR*. It employs one
encoder to transform both the questions and pas-
sages into dense representations. The key distinc-
tion from DPR is that ANCE uses hard negatives
generated by periodically updating the passage em-
beddings during training, which helps the model
learn more discriminative features, thereby enhanc-
ing retrieval performance over time.

3 Entity Retrieval for Question
Answering

While quite powerful, most Retrieval-Augmented
systems are notably time and resource-intensive,
necessitating the storage of extensive lookup in-
dices and the need to attend to all retrieved docu-
ments to generate the response (see Section 4.7).
This attribute renders such methods less desirable,
particularly given the drive to run LLMs locally
and on mobile phones (Alizadeh et al., 2023).
Entity recognition has been an integral com-
ponent of statistical question answering systems
(Aghaebrahimian and Jurcicek, 2016, inter alia).
Additionally, the extensively studied field of
Knowledge Base Question Answering (Cui et al.,
2017, inter alia) has underscored the significance
of entity information from knowledge bases in
question answering (Salnikov et al., 2023). A tra-
ditional neural question answering pipeline may
“We have also implemented DKRR (Izacard and Grave,

2021a), however, due to its significantly poorer performance
compared to other methods, we exclude it from our analysis.


pyserini.io

= ) WikIPEDIA

Swan Lake

From Wikipedia, the free encyclopedia
This article is about the ballet. For other uses, see Swan Lake
(disambiguation).

Swan Lake (Russian: Jle6eanHoe 63epo, tr. Lebedinoje 6zero, IPA:
[l1bi1'dlineje 'oZlIre] ) Iisten®), Op. 20, is a ballet composed by Russian

composer I Pyotr llyich Tchaikovskyl in 1875-76. Despite its initial failure,

it is now one of the most popular ballets of all time.!']

Figure 2: The first paragraph of the Wikipedia article
typically provides an informative summary for the en-
tity. For example, the first paragraph of Swan Lake
Wikipedia article contains the answer to “Who is the
composer of The Swan Lake ballet?”

contain entity detection, entity linking, relation
prediction, and evidence integration (Mohammed
et al., 2018; Lukovnikov et al., 2019), where entity
detection can employ LSTM-based (Hochreiter and
Schmidhuber, 1997) or BERT-based (Devlin et al.,
2019) encoders. Inspired by this body of work,
we investigate the relevance of retrieval based on
entity information as an alternative strategy to the
proposed retrieval methods of Section 2, especially
for answering entity-centric questions with LLMs.

Our proposed method, Entity Retrieval, lever-
ages the salient entities within the questions to iden-
tify and retrieve their corresponding knowledge
base articles. We will then truncate these articles
to the first W words> to form the list of the doc-
uments augmenting entity-centric questions when
prompting LLMs. Figure 1 presents a schematic
comparison between Entity Retrieval and other re-
trieval methods in identifying retrieval documents
to enhance question answering with LLMs. Fig-
ure 2 provides an intuitive example to motivate the
effectiveness of Entity Retrieval.

4 Experiments and Analysis

4.1 Setup

We focus on Wikipedia as the knowledge base and
utilize the pre-existing BM25, DPR, and ANCE re-
trieval indexes in Pyserini (Lin et al., 2021). These
indexes, follow established practices (Chen et al.,
2017; Karpukhin et al., 2020) and segments the arti-
cles into non-overlapping text blocks of 100 words,
resulting in 21,015,300 passages. For dense retriev-
ers, the passages are processed with a pre-trained

3The first sentences of Wikipedia articles have been proven
informative for document classification (Shavarani and Sekine,
2020) as well as question answering (Choi et al., 2018).

context encoder, generating fixed embedding vec-
tors stored in a FAISS index (Douze et al., 2024).
Our experimental entity-centric questions are en-
coded using the question encoder, and the top k
relevant passages to the encoded question are re-
trieved from the FAISS index. For BM25 sparse
retriever, the passages are stored in a Lucene in-
dex and the questions are keyword-matched to this
index.

As outlined in Section 3, the document retrieval
process will require loading the entire index (as
well as the question encoder for dense retrieval)
into memory which entails significant time and
memory consumption. To address this challenge,
following Ram et al. (2023), we treat document
retrieval as a pre-processing step, caching the most
relevant passages for each question before conduct-
ing the question answering experiments.

For Entity Retrieval, similar to BM25, DPR,
and ANCE, we maintain document lengths at 100
words. However, our approach diverges in sourc-
ing documents: rather than drawing from a large
index of 21 million passages, we employ the salient
entities within the question and retrieve their corre-
sponding Wikipedia articles, which we then trun-
cate to the initial 100 words.

We conduct our Retrieval-Augmented Question
Answering experiments using LLaMA 3 model®,
and in all such experiments’, we prevent it from
generating sequences longer than 10 subwords.

We do not use any instructional question-answer
pairs in the prompts of our models®. In the Closed-
book setting, the prompt includes only the question,
along with a simple instruction to answer it. In
Retrieval-Augmented settings using BM25, DPR,
and ANCE, the prompt incorporates pre-fetched
retrieved documents from the corresponding re-
trieval index alongside the question and the instruc-
tion. Similarly, in the Entity Retrieval settings,
the prompt consists of the first W words of the
Wikipedia articles corresponding to the salient en-
tities in the question. We follow Ram et al. (2023)
for question normalization and prompt formulation.
Appendix A provides the prompts, and example
retrieved documents for each setting.

6ht’cps: //1lama.meta.com/1lama3/.

"We run our experiments on one server containing 2 RTX
A6000s with 49GB GPU memory each.

8Further exploration into few-shot experimental setups
involving additional (context, question, answer) in-context
examples is left for future investigation.


https://llama.meta.com/llama3/

4.2 Data

We use the following datasets in our experiments”:

EntityQuestions (Sciavolino et al., 2021) is cre-
ated by collecting 24 common relations (e.g., ‘au-
thor of” and ‘located in’) and transforming fact
triples (subject, relation, object) that contain these
relations, into natural language questions using pre-
defined templates. The dataset comprises 176,560
train, 22,068 dev, and 22,075 test question-answer
pairs. To expedite our analytical experiments in
this paper, given the extensive size of the dev and
test sets, we constrain the question-answer pairs
in these subsets to those featuring salient entities
within the top 500K most linked Wikipedia pages,
as suggested by Shavarani and Sarkar (2023). Thus,
the dev and test subsets of EntityQuestions consid-
ered in our experiments consist of 4,710 and 4,741
questions, respectively.

FactoidQA (Smith et al., 2008) contains 2,203
hand crafted question-answer pairs derived from
Wikipedia articles, with each pair accompanied by
its corresponding Wikipedia source article included
in the dataset.

StrategyQA (Geva et al., 2021) is a complex
boolean question answering dataset, constructed
by presenting individual terms from Wikipedia
to annotators. Its questions contain references to
more than one Wikipedia entity, and necessitate
implicit reasoning for binary (Yes/No) responses.
The dataset comprises 5,111 answered questions
initially intended for training question answering
systems, with the system later tested on test set
questions with unreleased answers. This train-
ing set is split into two subsets resulting in train
and train_filtered subsets containing 2,290 and
2,821 questions, respectively.

4.3 Evaluation

We evaluate the performance of the retrieval meth-
ods using the following metrics; in each of which
a document is considered relevant if it contains
a normalized form of the expected answer to the
question:

e nDCG@FK (normalized Discounted Cumula-
tive Gain at rank k; Jarvelin and Kekélédinen,
2002) evaluates the quality of a ranking sys-
tem by considering both the relevance and
the position of documents in the top & results.

“Please note that since Entity Retrieval does not involve
training, all mentioned dataset subsets (e.g., train, dev, or test)
will be used for evaluation regardless of their names.

Mathematically, it is represented as

k T —
DCG@k — Y1 e D)
T «IRELy|  2ri—1

i=1 logg (i+1)

Where, r; denotes the relevance score of a
document at the ™ position for a question,
with relevance score r; = 1 if the document
is relevant, and r; = 0, otherwise. REL;
refers to the relevant subset of the retrieved
documents. nDCG@F scores range between
0 and 1, where a score of 1 signifies an opti-
mal ranking with the most relevant documents
positioned at the top.

* MRR (Mean Reciprocal Rank; Voorhees and
Harman, 1999) is the average of the reciprocal
ranks of the first relevant document for each
question. Mathematically, it is represented as

e 1 2l
QI 4= 7

J

where |Q| represents the total number of ques-
tions and r; denotes the rank of the first rele-
vant document for the j-th question.

* Top-k Retrieval Accuracy, as reported by Sci-
avolino et al. (2021), is calculated as the num-
ber of questions with at least one relevant
document in the top k retrieved documents
divided by the total number of questions in
the dataset.

We evaluate the performance of the Retrieval-
Augmented Question Answering models with each
retrieval method as follows:

* For FactoidQA and EntityQuestions datasets,
we use OpenQA-eval (Kamalloo et al., 2023)
scripts to evaluate model performance, and
report exact match (EM) and F1 scores by
comparing expected answers to normalized
model responses.

For StrategyQA, we present accuracy scores
by comparing model responses to the expected
boolean answers in the dataset. As well, to
assess model comprehension of the task, we
count the number of answers that deviate from
Yes or No and report this count in a distinct
column labeled “Inv #” for each experiment.
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Figure 3: nDCG@F scores evaluate the quality of BM25, DPR, ANCE, and Entity Retrieval by considering both the
relevance and the position of documents in the top k retrieved passages for each question. Note that Entity Retrieval
typically results in k=1 document since the datasets under study often have one salient entity. The horizontal lines
aid in visually comparing the performance of Entity Retrieval, which averages one document, to other methods

retrieving k>1 documents.

4.4 Entity Retrieval Performance using
Question Entity Annotations

We begin our analysis by comparing Entity Re-
trieval performance to BM25, DPR, and ANCE.
For this experiment, we calculate nDCG with vari-
ous retrieved document sets of size k = 1, 2, 3, 4,
5, 20, and 100. We use the entity annotations pro-
vided with the questions from FactoidQA and the
dev set of EntityQuestions to fetch their correspond-
ing Wikipedia articles, excluding StrategyQA from
our analysis as it does not include entity annota-
tions. On average, FactoidQA and EntityQuestions
datasets contain one salient entity per question.

Apart from a few questions, the majority of Fac-
toidQA questions, and all questions in the Enti-
tyQuestions dataset, contain only one entity annota-
tion (leading to one augmentation document). This
puts Entity Retrieval at a disadvantage. To address
this, we consider truncating the Entity Retrieval
documents to varying lengths. We compare Entity
Retrieval using the first 100 words (equivalent to
the size of documents returned by BM25, DPR,
and ANCE, noted as ER/00w) and also consider
the first 50, 300, and 1000 words of the retrieved
Wikipedia articles (noted as ER50w, ER300w, and
ER1000w). A 300-word Entity Retrieval document
matches the word count of three documents re-
turned by BM25 or DPR.

Figure 3 presents the computed nDCG@FE scores
across varying document sizes, highlighting the su-
perior performance of Entity Retrieval over other
retrieval methods in the context of the entity-centric
datasets under study. Notably, ERI000w, which

corresponds to ten BM25 retrieved passages in
terms of word count, exhibits a retrieval perfor-
mance on par with 100 retrieved documents in Fac-
toidQA and surpasses BM25, the top-performing
retriever on EntityQuestions, by 25%. This im-
pressive performance by Entity Retrieval can be
attributed to its ability to retrieve fewer, yet more
relevant, documents. This observation aligns with
the conclusion drawn by Cuconasu et al. (2024),
which emphasizes that the retrieval of irrelevant
documents can negatively impact performance. En-
tity Retrieval effectively minimizes the retrieval of
such documents. Further insights can be gleaned
from the comparison of nDCG scores along the
x-axis of the plots in Figure 3. As the number of
retrieved documents increases, the likelihood of
retrieving irrelevant documents also rises, leading
to a decline in retrieval performance when moving
from 1 to 5 retrieved documents.

Table 1 showcases the calculated MRR scores,
emphasizing the quicker attainment of relevant re-
trieval documents in Entity Retrieval compared to
other retrieval methods. Concurrently, Figure 4
illustrates the impact of incrementing the number
of retrieved documents on the expansion of the ex-
pected answers’ coverage for the EntityQuestions
dev subset.

While it may be appealing to consider 100 or
more documents to simultaneously enhance both
nDCG and Retrieval Accuracy, it is important to
note that 100 retrieved documents would comprise
10,000 words. This could potentially overwhelm
the model with excessive noise (irrelevant docu-
ments), and as well, could make it extremely costly



FactoidQA EntityQuestions (dev)

BM25 0.245 0.522
DPR 0.209 0.456
ANCE 0.222 0.536
ER50w 0.097 0.435
ER100w 0.131 0.516
ER300w 0.185 0.610
ER1000w  0.272 0.695

Table 1: MRR scores comparing the retrieval quality
of BM25, DPR, ANCE, and Entity Retrieval through
the average of the reciprocal ranks of the first relevant
document for each question.

to execute Retrieval-Augmented Question Answer-
ing, especially when the cost of API calls is cal-
culated per token. We would need at least 10,000
tokens (optimistically, assuming each word equates
to only one token) in addition to the tokens in the
question. These factors suggest that retrieving a
few documents for each question is more benefi-
cial.

Taking these considerations into account, along
with the nDCG @k, MRR, and Retrieval Accuracy
results from this section, we gain a comprehensive
understanding of the trade-off between the quality
of the retrieved documents, which diminishes as we
consider more documents, and the answer coverage,
which increases as the model has a higher chance
of encountering the right document with the correct
hint for the answer. Consequently, we opt for k = 4
as a default, and we will always retrieve the top-4
documents in our Retrieval-Augmented Question
Answering experiments.

4.5 Retrieval-Augmented Question Answering

Next, we examine the effectiveness of our proposed
Entity Retrieval method compared to other retrieval
methods in improving the quality of responses to
entity-centric questions. We explore three settings:
Closed-book, Retrieval-Augmented, and Entity Re-
trieval with question entity annotations (Section
4.1). The primary purpose of using question entity
annotations is to demonstrate their ability to accu-
rately identify relevant augmentation documents.
These experiments establish an expected perfor-
mance ceiling for Entity Retrieval and can inspire
future research to meet or exceed this threshold.
The initial eight rows of Table 2 present the
results of our experiments using LLaMA 3 (8B)
model. Upon examining these results, it is evident
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Figure 4: Retrieval Accuracy scores showcasing the
correlation between the number of retrieved documents
and the expected answers’ coverage in EntityQuestions
(dev) subset.

that ERI100w, the most analogous Entity Retrieval
setting to other retrieval methods, outperforms in
terms of both EM and F1 scores. This setting, like
the other retrieval methods, returns 100-word doc-
uments. However, as we noted earlier, Entity Re-
trieval generally retrieves fewer documents overall,
making it both more accurate and more efficient.

Our dense retrieval results align with the obser-
vations of Sciavolino et al. (2021), asserting that
entity-centric questions indeed challenge dense re-
trievers. Although the BM25 method proves suc-
cessful in enhancing the results compared to the
Closed-book setting, it is noteworthy that even En-
tity Retrieval with the initial 50 words of the articles
corresponding to the salient entities within ques-
tions yields superior results. This is particularly sig-
nificant when compared to other retrieval methods
which necessitate indexing the entire knowledge
base on disk and loading the index into memory; a
process required in inference time where caching
is not an option.

4.6 Entity Retrieval in absence of Question
Entity Annotations

Section 4.5 establishes Entity Retrieval as a viable
augmentation method for entity-centric questions.
Next, we aim to reach the established performance
ceiling in the absence of question entity annota-
tions. Here, we examine the potential of entity
linking as an automated method to provide these
annotations. Our primary research question is: how
effectively can current entity linking methods help
Entity Retrieval achieve optimal performance?
Ideally, we would like to evaluate all recent en-
tity linking methods to identify the most effective
one. However, due to time and budget limitations,



LLaMA3 FactoidQA ‘

EntityQuestions

dev | test

|
8B) |
| EM F1 |

EM F1 |

EM F1

Closed-book | 30.5+04 39.3+00 | 22.9+0.5 37.9+07 | 22.9402 38.3+0.5

Retrieval-Augmented QA

BM?25 324408 42.64+03 | 23.7+£03 38.5+0.6 | 23.4+0.2 38.7+0.3
DPR 29.8+1.0 38.9+1.1 | 21.9403 36.2+02 | 20.7+0.6 35.44+04
ANCE 30.44+04 39.9403 | 23.1+£05 37.94+04 | 22.7+05 37.9+0.6
Entity Retrieval w/ Question Entity Annotations
ER50w 344405 43.74+05 | 24.94+0.1 41.240.1 | 24.1+0.6 41.1+0.3
ER100w 33.6+03 429404 | 26.3+0.2 42.840.1 | 25.7+0.1 42.4+0.0
ER300w 337409 43.0+1.1 | 26.24+0.3 42.7+0.1 | 25.5+0.7 42.44+0.8
ER1000w 35.0+0.3 44.9+05 | 25.1+04 41.9404 | 242409 41.1+0.6
Entity Retrieval w/ SPEL Entity Annotations
ERSp50w 29.6+03 38.6+0.5 | 24.1+05 39.1+0.2 | 23.6+£0.8 39.4+0.5
ERSp100w 28.7409 37.7+1.0 | 24.840.5 40.0+£0.2 | 24.4+03 39.94+0.2
ERSp300w 26.94+04 35.64+05 | 24.5+403 399404 | 24.4+0.5 40.2+0.3
ERSp1000w | 21.740.7 30.8£1.0 | 24.2402 39.6+0.3 | 22.940.5 39.0+0.7

Table 2: Question answering efficacy comparison between Closed-book and Retrieval-Augmentation using BM25,
DPR, ANCE, and Entity Retrieval. EM refers to the exact match between predicted and expected answers,

disregarding punctuation and articles (a, an, the).

* Results represent the average of three runs, accompanied by a margin of error based on a 99% confidence interval.

we depend on the recent benchmarking studies by
Ong et al. (2024) to choose a method. They ex-
amine the latest entity linking methods in terms of
performance against unseen data and endorse SPEL
(Shavarani and Sarkar, 2023) as the top performer.
Consequently, we investigate Entity Retrieval using
entities identified with SPEL, while reserving the
examination of other entity linking techniques for
Entity Retrieval for future research.

We maintain the Entity Retrieval settings as be-
fore, defining ERSp50w, ERSp100w, ERSp300w,
and ERSp 1000w for performing entity linking with
SPEL, then retrieving the Wikipedia articles corre-
sponding to the SPEL identified entities, and using
the first 50, 100, 300, and 1000 words of these ar-
ticles as documents to augment the question when
prompting the LLM. Table 3 presents the aggre-
gated entity identification statistics of SPEL across
various subsets of each dataset under study.

The final four rows of Table 2 showcase the com-
parative results of utilizing entities identified by
SPEL for Entity Retrieval. Given that one-third
of EntityQuestions and approximately half of Fac-
toidQA lack identified annotations, the exact match

‘ Max. Avg. Linked %
FactoidQA 8 0.8 56.5%
EntityQuestions 3 0.7 65.6%
StrategyQA 4 1.1 74.9%

Table 3: Maximum and Average SPEL identified en-
tity count as well as the total percentage of questions
with at least one identified entity in each dataset. SPEL
successfully identifies and links entities in 1,244 Fac-
toidQA, 3,108 EntityQuestions (dev), 3,095 EntityQues-
tions (test), 1,735 StrategyQA (train), and 2,094 Strat-
egyQA (train_filtered) questions. For the remaining
questions in each dataset where no entities are identi-
fied, they will be introduced to the LLM without any
augmented documents in the Entity Retrieval settings.

scores reveal that Entity Retrieval performs ro-
bustly and surpasses BM25, the top-performing
competitor, for EntityQuestions while approaching
DPR’s performance for FactoidQA. This under-
scores the potential of Entity Retrieval within this
paradigm. In addition, the disparity between the
results with and without question entity annota-
tions strongly indicates the necessity for further
research in Entity Linking, which could enhance



Question Who performed Alexis Colby? What is the capital of Seine-Saint-Denis?
Answer Joan Collins Bobigny

Closed-Book | Diana Ross Paris

BM25 Linda Evans Saint-Denis

DPR Alexis Cohen Saint-Denis

ANCE Nicollette Sheridan performed Alexis Colby. | Saint-Denis

ERSp100w Joan Collins Bobigny

Question Where did John Snetzler die? Where was Brigita Bukovec born?
Answer Schaffhausen Ljubljana

Closed-Book | He died in London, England, in 178 Brigita Bukovec was born in Slovenia
BM25 John Snetzler died in London. Slovenia

DPR John Snetzler died in London in Slovakia

ANCE in England Ribnita

ERSp100w Schaffhausen Ljubljana

Table 4: Example questions from EntityQuestions (dev) to demonstrate the performance of Entity Retrieval.

LLaMA3 ‘ train ‘ train_filtered
(8B) ‘ Acc. Inv # ‘ Acc. Inv #
BM25 43.5+0.6 608+14 | 48.9+0.7 673+12
ANCE 46.6+1.3 552+11 | 51.840.7 647435
ERSp50w 50.1+1.1 370428 | 56.3+09 417421
ERSp100w | 50.3+14 369+15 | 56.2+0.8 38449
ERSp300w | 46.2+1.3 504+17 | 53.5£1.5 546420
ERSp1000w | 39.5+14 77546 | 43.4+05 919+14

Table 5: Comparison of Entity Retrieval using SPEL identified entities to the best-performing dense and sparse
retrieval methods of Table 2 on the StrategyQA dataset. Given the expected boolean results for StrategyQA questions,
we restricted LLaMA 3 to generate only one token. Acc. indicates the fraction of answers that correctly match the
expected Yes or No responses in the dataset, while Inv # represents the count of labels that are neither Yes nor No,

but another invalid answer.

* Results represent the average of three runs, accompanied by a margin of error based on a 99% confidence interval.

entity-centric question answering as a downstream
task. Table 4 provides some example questions
where Entity Retrieval has led to better answers.

Table 5 compares of the performance of Entity
Retrieval using SPEL identified entities against
other retrieval methods on the StrategyQA dataset.
The results clearly demonstrate the superior perfor-
mance of Entity Retrieval over the top-performing
retrieval methods of Table 2. It is important to note
that the 100-word setting (ERSp100w) is the most
analogous to other retrieval methods. Interestingly,
the results from the 1000-word setting suggest that
longer documents do not necessarily enhance the
model’s recall. In fact, beyond a certain length,
the model may become overwhelmed by the sheer
volume of noise, leading to confusion. Lastly, the
invalid count values suggest that Entity Retrieval
is more effective in assisting the model to com-
prehend the boolean nature of expected responses,
eliminating the need to rely on retrieval from mil-

lions of passages.

4.7 Real-time Efficiency Analysis

Our analysis thus far has primarily focused on the
retrieval performance, without consideration for
the time and memory efficiency; crucial factors in
retrieval method selection. In this section, we shift
our focus to these aspects.

We begin by replacing our pre-built retrieval
cache document sets with the original retrieval
modules that were used in creating the cached
sets. We load the indexes and the necessary mod-
els for fetching the retrieval documents. We then
record the peak main memory requirement of each
method during the experiment. It is important to
note that all retrieval methods primarily rely on
main memory, with minimal differences in GPU
memory requirements. Therefore, we report an
average GPU memory requirement of 35GB for
LLaMA 3 (8B) and exclude it from our results ta-



Total Disk Main

Time Storage Memory
BM25 45min 11GB 2.3GB
ANCE 960min 61.5GB  64.2GB
ERSp100w  34min  9.4GB 6.3GB

Table 6: Comparison of the required resources for each
retrieval method in real-time execution. The reported
total time values exclude the time taken to load the
indexes and models, focusing solely on the time used to
answer the questions.

ble. We then feed all 2,203 FactoidQA questions
into the BM25, ANCE, and Entity Retrieval (using
SPEL identified entities) to fetch the top-4 docu-
ments. We report the total time taken to generate
answers to all the questions, which includes the
time for querying the BM25 or ANCE indexes in
the Retrieval-Augmented settings, or the time for
performing on-the-fly entity linking and fetching
the Wikipedia articles from disk in the Entity Re-
trieval setting. Additionally, we keep track of all
the pre-built models and indexes that each method
requires for download and storage. We report the
total size of all downloaded files to disk.

Table 6 presents our findings on time and mem-
ory requirements. It is evident that ANCE requires
significantly more time to fetch and provide doc-
uments, six times more disk space to store its in-
dexes, and over ten times higher main memory
demands to load its dense representations'’. In con-
trast, BM25 and Entity Retrieval are more resource-
friendly. Notably, Entity Retrieval is 25% faster
than BM25 in response generation while demand-
ing the total memory and disk space of a stan-
dard personal computer. Future research can be di-
rected towards reducing the memory requirements
of Entity Retrieval; a direction which we find quit
promising.

5 Related Work

Similar to our studies, Kandpal et al. (2023) inves-
tigate the impact of salient entities on question an-
swering, and propose constructing oracle retrieval
documents as the 300-word segment surrounding
the ground-truth answer from the Wikipedia page
that contains the answer (entity name). Our ap-
proach leverages salient entities from questions
without directly involving answers. Additionally,
they primarily use entities to classify questions

0ur empirical results demonstrate that DPR follows the
same trend.

into those concerning frequent knowledge base en-
tries versus those about rare entries on the long-
tail, whereas our approach assigns a more substan-
tial role to entities, treating them as pointers guid-
ing the retrieval of relevant documents to augment
questions.

Sciavolino et al. (2021) compare DPR and BM25
retrievers for entity-centric questions, and demon-
strate that DPR greatly underperforms BM25. They
attribute this to dense retrievers’ difficulty with
infrequent entities, which are less represented in
training data. In contrast, BM25’s frequency-based
retrieval is not sensitive to entity frequency. We
take a parallel approach and propose a simple yet ef-
fective method that leverages salient entities in the
question for identifying augmentation documents.

Similar to our studies, Dhingra et al. (2020);
Asai et al. (2020) focus on answering questions
with minimal lexical overlap between the retrieved
documents and the question text. However, they
emphasize multi-hop question answering, using en-
tity linking to extract entities from the question
and leveraging knowledge base articles to guide
the multi-hop process. In contrast, we utilize entity
links to directly identify augmentation documents.
Sun et al. (2018) employ entity linking to iden-
tify entities in the question, generating a set of
seed entities, which are then expanded using the
PPR algorithm to create a subgraph of the knowl-
edge base containing relevant entities. A graph
propagation algorithm subsequently learns repre-
sentations for each node in the subgraph, and each
representation is binary classified to determine if it
answers the question. Our approach differs as we
focus on using LLMs, employing entity linking in
a Retrieval-Augmented setting without relying on
graph propagation.

6 Conclusion

In this study, we focused on Retrieval-Augmented
Question Answering, and explored various retrieval
methods that rely on the similarity between the
question and the content of the passages to be re-
trieved. We introduced a novel approach, Entity
Retrieval, which deviates from the conventional
textual similarity-based mechanism. Instead, it cap-
italizes on the salient entities within the question to
identify retrieval documents. Our findings indicate
that our proposed method is not only more accu-
rate but also faster in the context of entity-centric
question answering.



Limitations and Ethical Considerations

Our proposed Entity Retrieval method is specif-
ically tailored for answering entity-centric ques-
tions, with its performance heavily reliant on the
presence of question entities. In scenarios where
entity annotations are absent, the method’s effec-
tiveness is directly tied to the performance of exter-
nal entity linking methods. We acknowledge that
our exploration of potential entity linking methods
has not been exhaustive, and further investigation
may yield insights that could enhance the Entity
Retrieval method, even in the absence of question
entity annotations.

Furthermore, we recognize that entity linking
can occasionally result in ambiguous entities. Our
research has not delved into the impact of such am-
biguities on the Entity Retrieval method, and we
propose that future studies should focus on ensur-
ing the selection of the most contextually appropri-
ate entities for retrieval.

Our research is primarily centered on Wikipedia
as the knowledge base, a choice heavily influenced
by previous studies for the sake of comparability.
However, we acknowledge the importance of ex-
ploring other knowledge bases and ontologies, par-
ticularly in different domains, such as UMLS (Bo-
denreider, 2004) in the medical field.

In terms of benchmarking, we have compared
the Entity Retrieval method against a limited se-
lection of existing retrieval methods, guided by
our judgement, experience, and considerations of
implementation availability. We concede that our
comparison has not been exhaustive, and this rea-
soning extends to our comparison using different
LLMs and their available sizes.

Our research is on English only, and we acknowl-
edge that entity-centric question answering in other
languages is also relevant and important. We hope
to extend our work to cover multiple languages in
the future. We inherit the biases that exist in the
data used in this project, and we do not explicitly
de-bias the data. We are providing our code to the
research community and we trust that those who
use the model will do so ethically and responsibly.
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A Example Prompts for Different
Experimental Settings

In this section, we present the prompts used in our
experimental settings. For each setting, we provide
the prompt template, and explain the processes
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needed to obtain the augmentation documents if a
Retrieval-Augmented setting is being discussed.

A.1 Closed-book Setting

In this setting, we do not have any augmentation
documents, so the prompt contains the instruction,
followed by the question:

Answer this question:
Q: {question}
A:

Here is an example prompt with the question
mentioned in Figure 1 and Table 4:

Answer this question:

Q: What is the capital of Seine-Saint
-Denis?

A:

A.2 Retrieval-Augmented Settings

In this setting, we examine two variations of
prompts based on the number of available aug-
mented documents. For a single document, the
prompt is as follows:

~

{document}

Based on this text, answer this
question:

Q: {question}

A:

.
When multiple documents are available, they are
presented sequentially, followed by the instruction
and question:

J

~

{document1}

{document2}

{documentN}

Based on these texts, answer this
question:

Q: {question}

A:
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Doc#

Content

Pierrefitte-sur-Seine<newline>Pierrefitte-sur-Seine Pierrefitte-sur-Seine is a commune in the
Seine-Saint-Denis department and Ile-de-France region of France. Today forming part of the
northern suburbs of Paris, Pierrefitte lies from the centre of the French capital. The town
is served by Pierrefitte - Stains railway station on line D of the RER regional suburban rail
network. The south of the commune, where the National Archives of France relocated in 2013,
is also served by Saint-Denis - Universite station on Paris Metro Line 13. This station lies
on the border between the communes of Pierrefitte-sur-Seine and Saint-Denis. Primary and
secondary schools in the commune include:

"Saint-Ouen, Seine-Saint-Denis"<newline>Saint-Ouen, Seine-Saint-Denis Saint-Ouen () is
a commune in the Seine-Saint-Denis department. It is located in the northern suburbs of
Paris, France, from the centre of Paris. The communes neighbouring Saint-Ouen are Paris,
to the south, Clichy, to the west, Asnieres-sur-Seine and L’Ile-Saint-Denis, to the north, and
Saint-Denis to the east. The commune of Saint-Ouen is part of the canton of Saint-Ouen, which
also includes L’Ile-Saint-Denis and part of Epinay-sur-Seine. Saint-Ouen also includes the
Cimetiere de Saint-Ouen. On 1 January 1860, the city of Paris was enlarged by annexing
neighbouring communes. On that occasion, a part of the commune of Saint-Ouen

"lle-de-France"<newline>of France. The population of immigrants is more widely distributed
throughout the region than it was in the early 2000s, though the concentrations remain high in
certain areas, particularly Paris and the department of Seine-Saint-Denis. The proportion of
residents born outside of Metropolitan France has dropped since the 1999 census (19.7 percent)
and the 2010 census (23 percent). . The Petite Couronne (Little Crown, i.e. ""Inner Ring"") is
formed by the 3 departments of Ile-de-France bordering with the French capital and forming
a geographical ""crown"" around it. The departments, until 1968 part of the disbanded Seine
department, are Hauts-de-Seine, Seine-Saint-Denis

"Saint-Denis, Seine-Saint-Denis"<newline>Saint-Denis, Seine-Saint-Denis Saint-Denis () is
a commune in the northern suburbs of Paris, France. It is located from the centre of Paris.
Saint-Denis is a subprefecture () of the department of Seine-Saint-Denis, being the seat of the
arrondissement of Saint-Denis. Saint-Denis is home to the royal necropolis of the Basilica
of Saint Denis and was also the location of the associated abbey. It is also home to France’s
national football and rugby stadium, the Stade de France, built for the 1998 FIFA World Cup.
Saint-Denis is a formerly industrial suburb currently changing its economic base. Inhabitants
of Saint-Denis are called

Table 7: Top 4 documents retrieved from the BM25 Lucene index for the question What is the capital of
Seine-Saint-Denis? from the EntityQuestions (dev) dataset.

Next, we examine the various Retrieval-
Augmentation techniques studied in this paper:
BM?25, DPR, and ANCE, showcasing their top four
retrieved documents for What is the capital of
Seine-Saint-Denis?. Tables 7, 8, and 9 present
these retrieved documents. The finalized prompt
template will include the four retrieved documents
alongside the question, as previously discussed.

In analyzing the retrieved documents, you can
verify the originating Wikipedia articles mentioned
in the beginning of each passage. Notably, passages
are drawn from three or four different articles, and
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given the entity-centric nature of the question, rely-
ing on multiple sources could mislead the LLM, as
suggested by Cuconasu et al. (2024). Additionally,
these methods primarily focus on lexical similar-
ity, particularly the presence of capital, Seine,
Saint, and Denis. However, this focus has not
consistently led to retrieval of passages containing
the correct answer: Bobigny.

A.3 Entity Retrieval Settings

For Entity Retrieval, we utilize an entity linker
to identify entities within the question. In this



Doc#

Content

"’Tle-Saint-Denis"<newline>L Ile-Saint-Denis L’Ile-Saint-Denis (the island of Saint Denis) is
a commune in the northern suburbs of Paris, France. It is located from the center of Paris. The
commune is entirely contained on an island of the Seine River, hence its name. Several transit
connections are located nearby. The closest station to L’Ile-Saint-Denis is Saint-Denis station,
which is an interchange station on Paris RER line D and on the Transilien Paris - Nord suburban
rail line. This station is located in the neighboring commune of Saint-Denis, from the town
center of L’Ile-Saint-Denis. Tram T1 stops near Ile-Saint-Denis’s town hall. Bus route 237

"15th arrondissement of Paris"<newline>15th arrondissement of Paris The 15th arrondissement
of Paris (""XV arrondissement"") is one of the 20 arrondissements of the capital city of France.
In spoken French, this arrondissement is referred to as ""quinzieme"". The arrondissement,
called Vaugirard, is situated on the left bank of the River Seine. Sharing the Montparnasse
district with the 6th and 14th arrondissements, it is the city’s most populous arrondissement.
The ""Tour Montparnasse"" - the tallest skyscraper in Paris - and the neighbouring Gare
Montparnasse are both located in the 15th arrondissement, at its border with the 14th. It is also
home to the convention center

"L’Ile-Saint-Denis"<newline>few of the students were White. There are three primary schools
in the commune: Ecole Samira Bellil, Ecole Paul Langevin, and Ecole Jean Lurcat. College
Alfred Sisley, a junior high school, is on the island. L’Ile-Saint-Denis L’Ile-Saint-Denis (the
island of Saint Denis) is a commune in the northern suburbs of Paris, France. It is located from
the center of Paris. The commune is entirely contained on an island of the Seine River, hence its
name. Several transit connections are located nearby. The closest station to L’Ile-Saint-Denis is
Saint-Denis station, which is an interchange station on Paris RER line D and

"2nd arrondissement of Paris"<newline>2nd arrondissement of Paris The 2nd arrondissement
of Paris (""II arrondissement"") is one of the 20 arrondissements of the capital city of France.
In spoken French, this arrondissement is colloquially referred to as ""deuxieme"" (second/the
second). Also known as Bourse, this arrondissement is located on the right bank of the River
Seine. The 2nd arrondissement, together with the adjacent 8th and 9th arrondissements, hosts
an important business district, centred on the Paris Opera, which houses the city’s most dense
concentration of business activities. The arrondissement contains the former Paris Bourse
(stock exchange) and a large number of banking headquarters, as

Table 8:

Top 4 documents retrieved from the DPR index for the question What is the capital of

Seine-Saint-Denis? from the EntityQuestions (dev) dataset.

study, we employed SPEL, though any suitable
entity linking method can be used. The primary re-
quirement is that the linker accepts a string (the
question) as input and returns a list containing
(begin character, end character, identified
entity) tuples. The begin character and end
character values help determine the order of en-
tity annotations in the text, ensuring proper se-
quence if the returned list is unordered.

The identified entity values are then used
to search the Wikipedia dump on disk, fetching
articles corresponding to the identified entities. Ef-
ficient implementation of this lookup process is cru-
cial for the method’s performance. Our approach
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involves a two-step indexing and lookup process.
First, we index the file bytes marking the beginning
of each Wikipedia article in the dump file. When
an article is needed, we use this index to locate
the byte number and employ the seek method to
navigate to the correct position in the file and read
the article.

After gathering the relevant articles, we truncate
each one to the first W words (suffixed with the
Wikipedia identifier, as per convention) to create a
list of augmentation documents to accompany the
question when querying the LLM.

To prompt the LLM, we use the same prompts
previously mentioned. If no entities are found in
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"’Tle-Saint-Denis"<newline>L Ile-Saint-Denis L’Ile-Saint-Denis (the island of Saint Denis) is
a commune in the northern suburbs of Paris, France. It is located from the center of Paris. The
commune is entirely contained on an island of the Seine River, hence its name. Several transit
connections are located nearby. The closest station to L’Ile-Saint-Denis is Saint-Denis station,
which is an interchange station on Paris RER line D and on the Transilien Paris - Nord suburban
rail line. This station is located in the neighboring commune of Saint-Denis, from the town
center of L’Ile-Saint-Denis. Tram T1 stops near Ile-Saint-Denis’s town hall. Bus route 237

"L’Ile-Saint-Denis"<newline>few of the students were White. There are three primary schools
in the commune: Ecole Samira Bellil, Ecole Paul Langevin, and Ecole Jean Lurcat. College
Alfred Sisley, a junior high school, is on the island. L’Ile-Saint-Denis L’Ile-Saint-Denis (the
island of Saint Denis) is a commune in the northern suburbs of Paris, France. It is located from
the center of Paris. The commune is entirely contained on an island of the Seine River, hence its
name. Several transit connections are located nearby. The closest station to L’Ile-Saint-Denis is
Saint-Denis station, which is an interchange station on Paris RER line D and

"Saint-Denis, Seine-Saint-Denis"<newline>one private elementary, middle, and high school
(""Ensemble Scolaire Jean-Baptiste de la Salle-Notre Dame de la Compassion"") and one
private middle and high school (""College et lycee Saint-Vincent-de-Paul""). Saint-Denis is
twinned with: Saint-Denis, Seine-Saint-Denis Saint-Denis () is a commune in the northern
suburbs of Paris, France. It is located from the centre of Paris. Saint-Denis is a subprefecture ()
of the department of Seine-Saint-Denis, being the seat of the arrondissement of Saint-Denis.
Saint-Denis is home to the royal necropolis of the Basilica of Saint Denis and was also the
location of the associated abbey. It is also home to France’s

"Saint-Ouen, Seine-Saint-Denis"<newline>Saint-Ouen, Seine-Saint-Denis Saint-Ouen () is
a commune in the Seine-Saint-Denis department. It is located in the northern suburbs of
Paris, France, from the centre of Paris. The communes neighbouring Saint-Ouen are Paris,
to the south, Clichy, to the west, Asnieres-sur-Seine and L’Ile-Saint-Denis, to the north, and
Saint-Denis to the east. The commune of Saint-Ouen is part of the canton of Saint-Ouen, which
also includes L’Ile-Saint-Denis and part of Epinay-sur-Seine. Saint-Ouen also includes the
Cimetiere de Saint-Ouen. On 1 January 1860, the city of Paris was enlarged by annexing
neighbouring communes. On that occasion, a part of the commune of Saint-Ouen

Table 9:

Top 4 documents retrieved from the ANCE index for the question What is the capital of

Seine-Saint-Denis? from the EntityQuestions (dev) dataset.

the question, we refer to the prompt in Appendix
A.1. If one entity is recognized, resulting in one
augmentation document, we use the first prompt
from Appendix A.2. If multiple entities are iden-
tified, we use the second prompt from the same
appendix section. In rare cases where the num-
ber of identified entities exceeds & (the expected
number of documents to retrieve), we simply con-
sider the first £ unique entities to form the list of
augmentation documents.

Table 10 presents the single document re-
trieved for What is the capital of
Seine-Saint-Denis?, which contains the answer:
Bobigny. Examining the lexical distribution in
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this document, we observe that unlike the BM25
method, Entity Retrieval treats the salient entity
Seine-Saint-Denis as an atomic term rather than
emphasizing each word in the question. This fo-
cused approach, coupled with the retrieval of fewer
documents, allows the model to concentrate on the
relevant information, reducing noise and potential
confusion.

However, the effectiveness of Entity Retrieval
in real-world scenarios, where question entity an-
notations are not available, largely depends on the
quality of the entity linker used to identify salient
entities in the question. Therefore, further research
into developing more accurate entity linking mod-



Doc# | Content

1 Seine-Saint-Denis<newline>Seine-Saint-Denis In 2019, it had a population of 1,644,903 across
40 communes. In French, the learned but rarely used demonym for the inhabitants of Seine-
Saint-Denis is ; more common is . The department is surrounded by the departments of
Hauts-de-Seine, Val-de-Marne, Paris, Val-d’Oise, and Seine-et-Marne. It is thus the only
one of the five French departments surrounded entirely by other departments of the same
region. Image:Petite couronne.png The most populous commune is Saint-Denis; the prefecture
Bobigny is the eleventh-most populous. As of 2019, there are 5 communes with more than
70,000 inhabitants: is made up of three departmental and 40

Table 10: The only document retrieved by Entity Retrieval using SPEL annotations for the question What is the
capital of Seine-Saint-Denis? from the EntityQuestions (dev) dataset. SPEL identifies only one entity in the
question: Seine-Saint-Denis and returns the first 100 words (considering W=100) of its Wikipedia article as the
retrieved document. The answer to the question: Bobigny is highlighted for ease of verification.

els could enhance Entity Retrieval performance.
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Abstract

Bidirectional transformers excel at sentiment
analysis, and Large Language Models (LLM)
are effective zero-shot learners. Might they per-
form better as a team? This paper explores col-
laborative approaches between ELECTRA and
GPT-4o for three-way sentiment classification.
We fine-tuned (FT) four models (ELECTRA
Base/Large, GPT-40/40-mini) using a mix of re-
views from Stanford Sentiment Treebank (SST)
and DynaSent. We provided input from ELEC-
TRA to GPT as: predicted label, probabilities,
and retrieved examples. Sharing ELECTRA
Base FT predictions with GPT-40-mini signifi-
cantly improved performance over either model
alone (82.50 macro F1 vs. 79.14 ELECTRA
Base FT, 79.41 GPT-40-mini) and yielded the
lowest cost/performance ratio ($0.12/F1 point).
However, when GPT models were fine-tuned,
including predictions decreased performance.
GPT-40 FT-M was the top performer (86.99),
with GPT-40-mini FT close behind (86.70) at
much less cost ($0.38 vs. $1.59/F1 point). Our
results show that augmenting prompts with pre-
dictions from fine-tuned encoders is an efficient
way to boost performance, and a fine-tuned
GPT-40-mini is nearly as good as GPT-40 FT
at 76% less cost. Both are affordable options
for projects with limited resources.

1 Introduction

Sentiment analysis—the computational study of
opinions, attitudes, and emotions in text (Medhat
et al., 2014)—has seen major advances from trans-
former architectures (Vaswani et al., 2017). Bidi-
rectional encoders like BERT (Devlin et al., 2019),
RoBERTa (Liu et al., 2019), and ELECTRA (Clark
et al., 2020) excel at sentiment analysis when fine-
tuned, and Large Language Models (LLM) like
GPT (Radford et al., 2018) are strong zero-shot
and few-shot learners (Kheiri and Karimi, 2023).
Recent work has explored collaboration between
these models, such as using GPT to augment data of
minority classes before fine-tuning with RoBERTa

18

(Kok-Shun et al., 2023), using GPT for aspect
extraction and RoBERTa for sentiment scoring
(Qian et al., 2024), and escalating to LLMs when
RoBERTa classification confidence was low (An-
drade et al., 2024). However, leveraging external
knowledge of sentiment from fine-tuned encoders
to enhance LL.Ms remains under-explored.

This research investigates collaborative ap-
proaches between ELECTRA and GPT-40 models
(OpenAl, 2024b,c) for three-way sentiment clas-
sification (negative, neutral, positive) of reviews.
Our research focused on the following hypotheses:
Providing predictions from a fine-tuned ELECTRA
as context to a GPT model will improve classi-
fication performance (H1). The improvement in
performance will be less for a fine-tuned GPT (H2).
The format of predictions in the prompt will affect
performance (H3). Including similar examples in
the prompt will improve performance (H4).

These hypotheses build on ELECTRA’s strength
in capturing nuanced sentiment patterns when fine-
tuned (Clark et al., 2020; Potts et al., 2021; B
et al., 2023), and GPT’s versatility through in-
context learning (Radford et al., 2019; Liu et al.,
2019; Kocon et al., 2023; OpenAl, 2024a)—they
can perform well across diverse tasks when given
the appropriate context through prompting (Liu
et al., 2023; Khattab et al., 2024). Although they
may struggle with emotion and nuance (Kocon
et al., 2023), retrieved examples can improve per-
formance (Zhang et al., 2023).

To test these hypotheses, we established four
baselines and conducted 28 experiments across
three sentiment classification datasets: Stanford
Sentiment Treebank (SST), and DynaSent Rounds
1 and 2. We used ELECTRA Base/Large and GPT-
40/40-mini, each of which were fine-tuned (FT) on
a merge of SST and DynaSent reviews.

We investigated the effects of different prompt
augmentation scenarios using Declarative Self-
improving Python (DSPy) (Khattab et al., 2024),
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a framework for programming language models.
We started with a prompt to classify a review, and
augmented it with knowledge from ELECTRA in
the form of: the predicted class label, the probabili-
ties of each class, similar reviews with their class
labels, and combinations. We evaluated classifica-
tion performance with the macro average F1 score,
and cost-effectiveness by dividing total fine-tuning
costs by the F1. Our key insights are the following.
Sharing predictions boosted performance.
Augmenting GPT-40-mini (not fine-tuned) with
predictions from ELECTRA Base FT significantly
improved performance over either model alone. It
also yielded the lowest cost/performance ratio.
Adding probabilities or examples did not help.
Using probabilities, or including few-shot exam-
ples, did not improve performance more than the
predicted label alone for both GPT models.
Fine-tuned GPTs performed best. GPT-4o0
FT-M alone achieved the highest overall perfor-
mance on the merged test set, with GPT-40-mini
FT closely following at significantly lower cost.
Sharing predictions hurt fine-tuned GPTs.
When GPT models were fine-tuned, including
ELECTRA predictions decreased performance—
even when fine-tuned with the same inference-time
prompt that included the ELECTRA prediction.
Fine-tuning with the prediction for more epochs
allowed GPT to discriminate better. Performance
improved, but the cost grew significantly.
Fine-tuned ELECTRA Large outperformed
base GPTs. ELECTRA Large fine-tuned was the
best performing encoder model, and was better than
both GPT-40 and GPT-40-mini base models.
These findings offer affordable options for
projects with limited resources. If fine-tuning via
API is an option, a fine-tuned GPT-40-mini is
nearly as good as GPT-40 FT at 76% less cost. Al-
ternatively, augmenting LLM prompts with predic-
tions from fine-tuned encoder models is an efficient
way to boost performance. For projects that want
to stay local, a fine-tuned ELECTRA Large model
is quite capable, and better than default GPTs.
The key contributions of this research are:

* Proposes a novel collaboration where fine-
tuned bidirectional encoders assist GPT mod-
els with the task of sentiment classification.

* Demonstrates that augmenting GPT prompts
(not fine-tuned) with predictions from fine-
tuned encoders significantly improves classifi-
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cation performance and reduces costs, achiev-
ing the lowest cost/performance ratio.

* Evaluates various formats for incorporating
encoder output into GPT prompts, and offers
practical guidelines to maximize performance.

2 Prior Literature

2.1 MLMs and ELECTRA

Masked Language Models (MLM) like BERT
(Bidirectional Encoder Representations from Trans-
formers) (Devlin et al., 2019) employed bidirec-
tional encoding to obtain holistic representations
of text. ROBERTa (Robustly Optimized BERT Pre-
training Approach) (Liu et al., 2019) optimized the
pre-training approach, but both models were ineffi-
cient because learning only occurred in about 15%
of the tokens that were masked.

This led to the development of ELECTRA (Ef-
ficiently Learning an Encoder that Classifies To-
ken Replacements Accurately) (Clark et al., 2020).
ELECTRA was pre-trained with two models using
replaced token detection. As a result, it learned
from all tokens and had comparable or better per-
formance in a variety of tasks with less compute.

ELECTRA was found to be a top performer in
sentiment classification on datasets such as SST
(Clark et al., 2020), DynaSent (Potts et al., 2021),
and IMDB movie reviews (B et al., 2023). It was
also found to be better suited for prompt-based
learning due to its use of a discrimnator (Xia et al.,
2022). We chose to use ELECTRA for these rea-
sons, in addition to observing a performance gain
relative to ROBERTa in early trials.

2.2 GPT Models

Bidrectional transformers seemed to have an edge
over early autoregressive models like GPT (Rad-
ford et al., 2018) for sentiment analysis. But that
edge is being whittled away by the successors of
GPT pre-trained at a massive scale: GPT-3, GPT-
3.5, GPT-4, and GPT-40 (OpenAl, 2024a,b,c).
For sentiment analysis of social media posts,
Kheiri and Karimi (2023) found that GPT mod-
els significantly outperformed a number of prior
models on the SemEval 2017 dataset. In contrast,
Kocon et al. (2023) found that, although ChatGPT
is versatile and competent across a wide range of
tasks, it did not perform as well as ROBERTa—
especially for pragmatic tasks involving detection
of emotional and contextual nuances. They pro-



Table 1: Examples of Merged Training Dataset

Index Sentence Label Source

0 Those 2 drinks are part of the HK culture and has years of history. negative dynasent_r2
It is so bad.

1 I was told by the repair company that was doing the car repair negative dynasent_rl
that fixing the rim was "impossible" and to replace it.

2 It is there to give them a good time . neutral sst_local

3 Like leafing through an album of photos accompanied by the negative sst_local
sketchiest of captions .

4 Johnny was a talker and liked to have fun. positive dynasent_rl

pose that fine-tuning ChatGPT may be necessary,
which we explore in this research.

2.3 Collaborative Approaches

Recent work has revealed several promising ap-
proaches for collaboration between these models.

Kok-Shun et al. (2023) explored a unique frame-
work that chains GPT and RoBERTa for emotion
detection. They used GPT’s generative capabili-
ties to augment training data for minority classes.
The augmented dataset is then used to fine-tune
RoBERTa on emotion detection.

Qian et al. (2024) tapped the strengths of dif-
ferent models in a Natural Language Processing
(NLP) pipeline to analyze stadium reviews. One
GPT-3.5 model was fine-tuned to extract experi-
ence aspects, while another classified these aspects
into categories. A RoBERTa model then performed
sentiment scoring on the extracted aspects. We
are chaining ELECTRA and GPT-40 in a similar
manner here, but in a different order.

Andrade et al. (2024) investigated the benefits
of collaboration between MLMs and open LLMs
for sentiment classification, similar to the current
research. In their “Call-My-Big-Sibling” (CMBS)
approach, the initial classification is done with a
calibrated RoBERTa model. If RoBERTa has low
confidence on the classification, an open LLM like
Llama 2 (Touvron et al., 2023) is invoked to per-
form the classification task instead.

In CMBS, the final prediction is either made by
RoBERTa or Llama 2—it’s a decision tree. In con-
trast, our approach always passes the ELECTRA
prediction to the LLM. If we had to come up with
a similar analogy, it would be “Show-Me-Your-
Answers” (SMYA). And then it’s up to the LLM
to decide if it follows the ELECTRA prediction, or
decides to classify the review differently.

Most recently, Charpentier and Samuel (2024)
created GPT-BERT, a hybrid model that learns bidi-
rectional representations like an MLM, but is also
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generative like a GPT. By shifting the prediction
of masked tokens one position to the right, GPT-
BERT can be trained on both MLLM and autoregres-
sive objectives without changing architecture. In
the BabyLM Challenge 2024 benchmark, it outper-
formed models trained on only one objective, show-
ing there is potential in this combined approach.

Table 2: Label Distribution for the Merged Dataset

Split Negative Neutral Positive
Train 21,910 49,148 31,039
Validation 1,868 1,669 1,884
Test 2,352 1,829 2,349

Table 3: Contribution of Sources to the Merged Dataset

Dataset Samples Percent (%)

DynaSent R1 Train 80,488 78.83

DynaSent R2 Train 13,065 12.80

SST-3 Train 8,544 8.37

Total 102,097 100.00
3 Data

Models were trained and evaluated in English on
a merge of movie reviews from the Stanford Senti-
ment Treebank (SST) (Socher et al., 2013) and busi-
ness reviews from DynaSent Rounds 1 and 2 (Potts
et al., 2021), licensed under Apache 2.0 and Cre-
ative Commons Attribution 4.0 respectively. See
Table 1 for examples. By default, SST is a five-way
classification (positive, somewhat positive, neutral,
somewhat negative, negative). The positive and
negative classes were combined to produce SST-3
(positive, neutral, negative).

The SST-3, DynaSent R1, and DynaSent R2
datasets were randomly mixed to form a Merged
dataset with 102,097 Train examples, 5,421 Valida-
tion examples, and 6,530 Test examples. See Table
2 for the distribution of labels, and Table 3 for a



Table 4: Models Used in Research

Model Provider Access Identifier

ELECTRA Base Hugging Face Local google/electra-base-discriminator
ELECTRA Large Hugging Face Local google/electra-large-discriminator
GPT-40 OpenAl API gpt-40-2024-08-06

GPT-40-mini OpenAl API gpt-40-mini-2024-07-18

breakdown of sources. It’s worth noting that the
source datasets all have class imbalances. Merging
the data helps mitigate this imbalance, but there is
still a majority of neutral examples in the training
split. Another potential issue is that the models will
learn the dominant dataset, which is DynaSent R1.
As a test, the minority classes were over-sampled
to create a new balanced dataset. When this was
evaluated, the performance did not improve.

4 Models

Four models were fine-tuned and evaluated in this
research, both individually and in collaboration
with each other: ELECTRA Base and Large, and
GPT-40 and 40-mini. See Table 4 for details.

ELECTRA (Clark et al., 2020), released with an
Apache 2.0 license, was chosen as the bidirectional
transformer because its pre-training architecture
gives it an advantage over MLMs. It also outper-
formed RoBERTa in early trials. We evaluated both
the Base (110M parameters) and Large (335M pa-
rameters) variants.

To function as a classifier, ELECTRA’s output
is sent through a mean pooling layer. A classifier
head is appended with 2 hidden layers of dimen-
sion 1024, and a final output dimension of 3. Swish
GLU (Shazeer, 2020) was used as the hidden ac-
tivation function, and dropout layers were added
with a rate of 0.3. See Appendix B for more details
on the model architecture and hyper-parameters.

For comparison and collaboration, two GPT
models were used via OpenAI’s API: GPT-40 (Ope-
nAl, 2024b) and GPT-40-mini (OpenAl, 2024c).
Although the full specifications are not public, they
are state-of-the-art autoregressive language mod-
els with strong zero-shot capabilities. GPT-40 is
described as a “high-intelligence flagship model
for complex, multi-step tasks.” GPT-40-mini is
described as an “affordable and intelligent small
model for fast, lightweight tasks.”
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5 Methods

Our research progressed through the following
stages. Code and datasets are available at: https:
//github.com/jbeno/sentiment.

5.1 ELECTRA Baseline & Fine-tuning

We first developed a training pipeline to sup-
port interactivity and distributed training across
multiple GPUs. Training progress was tracked
through Weights and Biases so we could monitor
train/validation metrics (loss, macro F1, accuracy)
across epochs. The final models were selected
from checkpoints at convergence, or just before
train/validation metrics started to diverge.

Two baseline models were established by train-
ing only classifier heads for ELECTRA Base and
Large. Hyper-parameters were consistent with
the fully fine-tuned versions. The fine-tuning pro-
cess involved a number of trials on Lambda Labs
multi-GPU instances to identify the best hyper-
parameters, optimizer, and learning rate schedule.
See Appendix B for the final configuration.

We also explored alternative approaches includ-
ing an ensemble of binary classifiers, and additional
fine-tuning on DynaSent R2 and SST-3, but these
did not outperform our initial approach.

5.2 GPT Data Preparation & Fine-tuning

To use OpenAlT’s fine-tuning API, we converted the
Merged training data to JSONL format that defined
the System, User, and Assistant roles. We noticed
that if the context at inference time varied even
slightly from the fine-tuning context, performance
would suffer. So we created three templates to
enable better comparisons between fine-tuned and
default models using the same DSPy signatures
(see Appendix D):

* Minimal (FT-M): No prompt other than Sys-
tem role. User role only contained the review
sentence.

* Prompt (FT): Default fine-tuning. User role
included full DSPy prompt.


https://github.com/jbeno/sentiment
https://github.com/jbeno/sentiment

¢ Prompt with Label (FT-L): User role in-
cluded DSPy prompt with ELECTRA pre-
dicted label.

We included the ELECTRA predictions in the
third template to align the fine-tuning context with
the inference time context, but also to provide an
opportunity for the GPT models to learn from the
ELECTRA predictions. In total there were 9 fine-
tuning jobs (see Table 5, and Appendix C for GPT
fine-tuning details).

Table 5: Fine-Tuning Job Details

Model Code  Format Epochs
40-mini  FI-M  Minimal 1
40-mini  FT Prompt 1
4o-mini FT-L  Prompt w/Base Label 1
40-mini FT-L  Prompt w/Base Label 5
4o-mini FT-L  Prompt w/Large Label 1
40-mini FT-L  Prompt w/Large Label 5
4o FT-M  Minimal 1
40 FT Prompt 1
4o FT-L  Prompt w/Large Label 1

5.3 DSPy Signatures & Modules

With DSPy, you create modules (ex: Classify, Clas-
sifyWithExamples), signatures (input/output tem-
plates, ex: review + examples — classification),
define metrics (ex: classification_match) and eval-
uators of data, and use optimizers to find the best
performing prompt or module parameters.

We explored a variety of approaches to inte-
grating ELECTRA’s output into GPT’s decision-
making process. Each approach was implemented
as a custom DSPy signature and module (see Ap-
pendix E for the full examples).

Classification Prompt. Prompt to “Classify the
sentiment of a review as either ‘negative’, ‘neutral’,
or ‘positive’.” One input field ‘review’ described
as “The review text to classify.” and one output
field ‘classification’ described as “One word rep-
resenting the sentiment classification: ‘negative’,
‘neutral’, or ‘positive’ (do not repeat the field name,
do not use ‘mixed’)”.

Predicted Label. Classification prompt with
an additional input field ‘classifier_decision’ de-
scribed as “The sentiment classification proposed
by a model fine-tuned on sentiment.” During eval-
uation, the DSPy module first sends the review
through the ELECTRA model to obtain its predic-
tion. This output is then inserted into the signature.

Probabilities. Classification prompt, but in-
stead of ‘classifier_decision’ it featured three input
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fields for the probabilities of each class as obtained
from the ELECTRA model. For example: ‘nega-
tive_probability’ was described as “Probability the
review is negative from a model fine-tuned on sen-
timent”. The float is converted to a percent to make
it easier for the model to interpret.

Prediction & Probabilities. Same as Probabili-
ties, but it also included the ‘classifier_decision’ to
emphasize the final decision made by ELECTRA.

Top Examples. A custom retriever was created
from 300 reviews in the Validation split. During
inference, input text is run through the fine-tuned
ELECTRA Large model to extract the output repre-
sentations (prior to the classifier head). The top five
matches and class labels based on cosine similarity
are shown as few-shot examples. This signature
had ‘classifier_decision’ plus an ‘examples’ field
described as “A list of examples that demonstrate
different sentiment classes.”

Balanced Examples. If ELECTRA was wrong,
and the Top Examples were all of the same class,
it might be hard for GPT to make an independent
decision. To compensate, in Balanced Examples,
a different retriever was used that retrieved a total
of six examples (the top two examples from each
class) to ensure the few-shot examples with true
labels did not bias the answer toward a particular
class—although that might be desirable sometimes.

All of the Above. And lastly, a final DSPy signa-
ture had all of the above context from ELECTRA
included: classification prompt, predicted label,
probabilities, and top five examples (not balanced).
It was unclear if providing all this information
would help GPT make a decision, or if the large
number of tokens would dilute the signal.

We then conducted two of the four baselines,
and 26 of the 28 experiments (see Table 6) using
these DSPy signatures and modules. The fine-tuned
ELECTRA models and retriever were instantiated
locally for inference, and the GPT models were
accessed via OpenaAl API. To address single-run
concerns, each baseline and experiment was run a
second time with a different random seed (123 vs.
42) and temperature (0.1 vs. 0.0).

6 Results

Our experiments revealed significant differences
in performance across baseline, fine-tuning, and
collaborative scenarios. See Table 6 for the mean
macro average F1 between the two runs. Appendix
A has the raw data of each run.



Table 6: Summary of Model Configuration, Test Set Performance, and Cost

Merged®  DynaSent R1 DynaSent R2 SST-3 Cost ($)°
ID' GPT? ELECTRA Description Macro F1*  MacroF1*  MacroF1*  MacroFI*  FT  /FI
Bl — Base Baseline, Classifier head 69.51+0.20 70.86+0.15 61.39+0.28 60.60+0.36 0.65 0.01
B2 — Large Baseline, Classifier head 67.94+0.08 69.70+0.04 59.78+0.00 57.95+0.37 251 0.04
B3 4o0-mini — Baseline (Zero shot) 179.41£0.16 81.16+0.05 77.02+0.47 69.99 +0.97 - -
B4 4o — Baseline (Zero shot) 7997+£024 80.95+0.25 80.14+0.12 72.08+0.17 — =
El — Base FT Fine-tune all layers 179.14£022 82.12+0.02 70.67+1.64 69.04+129 973 0.12
E2 — Large FT  Fine-tune all layers 8276 +0.57 86.22+0.44 7733+146 71.77+1.22 5326 0.65
E3  4o0-mini Base FT Prompt, Label 18250 +0.34 86.40+0.15 7533+1.22 70.88+1.20 973 0.12
E4  4o0-mini Large FT ~ Prompt, Label 83.80+0.43 87.71+027 7873+1.12 71.77+1.10 5326 0.64
E5 4o0-mini Large FT  Prompt, Label, Examples (Few shot) 83.42+030 86.94+028 79.50+1.12 7233+049 5326 0.64
E6  4o0-mini Large FT ~ Prompt, Label, Balanced Ex. (Few shot) 8298 +£0.42 86.28+0.62 79.87+0.36 71.98+0.75 53.26 0.64
E7  4o0-mini Large FT  Prompt, Probs 83.27+0.37 86.60+0.23 79.41+0.69 7226+1.03 5326 0.64
E8  4o0-mini Large FT ~ Prompt, Label, Probs 83.66+0.32 87.22+028 79.98+0.36 71.78+1.06 53.26 0.64
E9  4o0-mini Large FT  Prompt, Label, Probs, Examples 83.19+0.39 86.58+0.60 7899+042 71.94+0.64 5326 0.64
E10 4o0-mini FT — Fine-tune w/prompt 86.70+0.11 89.65+0.30 87.00+0.13 75.83+0.21 33.15 0.38
Ell 4o-mini FT5 — Fine-tune w/prompt (5 epochs) 84.86+0.13 87.74+0.13 86.22+0.40 75.38+0.32 165.75 1.95
El12 4o0-mini F-TM — Minimal fine-tune 86.51+£0.06 89.57+0.18 87.13+£0.22 75.74+0.17 16.60 0.19
E13 4o0-mini FT Base FT Prompt, Label, FT w/prompt 81.06 £0.52 84.67+0.14 73.06+2.03 69.70+1.77 42.88 0.53
El4 4o0-mini FT-L  Base FT Prompt, Label, FT w/prompt, label 81.84+0.26 8520+0.06 77.29+122 70.70+1.39 4931 0.60
E15 4o0-mini FT-L 5 Base FT Prompt, Label, FT w/prompt, label (5 epochs)  83.67 +0.30 86.38 £0.51 81.19+0.62 75.02+0.03 207.64 248
E16 4o0-mini FT Large FT  Fine-tune w/prompt 83.94+0.09 87.57+0.11 80.17+0.28 72.46+0.00 8641 1.03
E17 4o0-mini FT-L  Large FT  Fine-tune w/prompt, label 84.12+0.06 87.58+0.10 80.75+0.20 73.34+0.06 92.84 1.10
E18 4o-mini FT-L 5 Large FT  Fine-tune w/prompt, label (5 epochs) 84.83+0.06 87.75+0.17 84.37+0.81 7559+0.01 251.17 2.96
E19 4o Large FT ~ Prompt, Label 83.19+0.01 8571+0.00 8206+0.11 73.48+0.06 53.26 0.64
E20 4o Large FT ~ Prompt, Label, Examples (Few shot) 83.29+0.28 86.11+0.14 81.48+0.07 7296127 5326 0.64
E21 4o Large FT ~ Prompt, Label, Balanced Ex. (Few shot) 83.19+0.28 86.01+0.19 81.04+0.21 72.88+1.03 53.26 0.64
E22 4o Large FT ~ Prompt, Probs 82.99+0.47 86.37+045 7842+1.05 71.90+1.04 5326 0.64
E23 4o Large FT ~ Prompt, Label, Probs 83.31 £0.33 86.69+0.35 7946+0.33 72.17+0.97 53.26 0.64
E24 40 Large FT ~ Prompt, Label, Probs, Examples 83.04 £0.42 86.53+029 7847+1.00 71.83+1.20 53.26 0.64
E25 40FT — Fine-tune w/prompt 86.79+0.06 90.46+0.03 88.14+0.28 73.09+0.01 276.24 3.18
E26 40 FT-M — Minimal fine-tune 86.99 +0.00 90.57 £0.00 89.00+0.00 73.99+0.00 13837 1.59
E27 40FT Large FT  Fine-tune w/prompt 84.03+0.30 87.90+0.13 80.01+0.73 72.00+1.15 329.50 3.93
E28 40 FT-L Large FT  Fine-tune w/prompt, label 84.37+0.19 87.81+0.09 81.28+1.03 73.10+0.66 383.10 4.55

Bold = best overall, highlighted = best in section

fScores relevant to Hypothesis 1 (ELECTRA prediction improving non-fine-tuned GPT performance)

! Some ID numbers changed from their original ID in the research repo.

% GPT fine-tuning types: FT = fine-tune with prompt, FT-M = minimal without prompt, FT-L = with prompt including ELECTRA label, FT 5 = 5 epochs vs. 1

3 Merged dataset: Combination of test splits from DynaSent R1/R2 and SST-3

4 Each experiment was run twice with different random seeds (42, 123) and temperature (0.0, 0.1); values reported are means + standard deviations. Standard

deviations are based on two runs (n=2) and should be interpreted with caution.

3 Cost: FT = Fine-tuning cost, no inference-time API charges. Ratio is FT cost divided by F1 score.

Baselines. Regarding baselines, both GPT mod-
els outperformed the ELECTRA classifiers, with
GPT-40 achieving a 79.97 mean macro F1 and GPT-
4o0-mini scoring 79.41, compared to ELECTRA
Base (69.51) and Large (67.94). This demonstrates
the strong zero-shot capabilities of GPT models.

Fine-tuning. Fine-tuning improved perfor-
mance across all models. ELECTRA Base’s mean
macro F1 increased from 69.51 to 79.14, while
ELECTRA Large showed greater gains, improv-
ing from 67.94 to 82.76. This improvement is the
result of fine-tuning all layers—the baselines had
the same classifier head. Fine-tuned GPT models
had the highest scores (see Figure 2), with GPT-4o-
mini FT rising from 79.41 to 86.70, and GPT-40
FT-M achieving 86.99 with the minimal template.

Sharing Predictions. The effect of adding
ELECTRA predictions to GPT prompts depended
on if the GPT model was fine-tuned (see Figure 1
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Change in F1 Score from Adding ELECTRA Predictions

GPT-40-mini +
ELECTRA Base FT

GPT-40 +

ELECTRA Large FT

GPT Fine-tunled w/prompt  GPT Fine-tunéd w/prompt
+ ELECTRA label

GPT not fline-tuned

Figure 1: Change in Mean F1 from Adding Predictions

for the differences in mean F1). Sharing ELEC-
TRA Base predictions with GPT-40-mini (not fine-
tuned) significantly improved the macro F1 in
round one from 79.52 to 82.74 (p < 0.0001, Mc-
Nemar’s test and bootstrap analysis), a +3.22 gain.
There was an even greater gain of +3.97 points



when ELECTRA Large predictions were shared
(from 79.52 to 83.49, p < 0.0001). Similarly, in-
cluding ELECTRA Large predictions with GPT-40
improved the macro F1 from 80.14 to 83.18 (p <
0.001) in round one, a +3.04 gain.

However, sharing ELECTRA predictions with
fine-tuned GPT models actually decreased perfor-
mance. GPT-40-mini FT’s mean macro F1 dropped
from 86.70 to 81.06 when including ELECTRA
Base predictions, and to 81.84 when fine-tuned
with the predictions included in the prompt. Sim-
ilarly, GPT-40 FT’s mean F1 fell from 86.79 to
84.03 when including ELECTRA Large predic-
tions, and to 84.37 when fine-tuned with them.

Few-shot Examples. Some contexts performed
better than others for specific model combinations
(see Figure 3). Providing few-shot examples in ad-
dition to the predicted label was mostly the same or
worse than using the label alone. However, when
looking at the more challenging DynaSent Round 2
dataset, GPT-40-mini saw some benefit. Including
just the ELECTRA Large predicted label produced
a mean macro F1 of 78.73. Adding examples in-
creased the mean macro F1 to 79.50 (+0.77), and
balanced examples increased it to 79.87 (+1.14).

Sharing Probabilities. Using probabilities in-
stead of (or in addition to) the predicted label was
mostly the same or worse than using the label alone.
However, similar to using examples, the more chal-
lenging datasets saw some benefit. For DynaSent
Round 2, GPT-40-mini had a mean macro F1 of
78.73 with just the ELECTRA Large predicted la-
bel. Using probabilities instead changed it to 79.41,
and using the label with probabilities increased it
to 79.98. A similar minor improvement was seen
with SST on this dataset.

Datasets. Performance also varied across
datasets. GPT-40 FT-M achieved the top scores
on DynaSent R1 (90.57 mean macro F1) and Dy-
naSent R2 (89.00). Surprisingly, GPT-40-mini FT—
the smaller model—performed best on SST-3 with
a 75.83 mean macro F1, exceeding even GPT-40
FT’s performance of 73.99.

Cost. The most cost-effective approach was
ELECTRA Base FT with GPT-40-mini (not fine-
tuned) at $0.12 per F1 point. GPT-40-mini FT
provided a good compromise at $0.38 per F1 point,
while GPT-40 FI-L with ELECTRA Large FT
proved most expensive at $4.55 per F1 point.
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7 Analysis

H1. Sharing predictions would boost perfor-
mance. The significant improvement in GPT-4o-
mini’s performance when augmented with ELEC-
TRA Base FT or Large FT predictions strongly
supports HI. We also saw a similar boost for GPT-
40 with ELECTRA Large FT predictions.

However, following ELECTRA’s predictions
had mixed results. When GPT-40-mini changed
its decision and followed ELECTRA Base FT in
round one, it was correct 548 times and wrong
412 times (+136 net improvement, 57.08% suc-
cess rate). When GPT-40 changed its decision and
followed ELECTRA Large FT, it was correct 521
times and wrong 481 times (+40 net improvement,
52% success rate).

Most of the improvement was in the neutral
and positive classes (see Figure 4). There was
barely any improvement in the negative class, but
importantly—it didn’t worsen. ELECTRA Base FT
had more than double the incorrect negative predic-
tions, but GPT-40-mini did not follow them. The
negative class was 21.46% of the Merged dataset,
so ELECTRA may not have learned it well. Con-
versely, GPT-40 followed more of the negative pre-
dictions, and performance suffered.

DynaSent R1 was the dominant source of the
Merged dataset (80,488 samples, or 78.83%), and
saw the most improvement. It could be that ELEC-
TRA learned this dataset the most, but it also repre-
sented less challenging reviews.

H2. Improvement would be less for fine-tuned
GPTs. H2 was supported more strongly than an-
ticipated. For a fine-tuned GPT model, including
the ELECTRA prediction actually decreased per-
formance (see Figure 1). Initially, we thought this
was because the fine-tuning context did not include
the ELECTRA prediction in the prompt. But we
still saw a decrease in performance (although less)
when it was included.

GPT was trained to be a helpful chat assistant
that thinks through problems, evaluates informa-
tion critically, and synthesizes knowledge. When
presented with an ELECTRA prediction, it can de-
cide when to follow the prediction and when to
rely on its own judgment. In contrast, when fine-
tuned specifically for sentiment classification, the
model is optimized to map directly from input text
to sentiment labels, potentially bypassing the criti-
cal thinking that made the base model effective at
filtering ELECTRA’s suggestions.
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Figure 3: Impact of Context on Mean F1 Score

It may also be that it takes more time to learn
the nuances of when ELECTRA is right vs. wrong.
When we extended fine-tuning from 1 to 5 epochs,
GPT was better able to discriminate ELECTRA’s
predictions. The follow rate decreased from
96.34% to 89.66%, and the discrimination gap—
the difference between following correct and in-
correct predictions—went from 16.89% to 35.95%.
Although additional epochs improved performance,
it comes with a significant increase to the cost:
$207.64 to $251.17 vs. only $33.15 to just fine-
tune GPT-40-mini—with better performance.

H3. Format of prediction would impact per-
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Experiment
== B3: GPT-40-mini Baseline

mm E1: ELECTRA Base Fine-tuned

W= £3: GPT-40-mini + ELECTRA Predictions

Incorrect Predictions

Neutral Positive

Classification Label

Negative

Figure 4: Incorrect Predictions by Label (Round 1)

formance. Although using the predicted label
alone was best, GPT-40-mini saw more variabil-
ity in performance between the different contexts,
as shown in Figure 3. However, for GPT-40, there
was not much of a difference when looking at the
mean change in F1 score.

H4. Including examples would improve per-
formance. Contrary to this hypothesis, including
examples did not improve performance for either
GPT-40-mini or GPT-40 when looking at the mean
change in F1 score. It either had no effect (GPT-40)
or actually decreased performance (GPT-40-mini).



8 Conclusion

This research investigated collaborative approaches
to sentiment classification between bidirectional
transformers and LLMs. Our results show that
augmenting prompts with predictions from a fine-
tuned ELECTRA can significantly improve per-
formance when the GPT model is not fine-tuned—
up to +4.39 points of gain in the mean macro F1
score. Including probabilities or similar examples
improved performance slightly on the more chal-
lenging datasets. However, this collaborative ben-
efit disappeared when the GPT models were fine-
tuned.

It is possible that the fine-tuning process hinders
the critical thinking that’s present in the default
GPT models. Fine-tuning over more epochs im-
proves the situation—GPT gets smarter about when
to follow ELECTRA vs. when to ignore it. How-
ever, this comes at a significant cost increase—six
to seven times the cost of fine-tuning GPT-40-mini
alone, and the performance is still not comparable.

Our findings offer several cost-effective paths
for sentiment analysis projects. For organizations
that can fine-tune via API, GPT-40-mini FT offers
nearly equivalent performance to GPT-40 FT-M
(86.70 vs 86.99 mean macro F1) at 76% lower
cost ($0.38 vs $1.59/F1 point). For those with
data privacy concerns or resource constraints, GPT-
40-mini with ELECTRA Base FT had the best
cost/performance ratio ($0.12/F1 point). Projects
that need to stay completely local can fine-tune
ELECTRA Large, which outperformed both base
GPT models.

Future work could explore optimization of
inference-time prompts through DSPy, and alter-
nate System role instructions during fine-tuning.
In addition, this collaborative approach could be
extended to different datasets/domains, classifica-
tion tasks, and model pairings. There may also be
potential for including multiple predictions from
an ensemble of models. A new collaborative sce-
nario would be fine-tuning GPTs on the ELECTRA
output representations.

9 Limitations

The cost/performance evaluation only considered
the fine-tuning costs to achieve the reported macro
F1 on the test set. In practice, there may be ongoing
costs for inference time API calls for hosted GPT
models. The time and cost required to fine-tune
different datasets will vary, and this will affect the
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relative cost/performance differences.

Our research was limited to GPT-40 and GPT-
40-mini from OpenAl, but there are many GPT-
style models available. Some of these are open
source and can be fine-tuned locally or on hosted
compute resources, such as Llama 2 or 3 from Meta
(Touvron et al., 2023; Dubey et al., 2024). The cost
of fine-tuning an open source GPT model without
API fees was not evaluated.

Resource and time constraints prevented us from
exploring every possible collaborative scenario.
Once we saw ELECTRA Large FT performed bet-
ter than ELECTRA Base FT, we only evaluated the
output from Large in the different prompt contexts
for both GPT-40 and GPT-40-mini.

Many experimental runs involved prompting the
GPT models, and these prompts could be further
optimized with frameworks like DSPy. Some of the
prompts are verbose, and these additional tokens
could dilute the signal of the ELECTRA context.

Although we quantified changes in GPT clas-
sification decisions before and after ELECTRA
predictions were included, we did not have time
to thoroughly explore why the ELECTRA predic-
tion was ignored in some cases, but followed in
others. Future research could prompt the model to
explain their decision, and the responses could be
analyzed. This additional instruction would likely
affect the classification decision—similar to Chain
of Thought (Wei et al., 2022)—and would be a new
experimental scenario.

We tried to give the GPT models a chance to
learn when ELECTRA was right or wrong dur-
ing fine-tuning (GPT-40 FT-L, GPT-40-mini FT-L).
There may be a more direct way of fine-tuning
GPT so that it learns when to trust ELECTRA’s
prediction, and when to decide for itself.

The data used for this research was a merge of
movie and business reviews from SST-3 and Dy-
naSent R1/R2. The majority of the reviews were
written in English and relatively short in length. As-
sessing generalization to other domains, languages
and longer lengths would require future research.
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A Results of Individual Runs

Table 7: Round 1 Results

Merged DynaSent R1 ~ DynaSent R2 SST-3 Cost ($)
ID GPT! ELECTRA Description F1  Acc F1  Acc F1  Acc Fl1 Acc FT /F1
Bl — Base Baseline, Classifier head 69.65 69.83 7096 71.28 61.59 61.67 60.85 70.14 0.65 0.01
B2 — Large Baseline, Classifier head 67.88 68.06 69.72 70.06 59.78 59.72 57.68 67.51 251 0.04
B3  4o-mini — Baseline (Zero shot) 79.52 80.34 81.12 81.00 77.35 77.92 70.67 80.05 — —
B4 4o — Baseline (Zero shot) 80.14 80.74 81.12 80.94 80.22 80.56 7220 80.45 - =
El — Base FT Fine-tune all layers 79.29 79.69 82.10 82.14 71.83 7194 69.95 7824 9.73  0.12
E2 — Large FT  Fine-tune all layers 8236 8296 8591 8583 7629 76.53 7090 80.36 5326 0.65
E3  4o-mini Base FT Prompt, Label 82.74 8335 86.50 86.44 76.19 7653 71.72 80.54 9.73 0.12
E4  4o-mini Large FT  Prompt, Label 8349 8421 8752 8747 7794 7847 7099 80.77 5326 0.64
E5  4o0-mini Large FT ~ Prompt, Label, Examples (Few shot) 8320 83.80 86.74 86.64 7871 79.03 7198 80.72 53.26 0.64
E6  4o-mini Large FT  Prompt, Label, Balanced Ex. (Few shot) 82.68 8328 85.84 8569 79.61 80.00 7145 8041 5326 0.64
E7  4o-mini Large FT ~ Prompt, Probs 83.01 83.60 86.44 8636 7892 79.17 7153 80.54 5326 0.64
E8  4o-mini Large FT ~ Prompt, Label, Probs 8343 84.12 87.02 86.94 79.72 80.14 71.03 80.81 5326 0.64
E9  4o-mini Large FT  Prompt, Label, Probs, Examples 8291 83.54 86.15 86.06 78.69 79.03 71.49 80.90 5326 0.64
E10 4o0-mini FT — Fine-tune w/prompt 86.77 87.26 89.86 89.75 86.90 87.08 75.68 83.26 33.15 0.38
Ell 4o-mini FT5  — Fine-tune w/prompt (5 epochs) 84.95 8527 87.83 87.67 8593 8597 7560 81.13 16575 1.95
E12 4o-mini FtM  — Minimal fine-tune 86.55 87.00 89.70 89.58 86.97 87.08 75.62 82.76 16.60 0.19
E13 4o-mini FT Base FT Prompt, Label, FT w/prompt 81.42 8190 84.77 8478 7449 7472 7095 79.55 42.88 0.53
El4 4o-mini FT-L  Base FT Prompt, Label, FT w/prompt, label 82.02 8253 85.24 85.11 7815 7847 71.68 79.64 49.31 0.60
E15 4o-mini FT-L5 Base FT Prompt, Label, FT w/prompt, label (5 epochs) 83.88 84.27 86.74 86.61 81.62 81.81 75.00 8127 207.64 248
E16 4o-mini FT Large FT  Fine-tune w/prompt 84.00 84.58 87.65 87.58 80.37 80.69 7246 80.95 86.41 1.03
E17 4o-mini FI-L  Large FT  Fine-tune w/prompt, label 84.16 84.70 87.65 87.56 80.89 81.11 7329 81.22 92.84 1.10
E18 4o-mini FI-L5 Large FT  Fine-tune w/prompt, label (5 epochs) 84.87 8525 87.87 87.75 83.80 83.89 7558 81.63 251.17 2.96
E19 4o Large FT ~ Prompt, Label 83.18 83.68 85.71 8556 8198 8222 7344 81.09 5326 0.64
E20 4o Large FT  Prompt, Label, Examples (Few shot) 83.09 83.66 86.01 8586 81.53 81.81 72.06 80.68 53.26 0.64
E21 4o Large FT  Prompt, Label, Balanced Ex. (Few shot) 82.99 8355 85.87 85.69 80.89 81.11 72.15 80.86 53.26 0.64
E22 4o Large FT  Prompt, Probs 82.65 8325 86.05 8597 77.67 7792 71.16 80.54 5326 0.64
E23 4o Large FT  Prompt, Label, Probs 83.08 83.71 8644 8633 79.23 79.58 7148 80.77 5326 0.64
E24 4o Large FT ~ Prompt, Label, Probs, Examples 82.74 8335 86.32 8622 77.76 78.06 70.98 80.41 5326 0.64
E25 40FT — Fine-tune w/prompt 86.83 87.43 9044 9036 88.34 8847 73.08 8231 276.24 3.18
E26 40 FT-M — Minimal fine-tune 86.99 87.57 90.57 90.50 89.00 89.17 73.99 8226 13837 1.59
E27 40FT Large FT  Fine-tune w/prompt 83.82 8447 87.80 87.72 7949 79.86 71.18 80.68 329.50 3.93
E28 4o FT-L Large FT  Fine-tune w/prompt, label 84.23 8482 87.74 87.64 80.55 80.83 72.63 81.54 383.10 4.55

Table 8: Round 2 Results

Merged DynaSent R1 ~ DynaSent R2 SST-3 Cost ($)
ID  GPT' ELECTRA  Description F1  Acc F1  Acc F1  Acc F1  Acc FT /F1
B1I — Base Baseline, Classifier head 69.37 69.57 70.75 71.11 61.19 6125 60.34 69.77 0.65 0.01
B2 — Large Baseline, Classifier head 67.99 68.15 69.67 70.03 59.78 59.72 5821 67.83 251 0.04
B3  4o-mini — Baseline (Zero shot) 79.29 80.15 81.19 81.08 76.69 77.36 69.30 79.55 — =
B4 4o — Baseline (Zero shot) 79.80 80.47 80.77 80.61 80.05 80.42 71.96 80.27 - -
El — Base FT Fine-tune all layers 7898 7946 8213 82.19 69.51 69.72 68.13 78.19 9.73 0.12
E2 — Large FT  Fine-tune all layers 83.16 83.71 86.53 86.44 7836 78.61 7263 8091 5326 0.64
E3  4o-mini Base FT Prompt, Label 82.26 8292 86.29 8625 7447 7486 70.03 80.14 9.73 0.12
E4  4o-mini Large FT  Prompt, Label 84.10 8473 87.90 87.83 79.52 79.86 72.54 8127 5326 0.63
E5  4o-mini Large FT Prompt, Label, Examples (Few shot) 83.63 84.18 87.13 87.03 80.29 80.56 72.68 80.72 5326 0.64
E6  40-mini Large FT Prompt, Label, Balanced Ex. (Few shot) 83.28 83.81 86.71 86.58 80.12 80.42 7251 80.41 5326 0.64
E7  4o-mini Large FT ~ Prompt, Probs 83.53 84.07 86.76 86.67 79.89 80.14 7298 81.13 53.26 0.64
E8  4o-mini Large FT  Prompt, Label, Probs 83.88 84.47 8741 8733 80.23 80.56 7253 81.09 53.26 0.64
E9  4o-mini Large FT ~ Prompt, Label, Probs, Examples 83.46 84.03 87.00 86.89 79.28 79.58 7239 80.81 5326 0.64
E10 4o0-mini FT — Fine-tune w/prompt 86.62 87.09 89.44 8933 87.08 8722 7598 8339 33.15 0.38
Ell 4o-mini FT5  — Fine-tune w/prompt (5 epochs) 8476 85.07 87.64 87.47 86.50 86.53 75.15 80.68 165.75 1.96
E12 4o-mini FItM — Minimal fine-tune 86.47 86.89 89.44 8931 87.28 8736 75.86 82.81 16.60 0.19
E13  4o0-mini FT Base FT Prompt, Label, FT w/prompt 80.69 81.24 84.57 8458 71.62 7194 6845 7882 42.88 0.53
E14 4o0-mini FT-L  Base FT Prompt, Label, FT w/prompt, label 81.65 8225 8515 8503 7643 7681 69.71 79.50 49.31 0.60
El5 4o0-mini FT-L 5 Base FT Prompt, Label, FT w/prompt, label (5 epochs) 83.46 83.89 86.02 85.89 80.75 80.97 75.04 81.58 207.64 2.49
E16 4o-mini FT Large FT  Fine-tune w/prompt 83.87 84.44 8749 8742 79.97 8028 7246 8095 86.41 1.03
E17 4o-mini FI-L  Large FT  Fine-tune w/prompt, label 84.07 84.59 87.51 87.42 80.61 80.83 73.38 81.22 92.84 1.10
E18 4o-mini FT-L 5 Large FT  Fine-tune w/prompt, label (5 epochs) 84.79 85.15 87.63 87.50 84.94 8500 7559 81.36 251.17 2.96
E19 4o Large FT ~ Prompt, Label 8320 83.69 8571 8556 82.13 8236 73.52 81.09 53.26 0.64
E20 4o Large FT ~ Prompt, Label, Examples (Few shot) 83.48 84.00 86.21 86.06 8143 81.67 73.85 8140 53.26 0.64
E21 4o Large FT  Prompt, Label, Balanced Ex. (Few shot) 83.38 8389 86.14 8597 8I1.18 8139 73.61 8131 5326 0.64
E22 4o Large FT  Prompt, Probs 83.32 8387 86.68 86.58 79.16 79.44 72.63 8090 53.26 0.64
E23 4o Large FT  Prompt, Label, Probs 83.54 84.10 86.93 86.81 79.69 80.00 72.85 81.04 53.26 0.64
E24 4o Large FT ~ Prompt, Label, Probs, Examples 83.34 8389 86.73 86.61 79.18 79.44 72.68 8090 53.26 0.64
E25 40oFT — Fine-tune w/prompt 86.74 87.32 9048 90.42 87.94 88.06 73.09 82.04 27624 3.18
E26 40 FT-M — Minimal fine-tune 86.99 87.57 90.57 90.50 89.00 89.17 73.99 8226 13837 1.59
E27 40FT Large FT  Fine-tune w/prompt 84.24 84.84 87.99 87.89 80.52 80.83 72.81 81.18 329.50 3.91
E28 4o FT-L Large FT  Fine-tune w/prompt, label 84.50 85.04 87.87 87.75 82.01 8222 73.56 81.54 383.10 4.53

Bold = best overall, highlighted = best in section

I GpT fine-tuning types: FT = fine-tune all layers with prompt, FT-M = minimal fine-tune format without prompt, FT-L = fine-tune with prompt including ELECTRA
label, FT 5 = fine-tune for 5 epochs
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B ELECTRA Fine-tuning Details

Table 9: ELECTRA Fine-Tune Configuration

Setting ELECTRA Base FT ELECTRA Large FT
Source Hugging Face Hugging Face
Source Model ID google/electra-base-discriminator google/electra-large-discriminator
Encoder Blocks 12 24
Embedding Dimension 768 1024
Attention Heads 12 16
Feedforward Size 3072 4096
Parameters 110 Million 335 Million
Custom Pooling Layer Method Mean Mean
Classifier Head Hidden Layers 2 2
Classifier Head Hidden Dimension 1024 1024
Classifier Head Hidden Activation SwishGLU SwishGLU
Finetuned Encoder Blocks 12 24
Total Layers 104 200
Total Parameters 112,830,979 338,293,763
Trainable Parameters 100% 100%
Learning Rate le™® le™®
Learning Rate Decay 0.95 0.95
Batch Size 16 16
Accumulation Steps 2 2
Target Epochs 50 50
Actual Epochs 20 23
Selected Best Epoch 14 13
Dropout Rate 0.30 0.30
L2 Strength 0.01 0.01
Optimizer AdamW AdamW
Zero Redundancy Yes Yes
Scheduler CosineAnnealingWarmRestarts CosineAnnealingWarmRestarts
Scheduler: T_0 5 5
Scheduler: T_mult 1 1
Scheduler: eta_min 1e”7 1e” 7
Early Stop Validation F1 Score Validation F1 Score
N Iterations No Change 10 10
Dataset Merged (Dyn R1, Dyn R2, SST-3) Merged (Dyn R1, Dyn R2, SST-3)
Train Size 102,097 102,097
Train Label Distribution Neu: 49,148, Pos: 31,039, Neg: 21,910 Neu: 49,148, Pos: 31,039, Neg: 21,910
Validation Size 5,421 5,421
Validation Label Distribution Neu: 1,669, Pos: 1,884, Neg: 1,868 Neu: 1,669, Pos: 1,884, Neg: 1,868
Hosting Provider Lambda Labs Lambda Labs
GPU Type Tesla V100 A100
GPU Memory 16 GB 40 GB
GPU Quantity 8 8
Rate $4.40/hour $10.32/hour
Training Time (Up to Selected Epoch) 02:12:44 05:09:23
Training Time (Total) 03:09:40 09:23:29
Cost (Up to Selected Epoch) $9.73 $53.26
Cost (Total) $13.91 $96.92
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D OpenAl Fine-tuning Templates

Table 11: FT-M: Minimal Template for Fine-tuning

Role Content

System “You are a model that classifies the sentiment of a review as either ‘positive’, ‘neutral’, or ‘negative’.”

User “Those 2 drinks are part of the HK culture and has years of history. It is so bad.”

Assistant “negative”

Table 12: FT: Prompt Template for Fine-tuning

Role Content

System “You are a sentiment analysis assistant.”

User “Classify the sentiment of a review as either ‘negative’, ‘neutral’, or ‘positive’.\n—\n\nFollow the
following format.\n\nReview: The review text to classify.\nClassification: One word representing
the sentiment classification: ‘negative’, ‘neutral’, or ‘positive’ (do not repeat the field name, do not
use ‘mixed’)\n\n—\n\nReview: Those 2 drinks are part of the HK culture and has years of history. It is
so bad.\nClassification:”

Assistant “negative”

Table 13: FT-L: Prompt with Predicted Label Template for Fine-tuning

Role Content

System “You are a sentiment analysis assistant.”

User “Classify the sentiment of a review as either ‘negative’, ‘neutral’, or ‘positive’.\n—\n\nFollow the
following format.\n\nReview: The review text to classify.\nClassifier Decision: The sentiment classi-
fication proposed by a model fine-tuned on sentiment.\nClassification: One word representing the
sentiment classification: ‘negative’, ‘neutral’, or ‘positive’ (do not repeat the field name, do not use
‘mixed’)\n\n—\n\nReview: Those 2 drinks are part of the HK culture and has years of history. It is so
bad.\nClassifier Decision: negative\nClassification:”

Assistant “negative”
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E DSPy Prompt Signature Examples

Figure 5: Basic Prompt DSPy Signature

Classify the sentiment of a review as either ’negative’, ’‘neutral’, or ’positive’.

Follow the following format.

Review: The review text to classify.
Classification: One word representing the sentiment classification: ’negative’, ’neutral’, or ’'positive
(do not repeat the field name, do not use ’‘mixed’).

’

Review: Those 2 drinks are part of the HK culture and has years of history. It is so bad.
Classification:

Figure 6: Prompt with Predicted Label DSPy Signature

Classify the sentiment of a review as either ’'negative’, ’'neutral’, or ’positive’.

Follow the following format.

Review: The review text to classify.

Classifier Decision: The sentiment classification proposed by a model fine-tuned on sentiment.
Classification: One word representing the sentiment classification: ’'negative’, ’'neutral’, or ’'positive’
(do not repeat the field name, do not use ’'mixed’)

Review: I was told by the repair company that was doing the car repair that fixing the rim was
"impossible" and to replace it.

Classifier Decision: negative

Classification:
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Figure 7: Prompt with Probabilities DSPy Signature

Classify the sentiment of a review as either ’negative’, ’‘neutral’, or ’positive’.

Follow the following format.

Review: The review text to classify.

Negative Probability: Probability the review is negative from a model fine-tuned on sentiment
Neutral Probability: Probability the review is neutral from a model fine-tuned on sentiment
Positive Probability: Probability the review is positive from a model fine-tuned on sentiment

Classification: One word representing the sentiment classification: ’'negative’, ’'neutral’, or
(do not repeat the field name, do not use ’'mixed’)

Review: Those 2 drinks are part of the HK culture and has years of history. It is so bad.
Negative Probability: 99.85%

Neutral Probability: 0.04%

Positive Probability: 0.12%

Classification:

'positive’

Figure 8: Prompt with Predicted Label and Probabilities DSPy Signature

Classify the sentiment of a review as either ’negative’, ’‘neutral’, or ’positive’.

Follow the following format.

Review: The review text to classify.

Classifier Decision: The sentiment classification proposed by a model fine-tuned on sentiment.
Negative Probability: Probability the review is negative

Neutral Probability: Probability the review is neutral

Positive Probability: Probability the review is positive

Classification: One word representing the sentiment classification: ’'negative’, ’'neutral’, or
(do not repeat the field name, do not use ’'mixed’)

Review: Those 2 drinks are part of the HK culture and has years of history. It is so bad.
Classifier Decision: negative

Negative Probability: 99.85%

Neutral Probability: 0.04%

Positive Probability: 0.12%

Classification:

'positive’
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Figure 9: Top Examples DSPy Signature

Classify the sentiment of a review as either ’negative’, ’‘neutral’, or ’positive’.

Follow the following format.

Examples: A list of examples that demonstrate different sentiment classes.

Review: The review text to classify.

Classifier Decision: The sentiment classification proposed by a model fine-tuned on sentiment.

Classification: One word representing the sentiment classification: ’'negative’, ’'neutral’, or ’positive’
(do not repeat the field name, do not use ’'mixed’)

Examples:

- negative: We’ve been to about 5 or 6 other Verizon stores in Vegas, and they all give us a hard time
about everything and never solve any issue.

— negative: Then Raj then had the balls to send me an email after my box was closed to tell me they were
ready to receive the key for my mailbox after closing it.!

- negative: Always and issue here even with take out orders.

- negative: SHOULD YOU HAVE ANY DISPUTE, THEY IMMEDIATELY WILL THREATEN YOU WITH MECHANICS LIENS.

- negative: We were waiting for them to get our order out, but the lady came out and gave the car behind
us their order first!

Review: I went back in to ask for cilantro dressing the shift leader even smile or greet me.
Classifier Decision: negative

Classification:

Figure 10: Balanced Examples DSPy Signature

Classify the sentiment of a review as either ’negative’, ’‘neutral’, or ’positive’.

Follow the following format.

Examples: A list of examples that demonstrate different sentiment classes.

Review: The review text to classify.

Classifier Decision: The sentiment classification proposed by a model fine-tuned on sentiment.

Classification: One word representing the sentiment classification: ’negative’, ’neutral’, or ’'positive’
(do not repeat the field name, do not use ’'mixed’)

Examples:

- negative: Beware of all the fake 5 star reviews of this place, Jjust take a look at these people.

- negative: 3- girls look even cheaper than the club.

— neutral: Not to mention the esso across the street also has cheaper gas.

- neutral: I wish that they would open up by 6am so that I can pick up a coffee or tea before work, but
what boba place is opened that early?

— positive: The plumbers did not give up and continued to work on the drain for two days.

— positive: This is my 6th gun to add to my collection and if I had not wanted it so bad, I would have
walked out 2 minutes after walking in.

Review: She greeted customers by holding the scanner toward them without even looking.
Classifier Decision: negative

Classification:
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Figure 11: All Context DSPy Signature

Classify the sentiment of a review as either ’negative’, ’‘neutral’, or ’positive’.

Follow the following format.

Examples: A list of examples that demonstrate different sentiment classes.

Review: The review text to classify.

Classifier Decision: The sentiment classification proposed by a model fine-tuned on sentiment.
Negative Probability: Probability the review is negative

Neutral Probability: Probability the review is neutral

Positive Probability: Probability the review is positive

Classification: One word representing the sentiment classification: ’negative’, ’'neutral’, or ’'positive’
(do not repeat the field name, do not use ’'mixed’)

Examples:

- negative: The only negative I can think for this place is it’s price-point.

- positive: This place will be the death of my waist (but not my wallet).

- negative: Expensive, if you are looking for something more affordable, don’t go here; you will miss
the best dishes.

— positive: Thank you so much for dealing with my crabby ass

- positive: I think I scarfed it down so quickly because it was that good! It was bad.

Review: The gentleman staffing the bar seemed a bit gruff, but a good caffeine fix will help me forgive
even the orneriest grump.

Classifier Decision: negative
Negative Probability: 84.37%
Neutral Probability: 0.53%
Positive Probability: 15.10%

Classification:
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Retrieval of Temporal Event Sequences from Textual Descriptions

Zefang Liu*
Georgia Institute of Technology
Atlanta, GA 30332, USA

liuzefang@gatech.edu

Abstract

Retrieving temporal event sequences from tex-
tual descriptions is crucial for applications such
as analyzing e-commerce behavior, monitor-
ing social media activities, and tracking crim-
inal incidents. To advance this task, we in-
troduce TESRBench, a comprehensive bench-
mark for temporal event sequence retrieval
(TESR) from textual descriptions. TESRBench
includes diverse real-world datasets with syn-
thesized and reviewed textual descriptions, pro-
viding a strong foundation for evaluating re-
trieval performance and addressing challenges
in this domain. Building on this benchmark,
we propose TPP-Embedding, a novel model
for embedding and retrieving event sequences.
The model leverages the TPP-LLM framework,
integrating large language models (LLMs) with
temporal point processes (TPPs) to encode both
event texts and times. By pooling representa-
tions and applying a contrastive loss, it unifies
temporal dynamics and event semantics in a
shared embedding space, aligning sequence-
level embeddings of event sequences and their
descriptions. TPP-Embedding demonstrates su-
perior performance over baseline models across
TESRBench datasets, establishing it as a pow-
erful solution for the temporal event sequence
retrieval task.

1 Introduction

Temporal event sequence retrieval (Gupta et al.,
2022) plays a crucial role in various applications,
such as e-commerce user activity analysis, social
media monitoring, and crime tracking. These se-
quences combine temporal information with event
types, making them more complex than traditional
text data. Effective retrieval requires models ca-
pable of capturing both time-sensitive dynamics
and structured relationships within the sequences.
While traditional language models perform well for
general text retrieval (Kashyap et al., 2024), they

“These authors contributed equally to this work.
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Figure 1: TPP-Embedding framework with one TES-
RBench example, where the model embeds both tex-
tual descriptions and temporal event sequences using a
shared TPP-LLM framework, applies pooling to gen-
erate fixed-length representations, and uses contrastive
learning with similarity scores to align matching pairs
for effective event sequence retrieval.

often struggle to handle the unique temporal and
structural complexities of event sequences.

To address these challenges, we introduce TESR-
Bench', a comprehensive benchmark for evaluating
temporal event sequence retrieval (TESR) from tex-
tual descriptions. TESRBench comprises diverse
real-world event sequence datasets with synthe-
sized and reviewed textual descriptions, offering a
strong foundation for benchmarking retrieval mod-
els. It highlights the complexities of aligning event
sequences with textual descriptions and provides a
standardized platform for evaluating model perfor-
mance, uncovering key challenges, and identifying
opportunities for improvement in temporal and con-
textual modeling.

Building on this benchmark, we propose TPP-
Embedding®, a novel framework for temporal
event sequence retrieval that extends the TPP-LLM

"Benchmark available on https://huggingface.
co/tppllm.

GitHub repository available on https://github.
com/zefang—1liu/TPP-Embedding.
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model (Liu and Quan, 2024). TPP-LLM integrates
temporal encoding for event times and textual em-
beddings for event types within a large language
model (LLM) backbone to model temporal point
processes (TPPs). Extending this framework, TPP-
Embedding aligns sequence-level representations
of event sequences and their textual descriptions
in a shared embedding space. By modeling the in-
terdependencies between events and their temporal
context, TPP-Embedding generates richer, contex-
tually informed embeddings optimized for retrieval
tasks. Evaluated across TESRBench datasets, TPP-
Embedding demonstrates superior performance
over text-based baselines and generalizes effec-
tively across different event domains.

In this paper, our key contributions are: (1) In-
troducing TESRBench, a benchmark for evaluating
TESR models with diverse datasets; (2) Proposing
TPP-Embedding, which integrates temporal and
event-type information for accurate event sequence
retrieval from descriptions; and (3) Showcasing the
scalability and flexibility of our approach through
multi-domain experiments.

2 Related Work

Recent developments in sentence representation
models, such as Sentence-BERT (Reimers and
Gurevych, 2019), have significantly improved re-
trieval tasks by enabling efficient semantic sim-
ilarity searches using transformer-based embed-
dings (Vaswani et al., 2017). While these models
perform well in standard text retrieval tasks (Lin
et al., 2022), they struggle with the temporal and
event-specific complexities of event sequence data.
To address these challenges, temporal point pro-
cess (TPP) models (Mei and Eisner, 2017; Shchur
et al., 2021; Xue et al., 2023) have been adapted
for retrieval tasks. NeuroSeqRet (Gupta et al.,
2022, 2023) introduces a neural framework for
continuous-time event sequence retrieval by lever-
aging marked TPPs to model temporal dynamics
and using a trainable unwarping function, neural
relevance models, and hashing techniques to opti-
mize retrieval efficiency. However, despite these
advancements, existing models either treat event
types as categorical inputs, limiting their ability
to capture rich event semantics, or treat entire se-
quences as text, ignoring their temporal dependen-
cies.

Recently, Liu and Quan (2024) proposed TPP-
LLM, a framework that integrates large language
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models (LLMs) with TPPs to capture event se-
mantics and temporal dynamics for event sequence
modeling and prediction. While TPP-LLM focuses
on predicting future event types and times using
both textual and temporal information, our pro-
posed TPP-Embedding extends this framework to
the task of retrieving temporal event sequences
from textual descriptions. By introducing a shared
embedding space for sequences and descriptions
and employing contrastive learning, our model ef-
fectively aligns sequence-level representations with
natural language descriptions, enabling retrieval
while maintaining temporal and semantic depen-
dencies.

3 Benchmark

In this section, we present TESRBench, a com-
prehensive benchmark designed to evaluate tempo-
ral event sequence retrieval (TESR) from textual
descriptions. We provide an overview of its key
components, including detailed dataset summaries,
the methodology for generating event sequence de-
scriptions, and the evaluation process used to assess
the quality of these descriptions.

3.1 Dataset Summaries

TESRBench is built on five real-world datasets
from diverse domains: Stack Overflow, Chicago
Crime, NYC Taxi Trip, U.S. Earthquake, and Ama-
zon Review. Each dataset captures sequences of
event-based information within specific time peri-
ods but lacks accompanying textual sequence de-
scriptions. To address this, we generate textual
descriptions for these event sequences using GPT-
40-mini (Achiam et al., 2023), creating objective
summaries that emphasize the order and timing of
events while preserving their essential structure.
Details of the description generation and evalua-
tion processes are provided in subsequent subsec-
tions. Examples of the data from TESRBench are
included in Appendix A for further reference.

The datasets in TESRBench span various do-
mains and offer rich opportunities for analysis.
Table 1 presents an overview of their key statis-
tics, using the same train/validation/test splits as
Liu and Quan (2024), which are detailed in Ta-
ble 2. The Stack Overflow (Stack Exchange,
Inc., 2024) dataset tracks non-tag-related badges
earned between January 2022 and December 2023,
comprising 3,336 sequences across 25 event types.
The Chicago Crime (Chicago Police Department,



Dataset Domain #of Types #of Events #of Seq. Avg. Seq. Length  Time Unit
Stack Overflow Social Networks 25 187,836 3,336 56.31 Month
Chicago Crime Urban Dynamics 20 202,333 4,033 50.17 Month
NYC Taxi Trip Transportation 8 362,374 2,957 122.55 Hour
U.S. Earthquake  Natural Disasters 3 29,521 3,009 9.81 Day
Amazon Review E-Commerce 18 127,054 2,245 56.59 Week

Table 1:
Dataset Seq. Train Val. Test
Stack Overflow 3,336 2,668 334 334
Chicago Crime 4,033 3,226 403 404
NYC Taxi Trip 2,957 2,365 296 296
U.S. Earthquake 3,009 2407 301 301
Amazon Review 2,245 1,796 224 225

Table 2: Numbers of sequences in train, validation, and
test sets of TESRBench datasets.

2024) dataset focuses on the top 20 crime types
and blocks with 30-120 incidents during the same
time period, yielding 4,033 sequences across 20
crime categories. The NYC Taxi Trip (Monroy-
Hernandez, 2014) dataset captures trips from May
1-7, 2013, excluding Staten Island, with 2,957
sequences across 8 location categories. The
U.S. Earthquake (U.S. Geological Survey, 2024)
dataset records 3,009 sequences of earthquake
events from January 2020 to December 2023, cate-
gorized into 3 magnitude levels. Finally, the Ama-
zon Review (Ni et al., 2019) dataset comprises
2,245 sequences of 40-200 reviews per user be-
tween January and June 2018, spanning 18 cate-
gories. Collectively, these datasets establish a ro-
bust foundation for evaluating models on diverse
temporal event sequence retrieval tasks.

3.2 Description Generation

To create textual descriptions for the event se-
quences in TESRBench, we employ a structured
process using GPT-40-mini (Achiam et al., 2023).
The process begins with crafting a system message,
as illustrated in Figure 2, which guides GPT-4o-
mini to produce objective summaries that focus on
the order and timing of events. The instructions
explicitly avoid interpreting behaviors or including
specific numbers or timestamps, ensuring consis-
tency and objectivity in the generated summaries.
For each dataset, specific prompts are designed to
reflect the context of the event sequences, as de-
tailed in Table 3. These prompts present sequences
of events with timestamps and event types, format-
ted to highlight the unique characteristics of each
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Dataset statistics overview of event sequences in TESRBench. (# = Number.)

dataset. GPT-40-mini processes these prompts and
generates concise textual descriptions that capture
key patterns and trends, providing an accurate sum-
mary of how events unfold over time. This ap-
proach ensures that the generated descriptions are
well-aligned with the underlying temporal and con-
textual dynamics of the event sequences.

System Message:

You are an expert in summarizing event se-
quences. Your task is to provide a 2-5 sen-
tence objective summary of the sequence’s
key patterns and trends without interpreting
any behaviors or motivations. Focus on the
sequence’s order and timing, emphasizing
how the events unfold over time. Describe
general trends such as whether certain event
types occur earlier or later, or if events clus-
ter in certain periods. Avoid including exact
numbers or timestamps.

Figure 2: Instructions for generating objective sum-
maries of event sequences, focusing on the order, timing,
and general trends without including specific numbers
or timestamps.

3.3 Description Evaluation

To evaluate the quality of the generated descrip-
tions for temporal event sequences, we establish a
set of assessment criteria and scoring scales. Lever-
aging LLMs as evaluators (Zheng et al., 2023), we
assess the descriptions across five key dimensions:
accuracy, coverage, fidelity, clarity, and concise-
ness. The definitions of these criteria, along with
their respective scoring scales, are outlined below:

* Accuracy: Does the description correctly rep-
resent the sequence of events, focusing on the
event types, their order, and timing? (1 = Com-
pletely inaccurate, 5 = Completely accurate)

» Coverage: Does the description include all
significant events and key details of the se-



Dataset

Description

Stack Overflow

Here is a sequence of badges earned by a user on Stack Overflow, with relative timestamps (in
months) and badge names. Please provide a summary that describes the timing and order of
events:

{event_sequence}

Chicago Crime

Here is a sequence of crime incidents reported at a block in Chicago, with relative timestamps (in
months) and crime types. Please provide a summary that describes the timing and order of events:

{event_sequence}

NYC Taxi Trip

Here is a sequence of taxi trips taken by a driver in New York City, with relative timestamps
(in hours) and trip locations. Please provide a summary that describes the timing and order of
events:

{event_sequence}

U.S. Earthquake

Here is a sequence of earthquake events in the U.S., with relative timestamps (in days) and
magnitude categories. Please provide a summary that describes the timing and order of events:

{event_sequence}

Amazon Review

Here is a sequence of product reviews submitted by a user on Amazon, with relative timestamps
(in weeks) and review categories. Please provide a summary that describes the timing and order

of events:

{event_sequence}

Table 3: Overview of dataset-specific prompts, describing event sequences from various domains.

quence, without omitting critical information?
(1 = Very incomplete, 5 = Fully comprehen-
sive)

* Fidelity: To what extent does the description
capture and reflect the temporal relationships
and patterns (e.g., clustering, trends, or inter-
vals) in the event sequence? (1 = No temporal
fidelity, 5 = High temporal fidelity)

* Clarity: Is the description easy to understand,
with clear language and a logical structure that
aids comprehension? (1 = Very unclear, 5 =
Very clear)

* Conciseness: Does the description provide
the necessary information in a succinct man-
ner, avoiding unnecessary verbosity or redun-
dancy? (1 = Overly verbose or incomplete, 5
= Very concise and complete)

The averaged evaluation scores across datasets
are presented in Tables 4, 5, and 6, which report
the evaluation of event sequence descriptions us-
ing three evaluators: GPT-40, GPT-40-mini, and
Claude 3.5 Haiku. GPT-40’s evaluation scores high-
light strong performance, particularly in clarity and
conciseness, while showing slightly lower scores in
accuracy, coverage, and fidelity compared to GPT-
40-mini’s evaluation. GPT-4o0-mini assigns consis-
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tently high scores across all dimensions, indicating
a strong alignment with the generated descriptions.
Meanwhile, Claude 3.5 Haiku presents a different
evaluation pattern, demonstrating relatively strong
clarity and fidelity scores but notably lower cover-
age ratings. The varying assessments from these
evaluators provide complementary perspectives on
the quality of the descriptions, reinforcing their ef-
fectiveness in summarizing event sequences while
preserving key temporal and contextual relation-
ships. These results further emphasize the robust-
ness of the generated descriptions when assessed
across different evaluation frameworks.

Dataset Ace. Cov. Fid. Cla. Con.
StackOverflow 4.10 4.05 425 494 456
Crime 401 400 4.18 498 4.67
Taxi 444 403 446 4.89 436
Earthquake 436 431 442 496 495
Amazon 4.66 433 474 499 482

Table 4: Evaluation scores from GPT-4o0 for event se-
quence descriptions in TESRBench. (Acc. = Accuracy,
Cov. = Coverage, Fid. = Fidelity, Cla. = Clarity, Con. =
Conciseness.)

4 Methodology

In this section, we introduce TPP-Embedding, an
extension of TPP-LLM (Liu and Quan, 2024), de-



Dataset Acc. Cov. Fid. Cla. Con.
StackOverflow 5.00 500 5.00 5.00 5.00
Crime 500 487 496 500 4.86
Taxi 500 499 499 500 499
Earthquake 499 499 485 500 493
Amazon 500 5.00 498 5.00 5.00

Table 5: Evaluation scores from GPT-40-mini for event

sequence descriptions in TESRBench. (Acc. = Accu-

racy, Cov. = Coverage, Fid. = Fidelity, Cla. = Clarity,
Con. = Conciseness.)

Dataset Acc. Cov. Fid. Cla. Con.
StackOverflow  4.00 327 411 493 4.00
Crime 400 3.05 396 493 4.00
Taxi 400 3.00 3.84 484 4.00
Earthquake 411 332 422 495 4.00
Amazon 418 370 448 480 398

Table 6: Evaluation scores from Claude 3.5 Haiku for
event sequence descriptions in TESRBench. (Acc.
Accuracy, Cov. = Coverage, Fid. = Fidelity, Cla.
Clarity, Con. = Conciseness.)

signed to embed both event sequences and textual
descriptions into a shared embedding space, en-
abling effective retrieval based on similarity.

4.1 Model Architecture

Given a set of textual descriptions D
{d1,da,...,d,} and a set of temporal event
sequences S = {s1,S82,...,5n}, the task is
to retrieve the most relevant sequence s* &
S for a given description d;. Each event
sequence s; consists of a series of events
{€i1,€i2,...,€in,}, Where each event e;; is
represented by an event time ¢; ; and an event
type k; ;. Thus, the sequence can be written
as s; = {(ti1, kin), (tig ki2), .., (tings kin,) }-
The goal is to embed both descriptions d; and event
sequences s; into a shared embedding space for ef-
fective retrieval.

Embedding Event Sequences. As illustrated
by Figure 3, TPP-Embedding builds upon TPP-
LLM (Liu and Quan, 2024) by embedding event
sequences through the integration of temporal and
event-type representations. For each event e; ;,
the temporal embedding is computed as ¢;; =
fi(tij), where f; is a temporal encoding func-
tion (Zhang et al., 2020; Zuo et al., 2020). Each
event type text k; ; is tokenized by the large lan-
guage model (LLM) tokenizer and embedded us-
ing its embedding layer, resulting in X;; =
[®ij1,%ij2, -, %ijn;]. The temporal and type
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Figure 3: TPP-Embedding architecture, illustrating the
embedding process for a event sequence through the in-
tegration of temporal and text representations, followed
by processing with a large language model and a pooling
layer to generate a fixed-length sequence representation.

embeddings are concatenated to form the final
event representation FE; ;. These event embed-
dings are then passed through the LLM to ob-
tain hidden states H; = [h;1,h;2,...,h;;] =
LLM([E;1,E;2,...,E;;,]). Finally, a pooling
operation (Reimers and Gurevych, 2019) is applied
to produce a fixed-length representation of the se-
quence: s; = Pool(H;).

Embedding Descriptions. Textual descriptions
d; are embedded using the same LLM and tok-
enizer as the event sequences. The description is
tokenized and passed through the LLM, resulting
in hidden states. A pooling operation is then ap-
plied to obtain the final description embedding:
d; = Pool(LLM(d;)). By embedding descriptions
and sequences in the same space, TPP-Embedding
enables retrieval based on their similarity.

4.2 Training Objective

To align the embeddings of descriptions and their
corresponding event sequences, we employ a con-
trastive learning framework. Positive pairs (d;, s;)
consist of a description and its matching event se-
quence, while other sequences in the batch serve
as negatives. The cosine similarity between de-
scription and sequence embeddings is computed as
sim(d;, sj) = #”S;j“. The training objective uses
a multiple negatives ranking loss (Henderson et al.,



2017) to maximize similarity for positive pairs and
minimize it for negative pairs. The loss function is
given by:

exp(sim(d;, s;))
Zj exp(sim(di, Sj)) )

This encourages the model to rank the correct event
sequence higher than incorrect ones for each de-
scription. To improve efficiency, we apply 4-bit
precision quantization (Dettmers et al., 2024) to
reduce memory usage and use low-rank adapta-
tion (LoRA) (Hu et al., 2021) to fine-tune a small
subset of parameters while keeping the rest frozen.
These enhancements allow for efficient fine-tuning
and deployment without compromising retrieval
performance.

L =—log (1)

S Experiments

In this section, we present a detailed overview of
the baseline models used for comparison, the eval-
uation metrics employed, the experimental setup,
the results obtained, and the ablation studies con-
ducted.

5.1 Baselines

To enable evaluation with common embedding
models, we transform temporal event sequences
into a textual format by concatenating events within
a sequence. Each event is represented by its rela-
tive timestamp followed by the corresponding event
type text, separated by a comma. These events are
concatenated with line breaks, resulting in a sin-
gle textual representation for each event sequence.
This approach ensures that the temporal and seman-
tic information is preserved for text-based embed-
dings.

We compare TPP-Embedding against several
widely used embedding models: All-MiniLM-L12-
v2 (Wang et al., 2020), All-MPNet-Base-v2 (Song
et al., 2020), BGE-Large-En-v1.5 (Xiao et al.,
2023), MxbAI-Embed-Large-v1 (Li and Li, 2023;
Lee et al., 2024), Multilingual-E5-Large-Instruct
(Wang et al., 2024), and GTE-Qwen2-1.5B-instruct
(Lietal., 2023). These models are designed for gen-
erating sentence embeddings and are adapted here
for retrieving the most relevant event sequences
based on descriptions.

To ensure a fair comparison, all baseline models
are fine-tuned using a contrastive learning frame-
work. Specifically, we employ the multiple nega-
tives ranking loss (Henderson et al., 2017), which
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treats a description and its corresponding event
sequence as a positive pair, while all other mis-
matched pairs within the batch are considered neg-
atives. This fine-tuning process aligns the em-
beddings of matching descriptions and sequences
while separating non-matching ones. In addi-
tion, Table 7 provides an overview of the total
parameters and trainable parameters for each base-
line model. While the baseline models (besides
Qwen2-1.5B) require fine-tuning all parameters,
TPP-Embedding models and Qwen2-1.5B leverage
LoRA for efficient fine-tuning.

Model Parameters Trainable
MiniLM-L12 33.4M 33.4M
MPNet-Base 109M 109M
BGE-Large 335M 335M
MxbAI-Large 335M 335M
mES-Large 560M 560M
Qwen2-1.5B 1.5B 4.4M
TPP-Llama 1.1B 4.5M
TPP-Llama-Chat 1.1B 4.5M

Table 7: Numbers of total and trainable model parame-
ters. (M = Million, B = Billion.)

5.2 Evaluation Metrics

The temporal event sequence and description
matching task is framed as a retrieval problem,
where the model retrieves the correct event se-
quence for each description by ranking all event se-
quences based on their similarity to the description
embeddings. We evaluate retrieval quality using
two metrics: Mean Reciprocal Rank (MRR) and
Recall@K. MRR measures the ranking position of
the correct sequence, providing an average of re-
ciprocal ranks across all queries, while Recall@K
calculates the proportion of cases where the correct
sequence is included in the top K results.

5.3 Experimental Setups

For the baseline models (besides Qwen2-1.5B), we
use the AdamW optimizer (Loshchilov and Hutter,
2017), training for 15 epochs with a learning rate
of 2e-5, a cosine scheduler, a warmup ratio of 0.1,
and a batch size of 8. Qwen2-1.5B uses the same
LoRA and training settings as the TPP-Embedding
models described below.

TPP-Embedding integrates temporal positional
encoding for event times (Zuo et al., 2020), with
event type embeddings placed before the tempo-
ral embedding (Liu and Quan, 2024). Two foun-
dation models are employed: TinyLlama-1.1B-



Intermediate-Step-1431k-3T (TPP-Llama) and
TinyLlama-1.1B-Chat-v1.0 (Zhang et al., 2024)
(TPP-Llama-Chat). We utilize all hidden states
with mean pooling (Reimers and Gurevych, 2019)
and apply 4-bit quantization (Dettmers et al., 2024).
LoRA (Hu et al., 2021) is used with a rank of 16
and dropout of 0.05, targeting the attention projec-
tion matrices. The model is trained for 25 epochs
with a learning rate of 4e-4, a cosine scheduler, a
warmup ratio of 0.02, and a batch size of 8. All
experiments are conducted five times, with aver-
age results reported. The experiments were run
on NVIDIA A100 and H100 GPUs. Additional
experimental setups are provided in Appendix B.

5.4 Experimental Results

The experimental results demonstrate the effective-
ness of our proposed models compared to tradi-
tional text-based embedding models. As shown in
Table 8, along with Figures 4 and 5, TPP-Llama
and TPP-Llama-Chat consistently outperform the
baselines across most datasets in terms of both
MRR and Recall@5. TPP-Llama achieves the
highest MRR and Recall@5 on Stack Overflow
and remains competitive across the benchmark ex-
cept for Amazon Review, while TPP-Llama-Chat
attains the best Recall@5 on U.S. Earthquake and
leads on Chicago Crime and NYC Taxi Trip in both
metrics. While Qwen2-1.5B demonstrates strong
performance on U.S. Earthquake and MPNet-Base
achieves the highest MRR on Amazon Review, the
TPP-based models exhibit superior generalization
across the majority of datasets. These results high-
light the advantage of the temporal and event-type-
aware design of TPP-Embedding, which effectively
captures the structure and dependencies within
event sequences compared to traditional models.

5.5 Multi-Domain Results

In real-world applications, it is often necessary
to retrieve event sequences that span different do-
mains, requiring models to handle various event
sequence types. Multi-domain retrieval refers to a
model’s ability to effectively process and retrieve
information across diverse datasets or domains si-
multaneously, rather than being specialized for a
single domain. To simulate such settings, we cre-
ated a multi-domain dataset by combining 30% of
the data from the five datasets. As shown in Table
9, Qwen2-1.5B achieves the highest MRR, while
TPP-Llama-Chat attains the best Recall@5. Al-
though Qwen2-1.5B performs strongly, TPP-Llama
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and TPP-Llama-Chat achieve competitive retrieval
effectiveness, particularly excelling in Recall@5,
which is crucial for practical multi-domain retrieval
scenarios. These results highlight the robustness
of TPP-Embedding in retrieving diverse event se-
quences and its ability to generalize effectively
across multiple domains, making it a strong choice
for real-world applications.

5.6 Ablation Studies

In this subsection, we perform ablation studies to
evaluate the effects of various model configurations
on event sequence retrieval performance.

5.6.1 Embedding Inclusions

We conduct an ablation study to assess the impact
of using only temporal tokens or only type (tex-
tual) tokens on retrieval performance. As shown
in Table 10, using only textual tokens achieves per-
formance comparable to using all tokens on the
Stack Overflow dataset. However, this approach
leads to a significant performance drop on the U.S.
Earthquake dataset, likely due to the nature of the
datasets: Stack Overflow includes 25 event types,
allowing the model to rely primarily on textual con-
tents, whereas the U.S. Earthquake dataset contains
only 3 event types, making temporal information
essential for accurate retrieval.

5.6.2 Hidden State Selections

We evaluate the impact of different hidden state se-
lections from the last hidden layer of the model for
event sequences, specifically choosing only tem-
poral tokens, a combination of temporal tokens
and the last token of event type text tokens for each
event, or all tokens. As shown in Table 11, using all
tokens generally provides strong results, achieving
the highest MRR on the StackOverflow dataset and
the highest Recall@5 on the Earthquake dataset.
While selecting temporal tokens and the last type
tokens slightly improves MRR on the Earthquake
dataset, using only temporal tokens lags behind
both strategies on both datasets. Overall, choosing
all tokens yields consistently good performance.

5.6.3 Pooling Modes

In experiments with different pooling modes as Ta-
ble 12, we observe that the mean pooling method
consistently performs well, achieving the highest
MRR and Recall@5 on the StackOverflow dataset.
However, for the Earthquake dataset, last token
pooling (Muennighoff, 2022) slightly outperforms
mean pooling. Max pooling shows competitive



Model StackOverflow Crime Taxi Earthquake Amazon
MiniLM-L12 0.501 /0.695 0.808/0.931 0.159/0.239 0.676/0.895 0.459/0.573
MPNet-Base 0.620/0.775 0.924/0.980 0.246/0.364 0.733/0.923  0.665/0.756
BGE-Large 0.632/0.786 0.922/0.985 0.286/0.415 0.736/0.928 0.656/0.746
MxbAI-Large 0.627/0.782 0.924/0.982 0.271/0.426 0.717/0.914 0.650/0.747

mES5-Large 0.658 /0.804 0.941/0.987 0.261/0.389 0.748/0.921 0.617/0.716
Qwen2-1.5B 0.660 / 0.804 0.921/0.982 0.448/0.662 0.770/0.950 0.629/0.756
TPP-Llama 0.741/ 0.880 0.958/0.992 0.468/0.680 0.760/0.946 0.641/0.763
TPP-Llama-Chat 0.729 /0.865 0.961/0.994 0475/0.691 0.759/0.953 0.646/0.767

Table 8: Comparison of average MRR and Recall@5 across TESRBench datasets in event sequence retrieval.
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Figure 4: Comparison of average MRRs with standard deviations on TESRBench in event sequence retrieval.
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Figure 5: Comparison of average Recall@5 with standard deviations on TESRBench in event sequence retrieval.

Model MRR Recall@5 Hidden States StackOverflow Earthquake
MiniLM-L12 0.634 + 0.007  0.795 % 0.009 Temporal Tokens 0.718/0.862 0.754/0.939
MPNet-Base 0.748 +0.003  0.889 + 0.007 + Last Type Tokens 0.727 7 0.875 0.766 / 0.953

BGE-Large 0.744 + 0.010  0.888 + 0.010 All Tokens 0.729/ 0.865 0.759/0.953
MxbAI-Large 0.744 + 0.006  0.876 + 0.010
énvisn ;“_a;rfg’% 8;32 i 88(1)2 gg?i i 88}% Table 11: Comparison of average MRRs and Recall@5
TPP-Llama 0772 + 0.009 0914 + 0.008 of TPP-Llama-Chat with different hidden state selec-
TPP-Llama-Chat 0.770 £ 0.005  0.919 +£ 0.009 tions.

Table 9: Comparison of average MRRs and Recall@5
with standard deviations on the multi-domain dataset.

Embeddings StackOverflow  Earthquake
Temporal Tokens 0.037/0.040 0.179/0.281
Textual Tokens 0.726 / 0.870 0.675/0.890
All Tokens 0.729 /0.865 0.759/0.953

Table 10: Comparison of average MRRs and Recall@5
of TPP-Llama-Chat with different embedding inclu-

sions.
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performance on the StackOverflow dataset but
performs considerably worse on the Earthquake
dataset. Overall, mean pooling offers a balanced
performance, making it a reliable choice.

Pooling StackOverflow Earthquake
Mean 0.729 / 0.865 0.759/0.953
Max 0.712/0.857 0.627/0.853
Last Token 0.728 /0.848 0.772 / 0.960

Table 12: Comparison of average MRRs and Recall@5
of TPP-Llama-Chat with different pooling modes.



5.6.4 Loss Functions

To examine the impact of the loss function on re-
trieval performance, we replace the contrastive loss
with a Mean Squared Error (MSE) loss, which op-
timizes cosine similarity to 1 for matched pairs. As
shown in Table 13, this substitution leads to a pro-
nounced decline in both metrics across all datasets,
emphasizing the pivotal role of contrastive loss in
capturing subtle relationships between closely re-
lated event sequences. These results highlight the
effectiveness of contrastive learning in enhancing
retrieval accuracy.

Loss StackOverflow  Earthquake
MSE 0.020/0.016  0.020/0.015
Contrastive 0.729 / 0.865 0.759 / 0.953

Table 13: Comparison of average MRRs and Recall@5
of TPP-Llama-Chat with different loss functions.

6 Conclusion

In this paper, we introduce TESRBench, a compre-
hensive benchmark for evaluating temporal event
sequence retrieval, alongside TPP-Embedding, a
novel model designed to integrate temporal and
event-type-aware representations. TESRBench pro-
vides a diverse set of datasets with synthesized tex-
tual descriptions, offering a robust foundation for
benchmarking models in this domain. Our pro-
posed TPP-Embedding model combines temporal
encoding and event text embedding with a large lan-
guage model backbone, enabling it to effectively
capture the structure and dependencies of temporal
event sequences. Extensive experiments conducted
on TESRBench demonstrate its superior perfor-
mance compared to traditional text-based baselines,
particularly in handling temporally complex, multi-
type event sequences. Furthermore, multi-domain
experiments underscore the flexibility and adapt-
ability of our approach across diverse event do-
mains. Together, TESRBench and TPP-Embedding
represent a significant step forward in advancing
research on temporal event sequence retrieval.

Limitations

TESRBench, while providing a robust foundation
for evaluating temporal event sequence retrieval,
relies on synthesized textual descriptions gener-
ated by GPT-40-mini, which may not fully capture
the variability and complexity of real-world user-
generated descriptions. A limitation of our TPP-
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Embedding model is its reliance on high-quality
temporal and event-type data, which could pose
challenges when dealing with noisy or incomplete
event sequences encountered in real-world scenar-
ios. Furthermore, while TPP-Embedding achieves
strong retrieval performance, its dependence on
large-scale language models can introduce compu-
tational latency on extremely large datasets, neces-
sitating further optimization strategies. Finally, our
current baselines are restricted to text-based meth-
ods, and future research could explore integrating
recent time-context-aware sequential recommen-
dation techniques (Li et al., 2020; Rashed et al.,
2022; Tran et al., 2023; Liu et al., 2024) to further
improve the retrieval of temporal event sequences
from textual descriptions.

Ethical Considerations

In constructing TESRBench, we acknowledge po-
tential ethical concerns related to the use of synthe-
sized textual descriptions and real-world event data.
While the textual descriptions are generated objec-
tively, they may still inadvertently reflect biases or
limitations inherent in the data sources. For TPP-
Embedding, its ability to retrieve temporal event
sequences could be misused in privacy-sensitive
applications, such as personal activity tracking. It
is crucial to ensure that all data used for training
and retrieval is anonymized and managed responsi-
bly. Additionally, biases in training data, such as
uneven representation of event types or domains,
could result in biased retrieval outcomes. Future
work should emphasize dataset curation and the
implementation of bias mitigation strategies to min-
imize potential harms.
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A Data Examples

This appendix presents selected examples of event
sequences from the validation sets in TESRBench,
along with their corresponding descriptions, as
shown in Table 14. These descriptions highlight
key temporal patterns and provide context for the
diversity of events and their occurrences across the
benchmark’s datasets.

B More Experimental Setup

Our experiments were conducted using several
key Python libraries, including pytorch (Paszke
et al., 2019) for deep learning, t ransformers
(Wolf et al., 2020) for working with pre-trained
language models, sentence-transformers
(Reimers and Gurevych, 2019) for embedding
and retrieval tasks, datasets (Lhoest et al.,
2021) for data handling, peft (Mangrulkar
et al., 2022) for parameter-efficient fine-tuning,
and bitsandbytes (Dettmers et al., 2022) for
model quantization.

C More Experimental Results

In this appendix, we provide additional experimen-
tal results to further analyze the performance of our
models, both before and after fine-tuning.

C.1 Experimental Results before Fine-Tuning

The performance of all models before fine-tuning
in Table 15 shows significantly lower retrieval ac-
curacy, with the highest MRR achieved by BGE-
Large across most datasets. TPP-based models
perform poorly at this stage, due to unaligned tem-
poral and textual spaces, indicating the necessity
of fine-tuning to improve event sequence retrieval.

C.2 More Experimental Results after
Fine-Tuning

The results after fine-tuning demonstrate a signif-
icant improvement across all models, as shown
in Tables 16, 17, and 18. TPP-Llama and TPP-
Llama-Chat consistently outperform baseline mod-
els in MRR, Recall@1, and Recall @5 across most
datasets. These improvements highlight the im-
portance of fine-tuning in enhancing their retrieval
capabilities.


https://earthquake.usgs.gov/earthquakes/search
https://earthquake.usgs.gov/earthquakes/search

Dataset

Event Sequence

Description

Stack Overflow

0.00,Nice Question
0.57,Good Answer
0.66,Popular Question
0.83,Famous Question
0.89,Nice Question
2.25,Popular Question
2.32,Necromancer
2.43 Notable Question
3.00,Great Question
3.40,Good Question
3.64,Popular Question
3.69,Notable Question
4.00,Notable Question

23.41,Popular Question

The sequence of badges earned by the user on Stack Overflow
shows a progression of achievements over time, with certain
types of badges appearing more frequently at different intervals.
Initially, badges such as "Nice Question" and "Good Answer"
are earned in the first few months, followed by a cluster of
"Popular Question" and "Notable Question" badges around the
two to four-month mark. As time progresses, there is a notable
increase in the frequency of "Famous Question" and "Popular
Question" badges, particularly in the later months, indicating a
trend toward these types of achievements. The sequence also
includes several clusters of "Nice Question" badges, particularly
around the seven-month mark and again towards the end of
the timeline. Overall, the user’s badge accumulation reflects a
gradual increase in the variety and frequency of achievements
over the course of the observed period.

Chicago Crime

0.00,Battery

0.26,Battery

0.52,Theft

0.69,Motor Vehicle Theft
0.74,Assault

0.99,Motor Vehicle Theft
0.99,Motor Vehicle Theft

1.08,Criminal Sexual Assault

23.72,Deceptive Practice

The sequence of crime incidents shows a notable clustering of
certain crime types over time, particularly motor vehicle thefts,
which appear frequently throughout the timeline, especially in
the earlier months. Battery incidents are also prevalent, occurring
multiple times in the first half of the sequence. Other offenses
such as robbery and criminal damage emerge at various intervals,
with some clustering in the middle to later months. Overall, there
is a trend of increasing diversity in crime types as the timeline
progresses, with a gradual rise in the frequency of theft-related
incidents towards the end.

NYC Taxi Trip

0.00,Manhattan Pickup
0.19,Manhattan Dropoff
0.24,Manhattan Pickup
0.68,Manhattan Dropoff
0.73,Manhattan Pickup
0.99,Manhattan Dropoff
1.13,Manhattan Pickup
1.43 , Manhattan Dropoff
1.45,Manhattan Pickup
1.54,Manhattan Dropoff

31.87,Brooklyn Dropoff

The sequence of taxi trips primarily consists of pickups and
dropoffs occurring in Manhattan, with a notable concentration
of events in the first few hours. Early in the sequence, the driver
consistently alternates between pickups and dropoffs, with a high
frequency of trips. As the sequence progresses, there are brief
periods where trips shift to Queens and Brooklyn, particularly
after a long duration of Manhattan trips. The latter part of
the sequence shows a gradual transition to more pickups and
dropofts in Brooklyn, indicating a shift in location focus. Overall,
the events are clustered closely together in time, with significant
activity in the first half of the sequence before expanding to other
boroughs.

U.S. Earthquake

0.00,Medium
0.66,Large
0.72,Large
0.99,Large
1.07,Large
1.08,Large
1.67,Large

The sequence of earthquake events begins with a medium mag-
nitude event, followed closely by a series of large magnitude
events occurring within a short time frame. The large events
cluster together, with multiple occurrences happening within the
first two days. This indicates a trend of increasing magnitude
shortly after the initial medium event, with the majority of the
large events occurring in rapid succession.

Amazon Review

0.00,Books
0.14,Sports and Outdoors
0.14,Books
0.29,Books
0.43,Books
0.57,Books
1.00,Books
1.14,Books

i§.29,Books

The sequence of product reviews shows a predominant focus on
the "Books" category, which appears consistently throughout the
timeline, especially in the initial weeks. Other categories such as
"Pet Supplies" and "Grocery and Gourmet Food" emerge inter-
mittently, often clustering around specific weeks, particularly in
the middle and later parts of the sequence. "Clothing Shoes and
Jewelry" and "Movies and TV" also appear, but less frequently,
with some clustering noted in the later weeks. Overall, there is a
clear trend of sustained interest in "Books," with other categories
appearing in a more sporadic manner.

Table 14: Event sequence examples with their descriptions from the validation sets of TESRBench.
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Model (before FT) StackOverflow Crime Taxi Earthquake Amazon Multi-Domain

MiniLM-L12 0.091/0.123 0.071/0.111 0.028/0.024 0.037/0.043 0.142/0.200  0.154/0.208
MPNet-Base 0.068 / 0.087 0.027/0.020 0.022/0.017 0.031/0.027 0.068/0.071 0.102/0.127
BGE-Large 0.122/0.162 0.126/0.158 0.042/0.051 0.039/0.040 0.215/0.293 0.196/0.247
MxbAI-Large 0.085/0.102 0.091/0.134 0.039/0.037 0.038/0.043 0.174/0.227 0.170/0.221
mE5-Large 0.065/0.078 0.078/0.087 0.028/0.024 0.037/0.040 0.142/0.187 0.145/0.191
Qwen2-1.5B 0.047/0.054 0.032/0.032 0.025/0.020 0.027/0.027 0.109/0.116 0.095/0.114
TPP-Llama 0.022/0.021 0.019/0.020 0.020/0.014 0.022/0.020 0.033/0.027 0.025/0.030

TPP-Llama-Chat 0.020/0.015 0.018/0.012 0.019/0.014 0.023/0.020 0.033/0.031 0.021/0.017

Table 15: Comparison of MRRs and Recall@5 on TESRBench in event sequence retrieval before fine-tuning.

Model StackOverflow Crime Taxi Earthquake Amazon
MiniLM-L12 0.501 £ 0.009  0.808 +0.004  0.159 +0.003  0.676 & 0.009  0.459 + 0.005
MPNet-Base 0.620 + 0.007  0.924 +0.003  0.246 £0.009 0.733 £ 0.010  0.665 £ 0.010

BGE-Large 0.632 £ 0.007  0.922 +£0.004 0.286 +0.017 0.736 + 0.014  0.656 + 0.004
MxbAI-Large 0.627 +£0.013 0924 +£0.011 0.271 £0.020 0.717 £0.017  0.650 &£ 0.005
mES5-Large 0.658 +0.012  0.941 +£0.003 0.261 +0.010 0.748 £ 0.011  0.617 £ 0.033
Qwen2-1.5B 0.660 + 0.011  0.921 £ 0.007 0.448 £0.014 0.770 +0.019  0.629 + 0.009
TPP-Llama 0.741 - 0.006  0.958 +0.006 0.468 + 0.006 0.760 + 0.012 0.641 £ 0.010
TPP-Llama-Chat  0.729 £ 0.008  0.961 £ 0.003 0.475 +0.011 0.759 £ 0.005 0.646 £+ 0.017

Table 16: Comparison of average MRRs with standard deviations on TESRBench in event sequence retrieval.

Model StackOverflow Crime Taxi Earthquake Amazon
MiniLM-L12 0.353 £0.006  0.711 £0.005 0.063 £0.007 0.513 £0.013 0.348 &+ 0.007
MPNet-Base 0.497 £ 0.009  0.878 £ 0.006 0.123 +0.013  0.598 + 0.015 0.579 £ 0.012

BGE-Large 0.509 £ 0.011  0.875+£0.006 0.155+£0.023 0.595£0.026 0.569 £ 0.011
MxbAI-Large 0.502 £0.017  0.879 £0.019 0.130 £0.023  0.573 £ 0.019 0.564 £ 0.010
mE5-Large 0.540 £ 0.016  0.904 £0.006 0.132 £0.006 0.612+0.013 0.520 £ 0.034
Qwen2-1.5B 0.541 £0.018 0.872+0.012 0.284 £0.012 0.638 +0.031  0.523 £ 0.009
TPP-Llama 0.637 £ 0.010  0.930 £0.011 0.301 £0.010 0.622 £0.021 0.538 £+ 0.015
TPP-Llama-Chat  0.620 £ 0.012  0.936 - 0.003  0.305 £ 0.014 0.619 +0.013  0.546 4+ 0.021

Table 17: Comparison of average Recall@]1

with standard deviations on TESRBench in event sequence retrieval.

Model StackOverflow Crime Taxi Earthquake Amazon
MiniLM-L12 0.695 £ 0.016  0.931 +£0.007 0.239 +0.014 0.895 + 0.007 0.573 £ 0.014
MPNet-Base 0.775 £ 0.014  0.980 + 0.002 0.364 £0.011 0.923 £0.014 0.756 £ 0.028

BGE-Large 0.786 + 0.006  0.985 +0.002 0.415£0.019 0.928 +0.007 0.746 £ 0.007
MxbAI-Large 0.782 + 0.007  0.982 +0.003 0.426 £0.037 0914 +0.012 0.747 £ 0.020
mES5-Large 0.804 +0.019  0.987 +0.001  0.389 +0.016  0.921 +0.010 0.716 £ 0.034
Qwen2-1.5B 0.804 +£0.011  0.982+0.002 0.662 £0.030 0.950+0.016 0.756 £ 0.016
TPP-Llama 0.880 + 0.012  0.992 +0.002 0.680 £ 0.016 0.946 +0.009 0.763 + 0.014
TPP-Llama-Chat  0.865 £+ 0.008  0.994 £ 0.002 0.691 +0.021  0.953 + 0.005 0.767 £ 0.015
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Table 18: Comparison of average Recall@5 with standard deviations on TESRBench in event sequence retrieval.
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Abstract

We explore generating factual tables from the
parametric knowledge of large language mod-
els (LLMs). While LLMs have demonstrated
impressive capabilities in recreating knowledge
bases and generating free-form text, their abil-
ity to generate structured tabular data has re-
ceived little attention. To address this gap, we
explore the table generation abilities of eight
state-of-the-art LLMs, including GPT-40 and
Llama3.1-405B, using three prompting meth-
ods: full-table, row-by-row, and cell-by-cell.
To facilitate evaluation we introduce WIKITAB-
GEN, a new benchmark consisting of 119 manu-
ally curated Wikipedia tables and their descrip-
tion. Our findings show that table generation
remains challenging, with the best performing
model (LLaMA3.1-405B) reaching only 25.4%
accuracy. We further analyze how properties
like table size, popularity, and numerical con-
tent impact performance. This study highlights
the unique challenges of LLM-based table gen-
eration and offers a foundation for future re-
search in this area. All code, data, and prompts
are publicly available.!

1 Introduction

Automated table generation has broad applications
in fields such as healthcare, finance, scientific re-
search and education (Chen et al., 2021; Johnson
et al., 2016; Berant et al., 2018) where convert-
ing unstructured factual data into structured tables
can significantly enhance decision-making, stream-
line workflows, and improve data accessibility en-
abling knowledge extraction and facilitating fur-
ther analysis through statistical and visualization
tools (Shen et al., 2021). Large language mod-
els (LLMs) (Brown et al., 2020; Chowdhery et al.,
2022; Kadavath et al., 2022; Touvron et al., 2023a)
have demonstrated remarkable performance on var-
ious natural language processing tasks, including
free-form text generation, knowledge retrieval, and

1https ://github.com/analysis-bots/WikiTabGen
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Table description

“Create a table with the detailed information about
the achievements of Susen Tiedtke from 1987 to 2000”
Columns

year, competition, venue, position

!

[ LLM Table Generation Methods ]

Pl T

[(A) Full Table [(B) Row-by-row [(c) Cell-by-cell

Output Table [g

competition
European Junior

venue

[year |

1 position J
| 1987 ! i
T

Birmingham ) 3rd

Figure 1: An example LLM-based table generation task
along with three alternative prompting methods.

summarization. However, despite their success
in generating free-form text, LLMs face distinct
challenges when tasked with producing complex
structured data, and their ability to generate long
and factually accurate tables from their paramet-
ric knowledge remains largely unexplored (Akhtar
et al., 2024; Zhao et al., 2024).

LLMs are pre-trained on vast amounts of text,
which includes factual information presented in
both plain text and structured formats, such as
tables (Elazar et al., 2023; Fang et al., 2024).
Through this training, LLMs encode a wealth of
factual information in their parameters. While pre-
vious studies have shown that LLMs can retrieve
factual information for tasks like recreating knowl-
edge bases (KBs) (Petroni et al., 2019; AlKhamissi
et al., 2022; Cohen et al., 2023) or generating
Wikipedia-like articles (Shao et al., 2024), little
attention has been given to their ability to gener-
ate structured tables from their parametric knowl-
edge. Unlike question answering over tables or
text-to-SQL translation (Pasupat and Liang, 2015;

Proceedings of the 4th International Workshop on Knowledge-Augmented Methods for Natural Language Processing (KnowledgeNLP’25), pages 50-65
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Chen et al., 2021), generating tables requires mod-
els to retrieve and organize specific factual data
into structured formats, posing unique challenges.
The lack of dedicated methods for table generation
and appropriate evaluation benchmarks highlights
a particular gap in current research.

To address this gap, we introduce WIKITABGEN,
a benchmark designed to evaluate LLMs’ ability to
generate tables from their parametric knowledge.
It consists of 119 manually curated Wikipedia ta-
bles, each paired with a textual description and a
set of target columns. With an average of 1,457 to-
kens per table, WIKITABGEN features significantly
larger tables compared to previous tabular gener-
ation tasks (Parikh et al., 2020; Nan et al., 2022).
This benchmark facilitates a systematic evaluation
of how factors such as table size, numerical con-
tent, and popularity (Mallen et al., 2022) affect
table generation. We also introduce and evaluate
three prompting methods: full-table generation,
row-by-row generation and cell-by-cell generation.

Our key contributions are: (1) Formulating
the problem of generating structured tables from
LLMs’ parametric knowledge. (2) Introducing
WIKITABGEN, a benchmark consisting of diverse
tables that vary in size, structure, and content, to
evaluate table generation capabilities. (3) Imple-
menting and evaluating three prompting methods
across eight state-of-the-art LLMs, including GPT-
4 and LLaMA3.1-405B. (4) Providing a compre-
hensive analysis of the factors that impact table
generation performance.

Our experiments reveal that generating tables
from LLMs remains a challenging task, with the
highest F1 score reaching only 25.4%. We observe
that factors such as table size and numerical content
significantly affect performance. These findings
highlight the need for further research to improve
LLM-based table generation. We hope that our
benchmark and analysis will inspire future research
on generating structured data from LLMs.

2 Problem Definition

Given a short user description, our task is to gener-
ate a factually accurate table.

Following Codd (1990), a relational table T' =
(R,C) is a set of rows R = {ry,r2,...} and a
set of columns C = {c1,c2...}. A table cell,
denoted r[c|, contains the value of column ¢ in
row r. Key columns are a subset C C C' that
uniquely define each entry (row) in 7" and the corre-
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sponding cells do not contain null or empty values.
For example, the table in Fig. 1 has the columns
year and competition as its keys. Each table en-
try such as venue, corresponds to a unique year,
competition pair.

Given a table description d and a list of desired
table columns C, our task is to generate a corre-
sponding table T'(R, C'), where the generated rows
R contain factually accurate information. An ex-
ample problem is shown in Fig. 1, where the table
description is “Achievements of Susen Tiedke from
1987 to 2000 and the target columns are: year,
competition, venue, and position. Each of our pro-
posed prompting methods (§3) can then be used
for the LLM to generate table T'(R, C'), as shown
in the bottom of the figure.

3 Prompting LLMs to Generate Tables

Given a table description and list of target columns
C, we evaluate LLM performance on generating
the corresponding table T'(R, C). Our focus is on
extracting the knowledge stored in the LLM, with
retrieval-augmented methods (Lewis et al., 2020;
Yoran et al., 2023) being orthogonal to our study.

We implement three prompting methods to gen-
erate tables, shown in Fig. 1. First, the full table
method prompts the LLM to generate the table all
at once. However, the output table may be quite
large, with evaluation tables have 1.5K tokens on
average (§4). Therefore, we also experiment with
a modular prompting approach (Khot et al., 2023,
2022), where one LLM instance generates the table
keys, and another generates either complete rows
or individual cells. We refer to these two modular
prompting methods as row-by-row and cell-by-cell
respectively. An in-depth example of our prompt-
ing methods is provided in Fig. 2. Note that all
prompts in the figure are appended with the table
description and columns (prompt 1 in Fig. 2). Next,
we describe each of the prompts used in our three
methods. All of our prompts are listed in §A and
in our public code repository.

(a) Full-table. Given the table description and
target columns the LLLM is prompted to generate
all table rows. Example prompts are prompts 1
and 2.A in Fig. 2 which are both concatenated and
provided as the input to the LLM.

(b) Row-by-row. This is a two-stage prompting
method, prompting two separate instances of the
LLM. First, we prompt the LLM for key generation
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* 2.A. Full Table prompt

1. Table desc.

“Create a table with the detailed
information about the achievements
of Susen Tiedtke from 1987 to 2000”

Each element of the response will contain 4 fields: ['year', 'competition’, 'venue', 'position']. The
response will be formatted as JSON shown below:
[{"year": _year, "competition": _competition, "venue": _venue, "position": _position}]

dosh
aD

v

2.B. Key generation prompt

(a)

The key columns in the table are year, competition.
List all competition, year entities for the table.
The response will be formatted as JSON:

[{"year": _year,

.

/3.A. Row-by-row (row generation prompt) '

Columns are year, competition, venue, position. Retrieve a single row whose key is:
(vear = 1987, competition = European Junior Championships)
The response will be formatted as JSON dictionary:
{"year": "1987", "competition": "European Junior Championships",
\"venue": _venue, "position": _position}

\ "competition": _competition} ]
\ 3.B. Cell-by-cell (cell generation prompt) (et
year competition

-

————————————————————————

——————————————————————————

For the table row whose key is (year = 1987, competition = European
Junior Championships) what is the value of attribute venue?
The response will be formatted as JSON dictionary: {"venue": _venue}

______

Figure 2: An overview of our three separate prompting methods for table generation, given a short user description
and table metadata (Fig. 1): (2.A) Full table directly generates the table given the user desc. and its columns; (2.B)
Key-generation is used in both the row-by-row and cell-by-cell methods; (3.A) Row-by-row generates a table row
given a unique key value, e.g. (1987, EU Junior Championship); (3.B) Cell-by-cell generates a single table cell
given a key value and specific target column e.g. venue — Birmingham.

i.e. to generate all values of the key columns Cj.
As key values are a unique identifier for each table
entry (§2), we then prompt a second instance of
the LLM, to generate a full table row given a key
value. Thus, for each key value 7;[C};| generated by
the first LLM, we generate a subsequent prompt to
retrieve the remaining row entries 7;[C'\ C%]. Over-
all, we are required to generate |R| + 1 prompts,
where |R| is the number of key values output by
the key generation LLM.

In Fig. 2, box 2.B describes the key genera-
tion prompt. Given the table description, and key
columns competition and year, the LLM gener-
ates a list of corresponding years and competi-
tions which Susen Tiedtke participated in. Next,
each key value returned by the first LLM, is used
to generate the remaining row entries. Prompt
3.A prompts the row generation LLM to populate
columns venue, position which correspond to
key (“European Junior”, “1987”). The generated
values being “Birmingham”, and “3rd”. A new
row-by-row prompt is then generated for the follow-
ing keys, e.g. (“World Championship”, “1991").

(c) Cell-by-cell. This two-stage approach gener-
ates each table cell individually. The first stage is
identical to row-by-row, using prompt 2.B to gener-
ate all key column values. Then, we use a separate
prompt for each table cell, rather than a full row.
For each column ¢ € C'\ C}, we create a dedicated
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prompt to generate the cell 7;[c|, based on the tar-
get column and the generated key for r;. In total,
we use || - |C'\ C| + 1 prompts, one to generate
the keys, and |R| - |C'\ Cy| to generate each of the
non-key cells.

Prompt 3.B in Fig. 2 describes the cell-by-cell
method. Given key (“European Junior”, “1987"),
the corresponding cell in column venue is gener-
ated (Birmingham). The same prompt is then used
for different keys and columns (position).

Generated Output Format. When prompting the
LLM it is instructed to return its output in JSON
format, as shown in Fig. 2. We chose JSON follow-
ing past work (Singha et al., 2023) and based on our
own results. Namely, we observed a better perfor-
mance compared to formats such as CSV and SQL
when evaluated on our held-out development set
(see §4). For the row-by-row and cell-by-cell meth-
ods, we process and merge all individual JSON
responses to construct the full output table.

4 WIKITABGEN Benchmark

To evaluate our methods (§3), we introduce a new
table generation benchmark called WIKITABGEN.
Each instance of WIKITABGEN consists of a short
manually written description d, a list of target
columns C and a corresponding table 7' = (R, C).
As this benchmark targets LLM table generation
based on their parametric knowledge, we followed



(T N
ﬁfé Susen Tiedtke (former long jumper) Achievements
<

Year Competition Venue Position
WikiTabGen Table Meta Data:
Table Description: “Susen Tiedtke
Achievement Between 1987 and 2000”
Key columns: “Year”, “Competition”
Non-Key Columns: “Venue”, “Position”

European Junior
Championships

Birmingham,

England 3

1993 World Indoor Toronto, Canada 2
Championships

Numeric columns: “Position” (1 of 2)

Table size: 10 rows, 4 columns (40 cells)

Table Popularity: 504.5

1993 |World Championships| Stuttgart, Germany 9

2000 Olympic Games Sydney, Australia 5

(N /

Figure 3: WIKITABGEN example table and metadata.

several key principles in its construction:

* Information Coverage: evaluation tables must
contain complete information to prevent cases
where the LLM generates correct entries that are
not present in the ground-truth tables.

* Factual Consistency: tables should include static
factual data, to ensure consistent evaluation over
time as LLMs evolve (Zhang and Choi, 2021).

* Conciseness: table cells should contain concise
string, categorical or numeric information, to
avoid lengthy descriptive text that is harder to
evaluate against the ground truth.

* Diversity: the benchmark should include a di-
verse range of tables with respect to structural
properties such as size, data types (e.g., the ratio
of numeric data), and table “popularity” which
may indicate the prevalence of its content during
the LLM’s pre-training (Mallen et al., 2022).
Following these principles, we opted to use ta-

bles from Wikipedia, as our evaluation benchmark.

Wikipedia is often used to assess LLMs’ closed-

book performance because it contains factual and

objective information (Kwiatkowski et al., 2019).

unlike certain domain-specific datasets (Yu et al.,

2018). Additionally, since Wikipedia is part of

LLMs’ pre-training data (Brown et al., 2020; Tou-

vron et al., 2023a), it is ideal for evaluating how

well these models can generate tabular data.

To construct the benchmark, we iterate over the
Wikipedia tables provided by Bhagavatula et al.
(2015).2 We first discarded all non-relational tables
(those with composite headers, nested tables, or
inverted tables) and excluded tables that were too
small (|R| < 10 or |C] < 2).

Next, we manually selected 119 random tables
with diverse number of columns, rows and por-
tion of numeric values (numbers and dates). To
ensure evaluation coverage we removed columns
with partial entries. In addition, columns contain-
ing long texts were omitted to ensure a concise

2Creative Commons Attribution 4.0 International License.

evaluation. Each table was manually annotated
with a short, natural language description, as origi-
nal captions were often ambiguous or not descrip-
tive. Additionally, for tables that could change
over time (e.g. new NBA championship teams),
we ensured temporal specificity, as suggested by
Zhang and Choi (2021), e.g. “George Clooney
Films released between 1983 and 2013”

As shown in Fig. 3, each table in WIKITABGEN
is provided with additional metadata, consisting of
its: text description; table size (number of columns,
rows and cells); key-columns; numeric columns
(containing numbers or dates); and table popularity.
Inspired by Mallen et al. (2022), we define table
popularity as the average number of monthly views
to the Wikipedia page containing the said table. To
measure pages views we use the Wikipedia APL3

Overall, WIKITABGEN consists of 119 exam-
ples, with 100 used for evaluation (§5) and the re-
maining 19 serving as a held-out development set
for method implementation. In Fig. 4 shows the dis-
tribution of three key properties in WIKITABGEN:
size, numeric column ratio and popularity. On av-
erage, the evaluation tables have 77.5 rows, 6.9
columns and 453 cells, with an average length of
1,497 tokens. The average proportion of numeric
columns per table is 62% of columns, showcas-
ing the prevalence of numerical data in our tables.
The average number of monthly views per table is
8,449. In §6 we further explore the effects of these
properties on table generation performance.

S Experimental Setting

We describe our experimental setting for evaluating
the table generation capabilities of LLMs. All mod-
els were evaluated on the WIKITABGEN bench-
mark. Next, we list the LLMs, prompts and evalu-
ation methods used for table generation. Last, we
detail our different experimental scenarios.

5.1 Language Models and Prompts

In our experiments we evaluate 8 popular LLMs:
three closed-weights models by OpenAl (Achiam
et al., 2023): GPT-40, GPT-4-Turbo, GPT3.5; four
open-weights LLMs by MetaAl (Touvron et al.,
2023b): Llama3.1-405B, Llama3.1-70B, Llama2-
70B, and Llama2-13B; and Gemma2-27B, an open-
weights LLM by Google (Riviere et al., 2024).
The same prompting methods described in §3
were used across all LLMs, whereas prompt-

3https: //api.wikimedia.org
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Figure 4: WIKITABGEN properties distribution: number of cells, ratio of numeric columns, and table popularity.

engineering was done specifically for each model,
using the held-out development set as described in
§4. For all LLMs, we set the generation tempera-
ture to zero.

5.2 Evaluation Methods

Since the order of the rows and columns in the
generated table may not match the ground truth,
we use the following two-step process to evaluate
the generation accuracy: We align rows by key
attributes, then match non-key cells.

In more detail, given output table 7'(R, C') and
ground-truth table T'(R, C'), we first align the rows
R to their corresponding rows in R by match-
ing their respective keys, namely 7 ~» r <=
7[Cr] = r[Cg]. For rows with multiple key
columns, all values must be identical.

We then use two methods to evaluate the accu-
racy of cell content: (/) exact matching, in which
we check for exact match for string content, but
allow for a £0.1% error for numeric content (in §B,
we describe how we compare date values and han-
dle null, missing and duplicate cells). (2) semantic
matching, in which we first apply text-embedding
on the generated and gold cell tokens, then com-
pute the cosine similarity between them. We chose
a threshold of 0.5 as our criteria for determining
whether the two cells are semantically aligned.

For both matching methods we then calculate
Table Precision as 5GCreet et and Table Recall
as % and corresponding F1 score.

For our analysis in §6, we also consider the pre-
cision, recall, and F1 scores separately for keys and
non-keys. The keys scores are calculated based on
the number of matching keys, where for each row
all the cells of Cy, must match. For non-key cell
scores we consider only cells in C'\ Cj.. We provide
the full formulas in Appendix B.
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5.3 Table Generation Scenarios

In addition to the table generation scenario de-
scribed in §2, where the generation request con-
tains only the table description and list of columns,
we considered two alternative scenarios where ad-
ditional information is provided to the LLM:

Table Row Example. In this scenario, in addi-
tion to the description and list of columns, we also
provide the LLM with an example row r[C] from
the target table. We examine if such an example
improves the LLM’s performance in generating the
rest of the table. We tested this scenario on all
prompting methods (§3) by concatenating the first
row of the target table to the table description.

Oracle Keys. This ablation provides the LLM
the ground-truth set of keys cells R[C};] and mea-
sures the model’s performance in generating the
remaining cells. This scenario is particularly rel-
evant for applications where the keys are known
in advance, and the task involves filling in the as-
sociated data. We conducted this experiment for
both the row-by-row and cell-by-cell prompting
methods by skipping the keys generation prompt
(prompt 2.B in Fig. 2), and providing the ground-
truth keys instead.

6 Results and Analysis

Following, we summarize results obtained by the
8 LLMs, 3 prompting methods and two evalua-
tion metrics. We then analyze the generation cost
and accuracy trade-offs of the prompting methods.
Next, we discuss the table generation performance
in our additional scenarios: example row and or-
acle keys, and finally, examine the effect of table
properties on the LLM generation performance.

6.1 Main Results

Tab. 1 provides a comparison of the overall F1
scores for the eight LLMs highlighting the best per-
forming prompting method for each model (using



Overall F1 (%)

LLM Method
Exact  Semantic

LLaMa3.1-405B  Full table 234 254
GPT-40 Row-by-row 20.8 23.1
LLaMa3.1-70B Full table 20.0 22.1
GPT4-Turbo Row-by-row 18.9 21.6
GPT3.5-Turbo Full table 16.1 18.0
LLaMa2-70b Row-by-row 9.4 10.5
Gemma2-27B Row-by-row 7.6 8.4
LLaMa2-13b Full table 7.5 8.4

Table 1: Ranking of 8 different LLMs based on their
overall F1 score (for both exact and semantic matching
of tabe cells). For each LLM we only list only its best
performing method.

both the exact and semantic evaluation). The top-
performing model is LLaMa3.1-405B (full-table),
achieving 23.4% and 25.4% F1 using the exact and
semantic evaluation respectively.

We note that across all models, the semantic and
exact scores are highly correlated, (semantic match-
ing typically being approximately 10% higher than
the exact score). We focus through the rest of this
section on the semantic evaluation, and the top-4
performing models.

Next, Tab. 2 provides a breakdown of the per-
formance results of the top-4 models. We list the
precision, recall, and F1 scores for keys, non-keys,
and the full tables (averaged across all tables), ob-
tained for each model and prompting method.

For all LLMs, we observe that the row-by-row
and cell-by-cell methods significantly improve the
keys generation performance (see keys F1 scores
in Tab. 2). Interestingly, for the two LLaMa mod-
els best performance is obtained with the full-table
method, whereas for the GPT models row-by-row
prompting obtained better results. Also, observe
that the key generation performance is about 3X
better than the non-keys, for all models. This
demonstrate the inherent difficulty of current LLMs
in accurately retrieving the “data” for tabular enti-
ties (as identified by the key attributes).

6.2 Prompting Cost Tradeoff

We analyze the performance of our prompting
methods as a function of their accuracy and cost.
As the row-by-row and cell-by-cell methods are
suggested to handle larger tables. In Fig. 5 we
examine their performance compared to the full-
table method, focusing on tables with 100 or more
cells on the best performing model, LLaMa3.1-
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Figure 5: The performance of each prompting method
for LLaMa3.1-405B with respect to the table size.
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Figure 6: Cost analysis of our prompting methods.

405B. For medium-sized tables (100-250 cells),
full-table still outperforms row-by-row. However,
as the number of cells increases further, row-by-
row outperforms full-table.

Next, to evaluate the cost of the prompting meth-
ods, we examine the average number of input and
output tokens used for generating tables, as de-
scribed in Fig. 6. While the output number of
tokens is roughly similar for all approaches, see
that the two-stage methods (row-by-row and cell-
by-cell) have a significantly larger input due to the
repeated use of distinct row and cell generation
prompts (prompts 3.A, 3.B in Fig. 2).

6.3 Additional Generation Scenarios

We measure the effect of providing additional in-
formation during table generation: (1) an example
row, (2) the ground-truth table keys.

Table Row Example. Tab. 3 lists the perfor-
mance results when including an example row from
the target table*. Cell-by-cell scores were omitted
due to higher costs and inferior performance, as
discussed in §6.2. We note that performance con-
sistently improves when the models are given an
example first row, except for GPT4-o (row-by-row),
which performs slightly better given no example.

*As we omit the example row from the F1 calculations our



LLM Method Keys Non-Keys Overall
Recall Precision F1 Recall Precision F1 Recall Precision F1

GPT4-Turbo Full table 43.4% 66.1% 46.8% 12.1% 20.6% 13.3% 18.0% 28.4% 19.4%
Row-by-row 53.9% 57.6% 53.2% 14.9% 18.5% 15.3% 21.4% 25.0% 21.6%
Cell-by-cell 53.9% 57.6% 53.2% 13.5% 17.0% 13.8% 20.1% 23.6% 20.2%
GPT-40 Full table 35.8% 66.0% 40.3% 11.1% 23.6% 12.9% 15.7% 30.8% 17.9%
Row-by-row 53.9% 60.8% 53.5% 16.3% 21.3% 16.8% 22.8% 28.0% 23.1%
Cell-by-cell 53.9% 60.7% 53.5% 15.8% 20.6% 16.3% 22.3% 27.3% 22.5%
LLaMa3.1-70B Full table 46.1% 63.8% 49.9% 14.3% 21.4% 16.0% 20.1% 28.6% 22.1%
avias. Row-by-row 50.2% 55.5% 50.0% 14.3% 16.6% 14.3% 20.6% 23.3% 20.5%
Cell-by-cell 50.2% 55.3% 50.0% 13.0% 14.8% 13.0% 19.4% 21.8% 19.4%
LLaMa3.1-405B Full table 44.1% 68.6% 48.8% 17.5% 29.0% 19.8% 22.7% 36.0% 25.4%
o Row-by-row 50.5% 61.5% 51.7% 15.1% 20.4% 15.9% 21.2% 27.4% 22.1%
Cell-by-cell 50.4% 61.4% 51.6% 11.8% 15.5% 12.3% 18.7% 23.7% 19.3%

Table 2: Table generation performance metrics for the different models and prompting methods.

LLM Method Keys F1 (%) Non-Keys F1 (%) Overall F1 (%)
No-Example = Example = No-Example  Example = No-Example = Example
Full table 463 51.9 13.0 17.4 19.2 238
GPT4-Turbo Row-by-row 53.0 54.1 15.1 16.4 213 25
GPTdo Full table 39.7 471 12.6 16.3 17.7 22.0
Row-by-row 533 533 16.7 165 229 2.8
Full table 49.4 51.6 15.5 182 216 242
LLaMa3.1-70B b w-by-row 496 51.6 14.0 16.6 202 25
Full table 479 50.7 19.2 252 247 29.8
LLaMa3.1-405B ¢ o by-row 51.0 51.9 15.5 19.9 216 25.6

Table 3: Performance comparison with and without an example row, using full table and row-by-row methods.

Non-Keys F1 (%) Overall F1 (%)

LLM

Base. Orac. Base. Orac.
GPT4-Turbo 11.7 22.9 (+11.2) 18.9 39.2 (+20.3)
GPT-40 13.8 26.1 (+12.3) 20.8 41.7 (+20.9)
LLaMa3.1-70B 12.2 25.6 (+13.4) 19.0 41.4 (+22.4)
LLaMa3.1-405B 14.1 30.9 (+16.8) 20.7 45.5 (+24.8)

Table 4: Performance comparison of the row-by-row
method with and without oracle keys.

Oracle Keys. Tab. 4 describes the performance
of all LLMs, using the row-by-row method, when
given the ground-truth key values. As expected,
the overall F1 scores are significantly higher when
using oracle keys, because now R[C}] = R[C}].
We observe an additional improvement in the non-
keys F1, which is expected as more table rows were
aligned to the target table (given the keys), and thus
more cells were successfully matched.

6.4 Table Properties Effect on Performance

As noted in §4, we systematically measure the ef-
fect of table properties such as the size, numeric

results slightly differ from Tab. 2.
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data and table popularity affect the LLM generation
performance.

Fig. 7 displays the table F1 scores as a function
of the number of table cells, percentage of numer-
ical data columns (number or date cells) and the
table popularity score. These results are provided
for all four LLMs, using the full-table generation
method. As our aim is to measure the effect each
property has on the LLM (not to compare different
methods). A further breakdown of the properties’
effect on the keys and non-keys F1 scores is pro-
vided in Appendix §C.

As shown in Fig. 7a, the larger the table, the
lower the F1 scores are for all LLMs. In §6.2 we
observed this trend to be less apparent for the row-
by-row and cell-by-cell methods.

Fig. 7b measures the effect the percentage of
columns containing numbers or dates has on per-
formance. We observe a general decreasing trend
in F1 as the portion of numerical content is higher.
Fig. 7c displays the positive effect of table popular-
ity on performance. This potentially stems from the
prevalence of more popular Wikipedia pages (or
related entities) in the LLMs’ training data. Unsur-
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Figure 7: The effect of table size, the ratio of numeric columns, and table popularity on the generation performance
(F1 score). The results are of the 4 top performing LLMs and using the full-table prompting method.

prising, the less common the tabular information
is, the more difficult it is for the LLM to generate.
We attribute the slight decrease in F1 on the top
popular tables to an artifact of the data in which
these tables include census related data which the
LLM have difficulty to generate.

From this analysis, we conclude that generat-
ing tables from LLMs’ parametric knowledge is
more challenging when the tables are larger, when
they contain a higher portion of numerical data and
when its content concerns less popular topics.

7 Related Work

Machine reasoning on table using pre-trained
LLMs has largely been explored in the context
of data augmentation (Borisov et al., 2022; Zhang
et al., 2023) to improve the performance on down-
stream tasks. The focus has largely been on tasks
where a table is provided as input to the model
namely: QA over tables (Chen et al., 2020, 2022;
Seedat et al., 2023), text-to-SQL translation (Deng
et al., 2021; Wolfson et al., 2022), table editing
(Li et al., 2023; Sui et al., 2023) and table-to-text
generation (Parikh et al., 2020). Conversely, our
approach receives only a user query and schema as
input, and is tasked with generating an entire table.

Closest to ours are the recent table generation
datasets by Pal et al. (2023); Akhtar et al. (2024);
Tang et al. (2024). In these works the LLM is pro-
vided with a user query (in text or SQL) and is
tasked with generating a table, as the query answer.
Pal et al. (2023) evaluate on tables from the Spider
dataset (Yu et al., 2018), which contains domain-
specific information that is less likely to be stored
in the parametric knowledge of LLMs. In Tang
et al. (2024) the authors evaluate table generation
from long-form text describing NBA games, taken
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from the RotoWire dataset (Wiseman et al., 2017).
In their setting the generated table content is al-
ready present as part of the user query, where the
LLM challenge is to re-structure the user input as
a table. By contrast, our setting requires the LLM
to generate information that does not explicitly ap-
pear in the user input query (Fig. 1). Similar to
us, Akhtar et al. (2024) rely on Wikipedia however,
they automatically construct new tables which are
relatively small (average of 6.7 rows, 4 columns).
By comparison our evaluation is on larger tables
with the median number of rows being 48 (average
of 77.5 rows, 6.9 columns). This emphasizes our
focus on extracting long-form tabular data from
LLMs, thereby extending past attempts on KBs
and text (Cohen et al., 2023; Mallen et al., 2022;
Carlini et al., 2022).

Our key generation phase in §3 is an instance of a
list question answering problem. The challenge of
list QA in LLMs has been explored in recent works
(Amouyal et al., 2022; Malaviya et al., 2023). How-
ever, we further expand this challenge by focusing
on generating the entire table.

8 Conclusion

This paper explores the capability of state-of-the-
art LLMs to generate entire tables, by relying ex-
clusively on their parametric knowledge. We intro-
duced three prompt-based table generation meth-
ods and evaluated them on our newly constructed
benchmark, WIKITABGEN. Our results underscore
the challenge table generation poses to LLMs. We
hope that WIKITABGEN and our comprehensive
analysis will provide a concrete framework for fu-
ture research on table generation using LLMs.



9 Limitations

We now list the limitations to our work.

Our first limitation is the size of the WIKITAB-
GEN evaluation benchmark, which contains 119
tables. We attribute this constraint to the intensity
of the manual processing required to ensure the
tables’ factual correctness and robustness as well
as to the high generation costs of running state-
of-the-art LLMs on large tables §6.2. As noted
in §4, the tables in WIKITABGEN contain close
to 1,500 tokens on average, evaluating them using
commercial, state-of-the-art LLMs is non-trivial.

Second, all tables in WIKITABGEN are based on
Wikipedia articles. This choice was made to ensure
that the underlying information exists in common
LLMs training data. However, we did not examine
the performance on tables generated from other
sources, such as news articles or tables that require
multi-source integration.
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A Table Generation Prompts

In this section we provide the prompt templates
used in each of our table generation methods.
Figs. 8-11 present our prompt templates used for:
full table generation method, keys generation, row-
by-row, and cell-by-cell method.

B Evaluation Method Details
B.1 Precision-Matching of Cell Values

We next describe our precision matching for
cell values in more detail, given an output table
T(R,C) and ground-truth table T'(R, C').

As described in §5.2, we use exact value com-
parison of cell textual content and allow a +0.1%
error for numeric values. Before comparing tex-
tual cells, we first convert them to lower case, and
remove non alphanumeric symbols and spaces.

As for date values, we first parse and convert
cells with date values to a Python Date object, and
then compare the canonical dates. This is to avoid
cases where cells are deemed as a non-match due to
differences in the date format. For example, in our
evaluation process, two date values representing
the same date, such as "2014-05-16" and "16th,
May, 2014", will be considered the same.

We further treat “none”, “n/a” ,“nan” and empty
cells as identical in terms of value matching.

B.2 Precision and Recall Computation for
Tables

For a given output table 7'(R, C') and ground-truth
table T'(R, C'), we first align the rows R to their
corresponding rows in R by matching their respec-
tive keys, namely 7 ~ r <= 7[Cy] = r[Ck].
For rows with composite keys, all key values must
be identical, i.e., V¢, € Cf[cx] = rlck].

Recall that a correct cell in T(R,C) is a cell
7[c] such that 7[c] &~ r[c] A 7 ~ r. Namely, row
7 is aligned with a row r in the ground-truth table,
and their corresponding cell values in column c is
matching (using either the precision or semantic
matching definition).

We next provide the precision and recall formu-
las we used for keys, non-keys, and tables.

For keys, we compare R[C}] and R[C}] as fol-
lows. Let the number of matching keys ¢ = |{r €
R,Yep € Cy #lex] = r[cx]}| Then keys precision
is calculated by —= and keys recall is given by A

~
~

|R|
For non-keys, we compare R[C'\ Ci] and R[C'\
C]. After aligning R and R, we compute the num-


https://doi.org/10.18653/v1/2021.emnlp-main.586
https://doi.org/10.18653/v1/2021.emnlp-main.586
https://api.semanticscholar.org/CorpusID:258740999
https://api.semanticscholar.org/CorpusID:258740999
https://doi.org/10.18653/v1/2024.acl-long.692
https://doi.org/10.18653/v1/2024.acl-long.692
https://doi.org/10.18653/v1/2024.acl-long.692

Full-table generation template:

You are a retriever of facts. List all {table description}. The response will be formatted as JSON shown below. Each
element of the response will contain {num columns} fields: {columni, column2, ...}

Do not output any additional text that is not in JSON format.

RESPONSE FORMAT: [{ column1: valuel, column2: value2, ... }]

Full-table generation (populated example):

You are a retriever of facts. List all achievements of Susen Tiedtke from 1987 to 2000. The response will be formatted as
JSON shown below. Each element of the response will contain 4 fields: ['year’, ’competition’, venue’, ’position’]. Do not
output any additional text that is not in JSON format.

RESPONSE FORMAT: [{ “year”: _year, “competition”: _competition, “venue”: _venue, “position”: _position }]

Figure 8: Full-table generation prompt.

Keys generation template:
You are a retriever of facts. We want to create a table with the detailed information about {table description}. The key

columns in the table are {key1, (key2, ...)}. Listall {keyl, (key2, ...)} entities for the table. The response will be
formatted as JSON list shown below.
RESPONSE FORMAT: [{ key: valuel, key2: value2, ... }]

Keys generation (populated example):

You are a retriever of facts. We want to create a table with the detailed information about achievements of Susen Tiedtke
from 1987 to 2000. The key columns in the table are competition, year. List all competition, year entities for the table. The
response will be formatted as JSON list shown below.

RESPONSE FORMAT: [{ “competition”: _competition, “year”: _year }]

Figure 9: Key columns generation prompt.

ber of correct keys, denoted by ¢ = [{(r,¢),r €
RAce C\CkAr~ 7 At[c] =r[c]}|. Then the
non-keys precision is calculated by m and

non-keys recall is calcula@c} by IR[CwW'

Last, for the table precision and recall, we per-
form a similar evaluation, now defining the number
of correct cells, denoted by 7, as all correct cells
in the table. Namely, 7 = |{(r,¢),r € RAc €
C A1~ 7 AT[c] = r[c]}|, then the table precision

is simply calculated by | }?[TCH and table recall is

calculated by \MTTH'

C Table Properties Effect on Performance

In §6.4 we examine how the table properties such
as the size, amount of numeric data, and table popu-
larity affect the generation performance. In Fig. 12
we present the effect of these three properties on
both the keys F1, non-keys F1, and full table F1.
We can see, for instance, that the table size neg-
atively affects both the keys F1 and the non-keys
F1 scores (see Fig. 12 (a) and Fig. 12 (b)), and the
ratio of numeric columns has a negative effect, as
expected, only the non-keys F1 (see Fig. 12 (e)).
The table popularity also have a strong effect on
both the keys F1 and the non-keys F1 (Fig. 12 (g)
and Fig. 12 (h)).
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Row generation template:

You are a retriever of facts. We want to create a table with the detailed information about {table description}. Columns
in the table are {columns}. The key columns in the table are {key1, (key2, ...)3J}. Retrieve a single row whose key is
({key = value}). The response will be formatted as JSON dictionary shown below. Pay special attention to wrap all values
in double quotes!

RESPONSE FORMAT: [{ column1: valuel, column2: value2, ... }]

Row generation (populated example):

You are a retriever of facts. We want to create a table with the detailed information about achievements of Susen Tiedtke from
1987 to 2000. Columns in the table are year, competition, venue, position. The key columns in the table are competition,
year. Retrieve a single row whose key is (year = 1987, competition = World Championships). The response will be formatted
as JSON dictionary shown below. Pay special attention to wrap all values in double quotes!

RESPONSE FORMAT: { “year”: 1987, “competition”: World Championships, “venue”: _venue, “position”: _position }

Figure 10: Row-by-row (row generation) prompt.

Cell generation template:

You are a retriever of facts. We want to create a table with the detailed information about {table description}. Columns
in the table are {column1, column2, ...}. The key columns in the table are {key1, (key2, ...)J}. For the table row whose
key is is ({key = value}) what is the value of attribute {column}. The response will be formatted as JSON dictionary
shown below. Pay special attention to wrap all values in double quotes!

RESPONSE FORMAT: { column: value }

Cell generation (populated example):

You are a retriever of facts. We want to create a table with the detailed information about achievements of Susen Tiedtke from
1987 to 2000. Columns in the table are year, competition, venue, position. The key columns in the table are competition,
year. For the table row whose key is (year = 1987, competition = World Championships) what is the value of attribute venue.
The response will be formatted as JSON dictionary shown below. Pay special attention to wrap all values in double quotes!
RESPONSE FORMAT: { “venue”: _venue }

Figure 11: Cell-by-cell (cell generation) prompt.
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Figure 12: The effect of table size, the ratio of numeric columns, and table popularity on the generation performance

of the full-table method, with four different LLMs. Additional breakdown of generation performance based on cells

in key columns versus non-key columns.
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Abstract

Large Language Models (LLMs) have demon-
strated strong capabilities in code generation,
such as translating natural language questions
into SQL queries. However, state-of-the-art
solutions often involve a costly fine-tuning
step. In this study, we extensively evaluate
In-Context Learning (ICL) solutions for text-
to-SPARQL generation with different archi-
tectures and configurations, based on meth-
ods for retrieving relevant demonstrations for
few-shot prompting and working with multi-
ple generated hypotheses. In this way, we
demonstrate that LLMs can formulate SPARQL
queries achieving state-of-the-art results on
several Knowledge Graph Question Answer-
ing (KGQA) benchmark datasets without fine-
tuning.

1 Introduction

The advent of Large Language Models (LLMs)
has significantly advanced the field of Natural Lan-
guage Processing (NLP), with particular success in
the domain of code generation (Chen et al., 2021;
Roziere et al., 2024).

At the same time, the growing complexity and
scale of Knowledge Graphs (Pellissier Tanon et al.,
2016; Lehmann et al., 2014; Bollacker et al., 2008)
highlighted the need for robust and accurate mecha-
nisms to query such data stores, for instance, within
Knowledge Graph Question Answering (KGQA)
pipelines (Li et al., 2023; Nie et al., 2024).

In this paper, we carry out an extensive eval-
uation of LLM-based In-Context Learning (ICL)
for text-to-SPARQL generation. Text-to-SPARQL
is a crucial component of many KGQA systems,
that typically make use of different modules to
assembly the query, such as Entity and Relation
Linking. To this end, we define a simple and mod-
ular approach to address the text-to-SPARQL task
without fine-tuning. The evaluation is focussed on
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the following key aspects: (1) the influence of vari-
ous In-Context Learning strategies on the quality
of the generated queries; (2) the impact of differ-
ent state-of-the-art model backbones, varying in
architecture, size, and training data; (3) the po-
tential of beam search to generate multiple query
candidates, thereby enhancing the results;(4) a com-
parison between ICL and specialized models fine-
tuned for the task. The code is publicly available at
https://github.com/jacopodabramo/DFSL.

In the interest of reproducibility, as backbones,
we use three state-of-the-art open-weight LLMs:
Mixtral 8x7B, Llama-3 70B, and CodeLLlama 70B.
We run experiments on two widely-used Knowl-
edge Bases, DBpedia and Wikidata, using four pub-
licly available datasets: QALD-9, based on DBpe-
dia, and QALD-9 plus, QALD-10 and LC-QuAD
2.0, based on Wikidata.

Our experimental results demonstrate that LLMs
In-Context Learning solutions achieve state-of-the-
art results, without the need of any fine-tuning. The
injection of demonstrations similar to the input
question into the prompt combined with the gen-
eration of multiple query candidates directly from
beam search hypotheses, yield the best results, ex-
ceeding in most of the benchmarks state-of-the-art
models fine-tuned for the task. Finally, we also
run ablation studies to gauge the effectiveness of
the approach without gold information from the EL
and RL modules.

2 Related work

We first provide an overview of most related In-
Context-Learning approaches. Then, we discuss
text-to-SPARQL methods, including KGQA sys-
tems that typically make use of text-to-SPARQL
techniques to tackle the problem.

Proceedings of the 4th International Workshop on Knowledge-Augmented Methods for Natural Language Processing (KnowledgeNLP’25), pages 66—80
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Question: Which country was Bill Gates born in?

Exemplars Retrieval

Entities: http://www.wikidata.org/entity/05284 0,0 R
— R : b Cqp g q
Relations: http://www.wikidata.org/prop/direct/P19 > El ds
http://www.wikidata.org/prop/direct/pP17
p
In-Context Prompt %, Ry Encod
The task involves translating questions from English into ncode
SPARQL queries for the Wikidata knowledge graph. The
queries must follow specific guidelines to ensure
accuracy and correct execution:
1. Enclose SPARQL queries within <SPARQL></SPARQL> tags.
2. Utilize all provided golden entities and relations X1, 8215+, Xk; Sz
exclusively to construct the query accurately. Do not use
any other entities or relations.
3. Examples are provided below for guidance.
‘Examples:
1 > LLM
o
| Question: Where was Bach born?
| Golden entities: l
| http://wwu.wikidata.org/entity/Q1339 (Johann N N
| Sebastian Bach) Multi-Query Generation
| Golden relations:
;»‘h“‘” s e e B e L ) (e llEEE B0 e PREFIX wdt: <http://www.wikidata.org/prop/direct/> PREFIX wd:
¢ X <http://www.wikidata.org/entity/> SELECT DISTINCT ?uri WHERE { wd:05284
| Query: wdt:P19 ?uri . ?uri wdt:P17 ?uri . }
| <SPARQL>
| PREFIX wdt: <http://www.wikidata.org/prop/direct/>
! PREFIX wd: <http://www.wikidata.org/entity/> SELECT b
' DISTINCT ?uri WHERE { wd:Q1339 wdt:P19 2uri . }</SPARQL> |
o ]
{ PREFIX wdt: <http://www.wikidata.org/prop/direct/> PREFIX wd:
<http://www.wikidata.org/entity/> SELECT DISTINCT ?uri WHERE { wd:Q5284
: wdt:P19 ?uri . ?uri wdt:P17 ?2uri2 .
R
Question: Which country was Bill Gates born in?
Gold Entities:
\—» http://u ikidata.org/entity/Q5284 (Bill Gates) SPARQL Answer
el R Engine Selection
http://www.wikidata.org/prop/direct/P19 (place of birth), J

http://www.wikidata.orqg/prop/direct/P17 (country)

Query:

(—) http://www.wikidata.org/entit 30 (United States of America)

Figure 1: Sketch of the ICL approach. Given a question, its entities and its relations, k-most similar examples are
retrieved from a text-to-SPARQL collection S and injected into the in-context prompt. Then, the LLM generates one
or more queries that are all executed by a SPARQL engine. An answer selection strategy identifies which response

to pick.

2.1 In-Context Learning

ICL is a paradigm that leverages reasoning through
analogies. A task description, question, and demon-
stration context are usually concatenated to cre-
ate a prompt, which is then input into an LLM
for prediction. Unlike fine-tuning, ICL performs
predictions without gradient updates (Dong et al.,
2023). Few-Shot Learning is a type of ICL where
the demonstration context includes a few exam-
ples. Owing to the effectiveness of ICL and the
obvious advantage of building systems that don’t
need domain-specific training, a great deal of re-
search and engineering efforts have been devoted
to designing suitable prompts. ICL has been suc-
cessfully applied to many NLP problems, including
QA (Chada and Natarajan, 2021; Chen et al., 2023).

Some studies have also focused on the selection
of in-context examples. In particular, Liu et al.
(2022) developed KATE, an unsupervised retriever
that utilizes k-nearest neighbors and distance met-
rics (e.g., L2 distance and cosine similarity) to se-
lect in-context examples for tasks such as sentiment
analysis, table-to-text generation, and question an-
swering. Levy et al. (2023) explored the incor-

poration of diverse demonstrations into prompts
for compositional semantic parsing task, demon-
strating that such diversity leads to better structural
coverage in target utterances. Kim et al. (2022)
leveraged the generative capabilities of pre-trained
language models to generate demonstrations for
each class in downstream tasks, conditioned on test
inputs and class information. Gonen et al. (2022)
found that selecting examples based on perplex-
ity, in particular lower perplexity, is an effective
strategy.

Similar principles have been adopted in code
generation tasks (Cheng et al., 2022), including
text-to-SQL (Cheng et al., 2022; Nan et al., 2023;
Zhang et al., 2023; Wei et al., 2023) and KGQA (Li
et al., 2023). In the same vein, our study investi-
gates ICL strategies to address text-to-SPARQL.
However, while all these approaches are based on
proprietary LLMs, such as GPT-3, GPT-4 (Brown
et al., 2020) and Codex (Chen et al., 2021), we
focus on open-weight LLMs.

2.2 Text-to-SPARQL

With the recent wave of decoder-based LLMs
such as GPT (Brown et al., 2020), Mixtral (Jiang



et al., 2024), and Llama (Touvron et al., 2023),
generative Al was also used to translate ques-
tions into SPARQL queries. Notably, Zou et al.
(2021) introduced a text-to-SPARQL model that
leverages a relation-aware attention decoder and a
pointer network encoder, incorporating three sep-
arate scaled dot-product attention mechanisms to
generate SPARQL queries that capture entity, rela-
tion, and keyword representations. Banerjee et al.
(2022) experimented with various models, includ-
ing TS5 (Raffel et al., 2020), BART (Lewis et al.,
2019), and Pointer Generation Networks (See et al.,
2017), to explore their efficacy in KGQA tasks.
Rony et al. (2022)’s SGPT employs a stack of trans-
former encoders to extract linguistic features from
the natural question and GPT-2 as a decoder. How-
ever, this architecture is limited by its inability to
capture connections among entities and relations in
the underlying knowledge graph, leading to errors
in generating triple sequences in the final SPARQL
queries. Pliukhin et al. (2023) presented a one-
shot generative approach, where the prompt is aug-
mented with a KG fragment required to construct
the query and a question-subgraph query example.

Despite promising results, these architectures
are prone to systematic errors. One such error, the
so-called “triple-flip", refers to the reversal of sub-
ject and object positions in the generated SPARQL
triples, yielding wrong, often empty answers. Qi
et al. (2024) addressed this issue by developing
TSET, a fine-tuned T5 model with a pre-training
stage called Triplet Structure Correction.

All these works propose dedicated architectures
or training objectives designed for the task at hand.
This requires fine-tuning, that may be expensive in
terms of resources, thus limiting the choice of back-
bones to specialize. We take a different approach
and investigate ICL solutions that do not require
any fine-tuning.

Text-to-SPARQL methods are typically evalu-
ated in KGQA tasks, and they all share a similar
pipeline, where entities and relations are given or
extracted from other modules and the goal of the
model is to translate a natural language question,
associated with its entities and relations, into the
SPARQL query.

KGQA. Being text-to-SPARQL an important in-
gredient in KGQA, many KGQA approaches are
inherently related with our work. Early research
in KG query generation was rule-based (Guo et al.,
2005; Owens et al., 2008), template-based (Zenz
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et al., 2009; Unger et al., 2012; Gorlitz et al., 2012)
or search-based. However, manual or semi-manual
approaches hit scalability issues with KGs like
WikiData and DBpedia. Nowadays, research fol-
lows two main streams: information-retrieval based
methods and Text-to-SPARQL approaches. The
former generally require identifying sub-graphs rel-
evant to the natural question. They include divide-
and-conquer (Kim et al., 2023), fact retrieval based
on linked entities (Baek et al., 2023), more complex
methods involving hops, relation predictions, and
triple sampling (Wu et al., 2023), or Evidence Pat-
tern Retrieval (EPR) through structural dependency
modeling (Ding et al., 2024). Conversely, solutions
based on text-to-SPARQL typically use ICL ap-
proaches to build a query draft in a logical form
that is then refined and converted into a formal
SPARQL query by means of different strategies.
KB-BINDER (Li et al., 2023) leverages LLMs
for generating preliminary logical forms and re-
fines them using a lexicon-based similarity search,
achieving notable performance on several KBQA
datasets without customized heuristics for specific
knowledge bases. In (Nie et al., 2024) authors
propose converting logical form generation into
Python function call sequences, reducing format
errors and enhancing performance in zero-shot and
few-shot settings, establishing new state-of-the-art
results on multiple datasets. In the same spirit,
other methods generate natural language questions
starting from SPARQL queries instead (Li et al.,
2024; Liang et al., 2023).

Our study departs from the KGQA works listed
above in several ways. First, it focuses on the text-
to-SPARQL task starting from a natural question
and gold entities/relations, whereas KB-BINDER
and other methods address a different task: the
production of a logical form starting from a natu-
ral question, without gold entities/relations. The
SPARQL query can be constructed afterward, and
entities/relations can be predicted based on the
logical form, which is what KB-BINDER does;
nevertheless, the task is a different one. For this
reason, we only consider text-to-SPARQL bench-
marks with gold entities/relations, as in (Banerjee
et al., 2022; Rony et al., 2022; Qi et al., 2024). An-
other difference is the choice of the KG: instead of
freebase, a project closed in 2016, we adopt Wiki-
data, an ongoing project with 1.57 billion semantic
triples to date.!

"https://grafana.wikimedia.org/d/000000175/
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3 Method

Given a collection of natural language questions Q
and a knowledge graph G := (£, R, F), where &
are entities, R are relations,and F C £ x R x &£
are facts, KGQA is the problem of answering ques-
tions in O based on G. KGQA can be framed
as a text-to-SPARQL task, where a question ¢
must be translated into a SPARQL query s, to be
executed on G by a SPARQL engine, to return a
(possibly empty) answer a. The entities and re-
lations in ¢, denoted as &, and R,, may be, and
usually are, extracted from ¢ before generating s,.
Hence, query generation can be tackled as a con-
ditional text generation problem given ¢, &, and
R4. Within the scope of ICL, Fy is a pre-trained
LLM and the conditional input £;, Ry, g is com-
bined with other contextual information C, such as
additional instructions, guidelines, constraints and
demonstrations, all expressed via natural language
text. Accordingly, the generated query is:

sq = argmax Py(s|C, &, Ry, q). (1)

3.1 Exemplary Demonstrations Retrieval

In few-shot ICL, the choice of demonstrations to
inject in the prompt can significantly affect perfor-
mance. Usually, few-shot examples are predeter-
mined representative instances of the task, hand-
picked during prompt design. Conversely, we aim
to retrieve good examples dynamically, based on
their relevance to the input question. Inspired by
Liu et al. (2022) and Li et al. (2023), we adopt a
retrieval approach based on the similarity between
a question ¢ and a set of previously answered text-
to-SPARQL examples collected in a storage S (see
Figure 1), where each example is a tuple including
a question z, its entities £, and relations R, and
the associated SPARQL query s,. Differently from
(Li et al., 2023), we encode examples with dense
representations instead of BM25. Moreover, beside
the question itself, we also encode its entities and
relations, i.e. (¢, &;, R,) are mapped onto a vector
representation e, € R¢ using a sentence encoder.
To properly feed such information to an encoder-
only LM, we concatenate question, entities and re-
lations in a single input sequence q := [q, &g, Rq].
Likewise, we encode each example = € S into a
vector ¢, € R? and then compute the similarity

wikidata-datamodel-statements?orgld=1&refresh=
30m

between the target question and the storage:

score(q,x) = sim(eq, ez),Vr €S, (2)
where sim is a similarity function. Based on such
a scoring, we retrieve the k-most similar examples
S and include them as demonstrations in the in-
context prompt. From now on, we refer to this ex-
emplary demonstration retrieval strategy as DFSL,
standing for Dynamic Few-Shot Learning.

3.2 In-Context Prompt

The in-context prompt has three parts. The first is
the task description, instructing the LLM with a
numbered list of guidelines on the output format
and on the available information. The second, high-
lighted in Figure 1 with a green block, contains the
k retrieved demonstrations. Each demonstration
consists of a question, its entities and relations, de-
noted as gold entities/relations, all paired with their
SPARQL query delimited by <SPARQL></SPARQL>
tags. The ### symbol delimits each example. The
last part is the question, associated with its gold
entities and relations. The answer returned by the
LLM prompted as such is then parsed to extract
the generated text enclosed in <SPARQL></SPARQL>
tags. The resulting query s, is executed by a
SPARQL engine on G to yield the answer to q.

3.3

A typical challenge faced by LLMs in SPARQL
query generation is the understanding of what is
the subject and what is the object of a relation, an
information the model does not have. LLMs often
end up in swapping the subject with the object in
the query, almost choosing one way or the other ran-
domly. This problem is called triple-flip error (Qi
et al., 2024). Thanks to ICL, this issue may be alle-
viated whenever there are similar demonstrations
in the in-context prompt that clarify the subject-
object roles. To further reduce triple-flip errors,
we propose the generation of multiple SPARQL
queries by retaining all the final hypotheses gener-
ated during beam search. The model uncertainty in
placing subject and object is likely to be reflected
in the beam search exploration. Intuitively, both
triple-ordering hypotheses are considered plausi-
ble by the model. Thus, instead of just returning
the most probable sequence s according to Equa-
tion 1, we keep the whole b queries {sq,1, ..., 545}
formulated by beam search.

Multi-Query Generation
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Approach Backbone QALD-9 Plus QALD-10 LC-QUAD 2.0 QALD-9DB
Zero-shot Learning 49.90 33.76 40.66 65.73

Few-shot Learning Mixtral 7x8 54.80 (+4.90)  50.26 (+16.50) 61.04 (+20.38)  63.86 (-1.87)
DFSL 71.75 (+21.85) 49.90 (+16.14)  81.81 (+41.15) 72.74 (+7.01)
Zero-shot Learning 63.01 58.31 54.21 70.49

Few-shot Learning Llama-3 70B 67.69 (+4.68) 51.28 (-7.03) 68.52 (+14.31)  68.84 (-1.65)
DFSL 73.60 (+10.59)  56.59 (-1.72)  81.93 (+27.72)  72.66 (+2.17)
Zero-shot Learning 45.94 33.36 38.40 66.43

Few-shot Learning ~ CodeLlama 70B  64.49 (+18.55) 57.38 (+24.02) 64.46 (+26.06) 72.67 (+6.24)
DFSL 76.59 (+30.65) 57.69 (+24.33)  85.45 (+47.05) 75.14 (+8.71)

Table 1: ICL techniques comparison on different backbones. Absolute F1 gains with respect to zero-shot are

reported between parenthesis.

Approach QALD-9 Plus QALD-10 LC-QUAD 2.0 QALD-9DB
DFSL 76.59 57.69 85.45 75.14
DFSL-MQP; g 73.67 58.85 85.06 73.25
DFSL + Multi-Query Promptgg 74.40 58.34 85.38 73.92
DFSL-MQ g 83.21 60.48 85.54 72.06
DFSL-MQkgg 84.45 (+7.86) 62.20 (+4.51) 89.10 (+3.65) 77.89 (+2.75)

Table 2: Multi-query Generation: comparing DFSL-MQ with DFSL and Multi-Query Prompting baselines. Absolute
F1 gains with respect to DFSL are reported for the best performing configuration.

Answer Selection. Executing multiple queries in-
evitably leads to multiple possible answers. There-
fore, we must define an answer selection criterion.
We designed two heuristics: Largest Set (LS) and
First Set (FS). LS executes all the b queries, obtain-
ing with each query s, ; a (possibly empty) answer
set Aj;. LS then selects, among {Ay,. .., Ay}, the
largest one?, i.e:

A= arg n}fxﬂflﬂ, oy A,

the rationale being that incorrect candidates will
likely have empty results. However, LS can be mis-
led into selecting answers from under-constrained
queries that return many irrelevant instances. FS
adheres to the natural beams ordering by selecting
the first query that yields a non-empty answer set.

4 Experiments

In this section, we conduct the investigation of
LLM:s capabilities in text-to-SPARQL query gener-
ation. KGQA serves as a benchmark task to mea-
sure the quality of the generated queries.

4.1 Datasets

To make our analysis more robust, we evaluate
models and methods on four heterogeneous KGQA

2n case of ties, we take the first largest set.

benchmarks based on two different Knowledge
Graphs (Wikidata, DBpedia).

QALD-9 DB. QALD-9 (Ngomo, 2018) is a
dataset from the Question Answering over Linked
Data (QALD) challenge series. It comprises 408
training questions and 150 test questions. Unlike
the other KGQA benchmarks, the SPARQL queries
are meant for a DBpedia Knowledge Graph. We
refer to it as QALD-9 DB to emphasize that.

QALD-9 plus. QALD-9 plus extends QALD-9
on new languages and transfers SPARQL queries
from DBpedia to Wikidata. Although some queries
were not portable to Wikidata due to the absence of
corresponding information, it still comprises 371
training questions and 136 test questions. In our
experiments, we only consider English questions.

QALD-10. QALD-10 (Usbeck et al., 2023) is
the latest dataset in the QALD series, designed to
increase the complexity of gold SPARQL queries.
It consists of 412 training questions extracted from
QALD-9 plus Wikidata. The test set was created
from scratch, comprising 394 test questions that ex-
press real-world information needs. Test questions
significantly differ from those in training.
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Figure 2: Comparison of Embeddings: DFSL (in orange) encoding that incorporates question, entities and relations
versus an embedding solely based on the question ¢ (in blue).

LC-QuAD 2.0. LC-QuAD 2.0 (Dubey et al.,
2019) is a large-scale dataset grounded on Wiki-
data. It consists of 30,226 simple and complex
questions: 24,180 in training, and 6,046 in test.
Questions are diverse. They include single- and
multi-fact, boolean, count, and other query types.
With such a large and diverse text-to-SPARQL stor-
age, LC-QuAD 2.0 allows us to gauge the benefits
of retrieving similar exemplary demonstrations.

4.2 Backbones

Mixtral 8x7B. Based on the Sparse Mixture of
Experts (SMoE) architecture (Fedus et al., 2022),
Mixtral 8x7B (Jiang et al., 2024) is a 46.7B param-
eters model. Among the backbones adopted in this
paper, Mixtral is the smallest. Moreover, thanks
to the characteristics of its SMoE architecture, less
than 13B are active at each inference step, making
Mixtral particularly efficient.

Llama-3 70B. Built upon the Llama architec-
ture (Touvron et al., 2023), Llama-3 70B has been
trained on 15T tokens, a 650% increase from its pre-
decessor, Llama 2. At the time of writing, Llama-3
70B is one of the best-performing open-weights
LLMs available.

CodeLlama 70B. Initialized from Llama2 70B,
CodeLlama (Roziere et al., 2024) is a specialized
version fine-tuned on 1T tokens of code-heavy data.
Therefore, we expect CodeLlama to be particularly
suitable for SPARQL query generation.

4.3 Baselines

Plain Question. This is a naive baseline where
we feed an LLM only with the task description and
the question ¢q. Without in-context examples nor
any entity or relation associated with ¢, the LLM
can only rely on its parameter memory.
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Zero-Shot Learning. Here we do not provide
any demonstrative example in the prompt. How-
ever, unlike the plain question baseline, we do in-
ject golden entities and relations into the prompt.
With reference to Figure 1, the In-Context prompt
remains the same but without the green-like block
containing the demonstrations.

Few-Shot Learning. The prompt is filled with a
single set of £ manually selected examples, used for
all the questions in the test set. The examples were
chosen to maximize diversity and cover different
kinds of queries?.

Multi Query Prompting (DFSL-MQP). Asan
alternative to our proposed multi-query generation
(DFSL-MQ), this baseline consists in a naive multi-
query prompting strategy. Essentially, we ask the
model to generate more queries to answer the ques-
tion. To ease the creation of inverted subject-object
queries that can solve triple-flip errors, we extend
the prompt to explicitly ask the model to produce
this kind of SPARQL queries. Answer selection
uses LS and FS heuristics, like with DFSL-MQ.

4.4 Experimental Setup

Implementation. In our experiments, the training
set of each dataset serves as storage for the re-
trieval of the k£ most similar examples (see the next
paragraph for details on & tuning) with DFSL. Ex-
amples are encoded with a sentence transformer?,
all-mpnet-base-vzs, and sim is defined as the co-
sine similarity. Inference is performed via beam

search in all ICL approaches, where b is set to 3,

3The chosen examples and more details are provided in
Appendix B.

4https://www.sbert.net/index.html

5huggingface .co/sentence-transformers/
all-mpnet-base-v2
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and DFSL-MQ, where b is set to 10. All the exper-
iments were run on a cluster of 4 NVIDIA A100
GPUs.
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Figure 3: Impact of the number of in-context examples
on the four benchmarks.

Number of Few-shot Examples. We first an-
alyzed how the number of few-shot examples &
retrieved by DFSL affects the performance. We
chose among k = {1, 3,5, 7} and evaluated DFSL
with Llama 3 70B backbone on the four datasets.
The results shown in Figure 3 suggest that values
of k greater than one perform comparably well
on smaller benchmarks, while on LC-QUAD 2.0,
where there are about 25 thousands examples as
storage, increasing k seems to be beneficial. This
may be due to the increased likelihood of finding
similar examples in larger datasets as k grows. We
set k = 5 for all the forthcoming experiments,
which is a good trade-off across all the datasets.

Prompt. The prompt illustrated in Figure 1 con-
stitutes the default template in our experimenta-
tions. However, slight variations are required in
certain cases. For example, when running experi-
ments on DBpedia knowledge graph, we replace
the Wikidata reference with DBpedia in the first
text segment. When we study the absence of gold
information instead, we remove all the references
to gold entities/relations (according to the ablation)
from the entire prompt. There are no differences in
the prompts layout when running few-shot-learning
baseline experiments. In zero-shot learning, only
the in-context examples any reference to them are
removed, all else being equal.

Evaluation metric. We follow a standard F1
score evaluation in KGQA benchmarks. The F1 is
computed between the answer set returned by the
target SPARQL query and the predicted one. When
both the queries return an empty set, we assign an
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F1 score of 1. The F1 scores of all the examples
are then averaged.

4.5 Results

In-Context Learning. To measure how ICL tech-
niques affect the generation of SPARQL queries,
we compare Zero-Shot, Few-Shot Learning and
DFSL on three different LLMs. Results are out-
lined in Table 1. Both few-shot learning and
DFSL generally yield substantial gains with re-
spect to zero-shot baseline on all the backbones
and datasets. An exception occurs in QALD-10
with Llama-3. Notably, when comparing DFSL
and Few-shot Learning baseline, we can see how
examples selection approach improves F1 scores by
a large margin in LC-QUAD 2.0, QALD-9 Plus and
QALD-9 DB, with F1 increasing up to 21 absolute
points®. In QALD-10 instead, where the test set
has a different distribution from its training, there
are no significant differences between DFSL and
the standard few-shot learning approach. Indeed,
an approach like DFSL brings little benefits when
the storage only contains unrelated examples.

Backbones Comparison. In terms of backbones,
Llama-3 consistently outperforms both Mixtral and
CodeLlama in zero-shot learning scenario, whereas
in few-shot, results are generally comparable be-
tween Llama-3 and CodeLlama. Such a strong
Llama-3 zero-shot performance may be caused by
some sort of data contamination, however we leave
such an investigation for future works. Overall,
DFSL with CodeLlama achieved the greatest per-
formance with respect to all the other configura-
tions. Therefore, we adopt CodeLlama as our back-
bone in the following experiments.

Impact of Multi-Query Generation. Here we
investigate DFSL-MQ, the multi-query approach
extending DFSL. We evaluate both answer selec-
tion strategies, LS and FS, and compare them
against the plain DFSL and the multi-query prompt-
ing baseline described in Section 4.3. All the
results are outlined in Table 2. Having multiple
queries is not necessarily beneficial. Indeed, the
multi-query prompting baseline under-performs
in three datasets out of four with respect to (sin-
gle query) DFSL, regardless of the answer selec-
tion method adopted. On the contrary, DFSL-MQ
proves to positively increase results. Both Largest
Set and First Set heuristics are effective when the

®Some qualitative examples illustrate the benefits of DFSL
over few-shot learning in Appendix A (see Table 6).



Approach QALD-9 Plus QALD-10 LC-QUAD 2.0 QALD-9DB
Plain Question 0.08 0.02 12.00 16.42
BART (Banerjee et al., 2022) - - 64.00 -
PGN-BERT-BERT (Banerjee et al., 2022) - - 86.00 -
SGPT (Rony et al., 2022) - - 89.04 67.82
TSET-small (Qi et al., 2024) 72.86 47.15 94.00 -
TSET-base (Qi et al., 2024) 75.85 51.37 95.00 -
Zero-shot Learning 45.94 33.36 38.40 66.43
Few-shot Learning 64.49 57.38 64.46 72.67
DFSL 76.59 57.69 85.45 75.14
DFSL-MQ beam FS 84.45 (+8.60)  62.20 (+10.83)  89.10(-5.90)  77.89 (+10.07)

Table 3: DFSL and ICL approaches vs state-of-the-art fine-tuned models.

hypotheses come from the beams. Furthermore, FS
consistently outperforms LS, even by substantial
margins in QALD-9 DB. This shows that exploiting
the information coming from beam search hypothe-
ses is a promising strategy to obtain more query
candidates.

In-context Learning vs Fine-tuning. Up to this
point, we have assessed In-Context Learning ap-
proaches. In Table 3 instead, we compare them
against state-of-the-art models trained and/or fine-
tuned for specific downstream KGQA datasets.
Without any training, DFSL-MQ outperforms cur-
rent state-of-the-art approaches in three out of four
benchmarks, namely QALD-9 Plus, QALD-10 and
QALD-9 DB, even with the single query DFSL
setup. DFSL-MQ does not obtain state-of-the-art
results in LC-QUAD 2.0, the dataset mostly af-
fected by triple-flip errors. This means that multi-
query generation only alleviates the issue, but does
not solve it entirely.

4.6 Ablation studies

Different Example Encoding. As described in
Section 3.1, to compute the embeddings we con-
catenated the textual input made of the question
and its list of entities and relations. Here, we gauge
the impact of this additional information on DFSL
performance. In Figure 2 we compare it, with a
variant where only the natural language question
q is embedded, without any additional data con-
catenated. The evaluation carried out in all the
benchmarks and with all the backbones, demon-
strates that such information improves the quality
of the generated queries.

Absence of gold information. In KGQA, text-
to-SPARQL generation usually relies not only on
the question itself, but also on entities and relations
associated to it. Here we assess DFSL when ei-

QALDI9DB QALD 9 Plus

DFSL 75.14 76.59
wlo Rq 56.62 49.47
wlo Eq 60.92 31.83
wlo Eq, Rq 49.59 26.16

Table 4: DFSL in the absence of entities and/or rela-
tions.

ther the entities &, or the relations R, or both are
missing. The information is removed throughout
the entire process. For example, when removing
entities, we discard them from both the storage and
the prompt. Even the embeddings for the retrieval
are computed by encoding an input without any en-
tity concatenated in g, i.e. becoming q = [g, R].
We report this on both Wikidata and DBpedia KGs.
Results outlined in Table 4, clearly show how the
knowledge about entities and the relations is es-
sential for generating the query, indeed without
performance drop significantly. Nonetheless, even
in the case where no information is given (DFSL
w/o &, Ry), the presence of dynamic demonstra-
tions drastically help, yielding respectively a 33+
and 25+ absolute F1 increase compared to plain
question baseline in Table 3.

5 Conclusion

In this paper, we investigated the use of out-of-the-
box Large Language Models for text-to-SPARQL
generation. We carried out an extensive evalua-
tion of several backbones and configurations on
four KGQA benchmarks. By leveraging differ-
ent In-Context Learning (ICL) approaches, we
have shown that LLMs can effectively generate
SPARQL queries. When demonstrations similar
to the input question are injected into the prompt,
LLMs achieve performance exceeding state-of-the-



art models fine-tuned on the downstream task. The
generation of multiple SPARQL query hypotheses
from beam search candidates enhances the perfor-
mance further, even with a simple query selection
criterion.

Future work will focus on extending the investi-
gation to multiple languages and (possibly private)
KGs.

Limitations

We recognize some limitations in our work. Our ex-
periments are all on English-based datasets, where
notoriously LLLMs are better performing. More-
over, the massive pre-training of those LLMs on a
vast portion of the Web, may expose those models
to unintended data contamination, a phenomenon
already observed in similar domains (Ranaldi et al.,
2024). Experiments only focused on LLMs with
large number of parameters, without investigating
the behaviour of smaller models. To encode exam-
ples, we limited the investigation to what kind of
text to encode (just the question, or the question
and its entities and relations), without exploring
different embedding models, similarity criteria or
other input concatenation strategies. We leave these
investigations to future work.
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A Qualitative Analysis
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Then, we show some examples in Table 7 where the
multi-query approach solves triple-flip errors. In
Table 5 instead, we showcase errors caused by em-
ploying LS answer selection heuristic. Notably, by
choosing larger sets, LS sometimes selects queries
that are often relegated to latter positions in the
beam hypotheses, which tend to be more general,
thus more prone to returning a greater number of
results.

B Few-shot Learning Examples

We report in Figure 4 the examples selected for the
Few-shot learning baseline prompt. The five exam-
ples were chosen to be the most representative of
the training set, including queries of different kind
and structure, such as ASK, COUNT and SELECT.
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Question Target Query Answer Predicted Query Beam
Selection
What is manufactured SELECT ?answer WHERE LS SELECT  ?answer WHERE { 7
NEC PC-9800 series { wd:Q183505 wdt:P176 wd:Q183505 wdt:P176 ?X . 72X
whose sector is electron-  ?answer . ?answer wdt:P452 wd:Q11650 . 2X
ics? wdt:P452 wd:Q11650 } wdt:P31 ?answer}
FS 4
What is the enthalpy of select distinct LS ASK  WHERE  { wd:Q14982 3
vaporization for potas- ?answer where { wdt:P2116 ?0bj filter(?obj =
sium hydroxide? wd:Q132298  wdt:P2116 37400) }
?answer}
FS 1
Which is the rural city SELECT ?answer WHERE LS SELECT  ?answer WHERE { 3
of Fukushim? { wd:Q161176 wdt:P131 wd:Q161176 wdt:P131 ?X . 72X
?answer . ?answer wdt:P150 ?answer}
wdt:P150 wd:Q1347240}
FS 1

Table 5: Qualitative comparison between different answer selection strategies in DFSL-MQ.
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Question Target Query Approach Predicted Query Similar In-context Ex-
ample
Who is the daughter of ~SELECT DISTINCT ?uri Few-Shot SELECT DISTINCT ?uri WHERE -
Robert Kennedy mar- WHERE { wd: Q25310 { ?uri wdt:P40 wd:Q25310
ried to? wdt: P40 ?daughter ; wdt:P21 wd:Q6581072
. ?daughter wdt:P26 ?spouse .
wdt:P21 wd:Q6581072
?daughter wdt:P26 ?uri
-}
DFSL SELECT DISTINCT ?2uri  SELECT DISTINCT
WHERE { WdEQ253100WdtEP40 uri WHERE {
BERild . 7child wdt:p2 WOHQASZATINAEIPAY
wd:Q6581072 . Pehild [REhildNIEIN?ehild
wdt:P26 2uri . } wdt:P26 Zuri . }
Which countries are SELECT DISTINCT ?uri Few-Shot SELECT DISTINCT ?uri WHERE -
connected by the WHERE { wd:Q584 wdt:P17 { ?uri wdt:P31 wd:Q6256 ;
Rhine? 2uri . ?uri wdt:P31 wdt:P17 wd:Q584 .}
wd: Q6256 . }
DFSL SELECT DISTINCT ?uri WHERE SELECT DIS-
{ WGHQSSANWGEPINIGE . TINCT
?uri wdt:P31 wd:Q6256 . } WHERE { WdiQ3392
wdt:PS8S/faEPI7 2es ]
}
Give me the capitals of SELECT DISTINCT ?uri Few-Shot SELECT DISTINCT ?uri WHERE -
all countries in Africa. WHERE { ?country { ?uri wdt:P31 wd:Q6256 ;
wdt:P31 wd: Q6256 wdt:P30 wd:Q15 ; wdt:P36
?country wdt:P30 ?capital . }
wd:Q15 . ?country
wdt:P36 ?uri . }
DFSL SELECT DISTINCT ?2uri  SELECT DISTINCT
WHERE { ?country wdt:P31 ?uri WHERE {
wd:Q6256 . ?2country  wd:Q5451 wdt:P17
wdt:P30 wd:Q15 . PEoURtry “?country . [2COUNLY
3 wdt:P36 2uri . }

Table 6: A qualitative comparison between DFSL and Few-shot Learning. Thanks to the similar in-context examples
retrieval, the LLMs generates the correct query.

Question Target Query Approach Predicted Query

Who is the enclave within of select distinct ?sbj where { ?sbj DFSL select distinct ?obj where { wd:Q340

Montreal? wdt:P501 wd:Q340 . ?sbj wdt:P31 wdt:P501 ?20bj . 20bj wdt:P31
wd:Q171441 } wd:Q171441 }

DFSL-MQ  select distinct ?sbj where { [SBj
?sbj wdt:P31
wd:Q171441 }

The trachea is of what anatomi- select distinct ?answer where { DFSL select distinct ?answer where {
cal branch? ?answer wdt:P3261 wd:Q175449} wd: Q175449 wdt:P3261 ?answer?}

DFSL-MQ  select distinct ?answer where { &
swer wdt:P3261 wd:Q175449y

What revolution caused the de- select distinct ?obj where { DFSL select distinct ?sbj where { ?sbj
struction of the Russian Empire?  wd:Q34266 wdt:P77@0 ?obj . ?obj wdt:P770 wd:Q34266 . ?sbj wdt:P31
wdt:P31 wd:Q10931 } wd:Q10931 3

DFSL-MQ select distinct ?0bj where {
?0bj

wdt:P31 wd:Q10931 }

Table 7: Some triple-flip errors that are solved by DFSL-MQ.
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Examples:
Question: Give me all companies in Munich.

Entities:
http://www.wikidata.org/entity/q4830453 (business), http://www.wikidata.org/entity/q1726 (Munich)

Relations:

http://www.wikidata.org/prop/direct/p279 (subclass of), http://www.wikidata.org/prop/direct/p31 (instance of)
http://www.wikidata.org/prop/direct/pl59 (headquarters Tocation)

Query:

<SPARQL>

PREFIX wdt: <http://www.wikidata.org/prop/direct/> PREFIX wd: <http://www.wikidata.org/entity/> SELECT DISTINCT ?uri WHERE { ?type wdt:P279*
wd:Q4830453 . ?uri wdt:P31 ?type ; wdt:P159 wd:Ql726 . }

</SPARQL>

#it#

Question: was Marc Chagall a jew?

Entities:
http://www.wikidata.org/entity/q93284 (Marc Chagall), http://www.wikidata.org/entity/q7325 (Jewish people)

Relations:
http://www.wikidata.org/prop/direct/pl72 (ethnic group)

Query:

<SPARQL>

PREFIX wdt: <http://www.wikidata.org/prop/direct/> PREFIX wd: <http://www.wikidata.org/entity/> ASK WHERE { wd:Q93284 wdt:P172 wd:Q7325 . }
</SPARQL>

#it#

Question: How many films did Leonardo DiCaprio star in?

Entities:
http://www.wikidata.org/entity/ql1424 (film), http://www.wikidata.org/entity/q38111 (Leonardo DiCaprio)

Relations:
http://www.wikidata.org/prop/direct/p31 (instance of), http://www.wikidata.org/prop/direct/pl6l (cast member)

Query:

<SPARQL>

PREFIX wdt: <http://www.wikidata.org/prop/direct/> PREFIX wd: <http://www.wikidata.org/entity/> SELECT (COUNT(DISTINCT ?uri) AS ?c) WHERE { ?uri
wdt:P31 wd:Q11424 ; wdt:P161 wd:Q38111 . }

</SPARQL>

###

Question: Give me all Tibraries established earlier than 1400.

Entities:
http://www.wikidata.org/entity/q7075 (library)

Relations:
http://www.wikidata.org/prop/direct/p31 (instance of), http://www.wikidata.org/prop/direct/p571 (inception)

Query:

<SPARQL>

PREFIX wdt: <http://www.wikidata.org/prop/direct/> PREFIX wd: <http://www.wikidata.org/entity/> SELECT DISTINCT ?uri WHERE { ?uri wdt:P31 wd:Q7075
; wdt:P571 ?date . FILTER (YEAR(?date) < 1400 ) }

</SPARQL>

#i#t#

Question: Is Christian Bale starring in Batman Begins?

Entities:
http://www.wikidata.org/entity/ql66262 (Batman Begins), http://www.wikidata.org/entity/q45772 (Christian Bale)

Relations:
http://www.wikidata.org/prop/direct/pl6l (cast member)

Query:

<SPARQL>

PREFIX wdt: <http://www.wikidata.org/prop/direct/> PREFIX wd: <http://www.wikidata.org/entity/> ASK WHERE { wd:Q166262 wdt:P161 wd:Q45772 }
</SPARQL>

Figure 4: Examples injected in the Few-shot-learning prompt.
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Abstract

In the evolving e-commerce landscape, accu-
rate product attribute-value extraction is crucial
for enhancing user experience and increasing
sales. This paper introduces GAVEL, a genera-
tive approach leveraging large language models
(LLMs) to augment training data for attribute
extraction from diverse textual sources. Our
method extracts over 1,000 unique attributes
across 2,000 product categories in multiple
Southeast Asian languages, including Thai,
Vietnamese, and Indonesian. Rigorous eval-
uations show significant improvements in accu-
racy and coverage compared to seller-provided
attributes, with enhanced recall and F1 scores.
Additionally, GAVEL reduces operational costs
by minimizing instruction token usage and im-
proves inference speed. The results of the A/B
test indicate that our model has a positive im-
pact on Gross Merchandise Value (GMV) per
page view (PV) across all three operating coun-
tries. This research highlights the potential of
generative techniques for optimizing attribute
extraction in multi-language e-commerce appli-
cations.

1 Introduction

Product attributes significantly influence product
search (Aietal., 2019; Luo et al., 2022), recommen-
dation systems (Luo et al., 2022; Gao et al., 2023),
and buyers’ decision-making processes (Zheng
et al., 2020; Hafiz and Ali, 2019; Helfi et al., 2019).
Inadequate or erroneous information on product
pages can lead to adverse outcomes, such as a
poor shopping experience, decreased visibility, and
lower sales. For instance, Figure 1 illustrates a case
where the color ’sky blue’ is mentioned in the title,
highlights, and description; however, it contradicts
the Stock Keeping Unit (SKU) variant, which is
listed as red. Such discrepancies can confuse poten-
tial buyers and negatively impact their purchasing
decisions.
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Fashion Silicone Rubber Elasticity Wristband Wrist
Band Cuff Bracelet Bangle sky blue

-67%

Color Family 'Red(20¢m)

< = 8 &2 63 &3 €2 3
OOO}C gs s 0 e 8 C
Highlights
- [Silicone rubber wristband for elastic comfort - Ideal for casual wear and sports activities
+ Stylish cuff bracelet design in sky blue - 100% brand new and high-quality material
Description
Mat
Cor
Col
Cir
Pa
No the color of the item in the picture a little different from the real thing.
Th
o Specifications
Brand Warranty Type
No Brand No Warranty
SKU-level attributes: Item-level attributes:
Color: Red « Color: sky blue

Size: 20cm

« Size: 20cm, 7.9inch
+ Material: Silicone Rubber

Figure 1: An example of seller-provided information,
including extracted attributes. The information consists
of (1) category, (2) images, (3) title, (4) SKU variants,
(5) highlights, (6) description, and (7) specifications.
In this case, the color ’sky blue’ appears in the title,
highlights, and description; however, it contradicts the
SKU variant’s color, which is red.

In recent years, there has been significant
research on Product Attribute-Value Extraction
(PAVE) (Shinzato et al., 2023; Zou et al., 2024b;
Zhu et al., 2020). Initial studies primarily em-
ployed sequence tagging methods using encoder-
only models like BERT (Wang et al., 2020; Zhu
et al., 2020; Chen et al., 2022; Embar et al., 2021;
Xu et al., 2019; Deng et al., 2022). However, this
approach has limitations in handling unseen and
canonicalized values (Shinzato et al., 2023). To
overcome these challenges, subsequent research
has shifted from sequence tagging to sequence-to-
sequence generation models, such as TS and BART,
which support more flexible output formats (Shin-
zato et al., 2023; Nikolakopoulos et al., 2023; Gong
and Eldardiry, 2024; Wang et al., 2022; Roy et al.,
2022; Sabeh et al., 2024; Roy et al., 2021). Addi-
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Product profile

Category
Title
Highlights
Blue: seller-provided values Description

SKU attributes
Item attributes

Red: GPT-extracted values

Strikethrough: Human revision

Women Clothing > Tops > Blouses

Cardigan Tops V Neck Bottoming Shirt
Highlights: Fashion Design: V neck...

Description: Women Chiffon Long...

Category: Women's Shoes and Clothing >

Title: GloryStar Women Chiffon Long Sleeves
T-shirt Trendy Single-breasted Solid Color

O

Gold data

[

Silver data

l Train A

LLMs

SKU attributes
Item attributes

SKU attributes: {color:[apricat3xl, apricot], size:[3xI]}

Item attributes: {clothing_material:[cotton, chiffon],
collar_type:[e-nack, v neck], pattern:[eactesn, plain],
sleeve_style:[shortsleava], sleeve: [long sleeve],
blouse_style: [cardigan], color: [solid color],
country_origin: [], general_style: [temperamental
commuter], size: [], size_class: [leosefit]}

Figure 2: An overview of the GAVEL pipeline for generative attribute-value extraction using LLMs on LLM-
augmented datasets. The GAVEL process begins with a product profile containing seller-provided information
(indicated in blue) and employs prompts to extract and predict attributes (highlighted in red) utilizing GPT-3.5 and
GPT-4. Silver data is used for training, while human evaluation is conducted to refine the final gold data for testing

purposes.

tionally, current research leverages the zero-shot
and few-shot capabilities of large-scale autoregres-
sive models, such as GPT-3.5 and GPT-4, to en-
hance attribute extraction processes (Brinkmann
et al., 2024b; Brinkmann et al., 2024a; Fang et al.,
2024). This evolution has demonstrated that ef-
fective attribute value extraction significantly im-
proves key e-commerce metrics, including Click-
Through Rate (CTR) and Add-To-Cart Rate (ATC)
(Fang et al., 2024).

Despite these advancements, existing publicly
available datasets for PAVE face several limitations.
For instance, the AE-110k dataset (Xu et al., 2019)
is confined to the Sports & Entertainment category,
offering data in the form of title-attribute-value
triplets. While MEPAVE (Zhu et al., 2020) broad-
ens its data sources to include images and descrip-
tions, it still possesses a limited number of unique
attributes. OA-Mine (Zhang et al., 2022) encom-
passes titles for 100 product types but lacks compre-
hensive information beyond the title itself. MAVE
(Yang et al., 2021) includes 1,257 categories and
various input types; however, it requires that ex-
plicit attribute values be present in the text, which
complicates the extraction of unseen and canoni-
calized values. Although ImplicitAVE (Zou et al.,
2024a) aims to address this shortcoming through
a two-round human inspection process that anno-
tates 25 attributes across five domains, it remains
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limited to titles and images. Furthermore, exist-
ing datasets predominantly rely on item-level in-
formation, which may lead to inaccuracies in at-
tribute value extraction for a specific SKU variant,
as demonstrated in Figure 1.

Expanding beyond these challenges, it is crucial
to recognize the growing e-commerce landscape in
Southeast Asia, where the need for PAVE solutions
is becoming increasingly pressing. This region is
home to a rich diversity of languages, including
Thai, Vietnamese, Indonesian, and English. How-
ever, most PAVE research to date has primarily
focused on English (Brinkmann et al., 2024b; Fang
et al., 2024; Yang et al., 2023), Chinese (Zhu et al.,
2020; Deng et al., 2023), and Japanese (Shinzato
et al., 2023; Chen et al., 2022). To the best of our
knowledge, there has been no prior study explor-
ing the potential for enhancing PAVE in Southeast
Asian languages.

To tackle these challenges, we propose an ef-
ficient pipeline for augmenting training data for
generative attribute-value extraction, as depicted in
Figure 2. Our key contributions are summarized as
follows:

* We experiment with a comprehensive set of
attributes, consisting of over 1,000 unique at-
tributes across 2,000 categories.

* We incorporate successful methodologies



from prior research, including the utilization
of generation-based models with zero-shot ca-
pabilities, the effective incorporation of tex-
tual data from product profiles, and the predic-
tion of multiple attribute values.

¢ We reformulate the task to include seller-
provided attribute values within input data.
This enhancement improves output quality, as
valuable information is sometimes misallo-
cated under incorrect attribute values.

* We introduce GAVEL, a novel pipeline
for generating high-quality training data for
PAVE, enabling the training of smaller models
with shorter, more concise prompts.

2 Related Work

2.1 Attribute Value Extraction

Attribute value extraction aims to derive specific
values from product information. Traditionally,
this has involved sequence tagging techniques em-
ploying models like Long Short-Term Memory
(LSTM) or Bidirectional Encoder Representations
from Transformers (BERT) (Embar et al., 2021;
Xu et al., 2019; Wang et al., 2020). However, these
methods often struggle with unseen values. To ad-
dress these limitations, Roy et al. (2022) proposed
generative frameworks that jointly extract attributes
and values using the Text-to-Text Transfer Trans-
former (T5), demonstrating that such approaches
outperform traditional tagging for single-value sen-
tences.

Recent work has explored LLMs like GPT-3.5
and GPT-4 for attribute extraction, showing im-
proved data efficiency and robustness to unseen
values compared to traditional pretrained language
models (Brinkmann et al., 2024b). Despite these
advancements, many studies focus on English prod-
ucts, with few addressing the complexities of South-
east Asian languages (Brinkmann et al., 2024b;
Yang et al., 2023), underscoring a significant gap
in multilingual PAVE research.

2.2 Attribute Value Extraction Datasets

A variety of datasets have been created to support
PAVE research. Table 1 offers a detailed sum-
mary of existing datasets alongside our datasets.
Notably, these datasets vary significantly across
several dimensions, including product categories,
SKU counts, attribute counts, unique attributes, lan-
guages, and data sources.

&3

OpenTag (Zheng et al., 2018) comprises 10k
SKUs, with a total of 13k attribute instances, across
three categories collected from Amazon. This
dataset includes attributes extracted from product ti-
tles, descriptions, and highlights, and is exclusively
presented in English. AE-110k (Xu et al., 2019)
is concentrated within a single Sports & Entertain-
ment category, featuring a considerably larger SKU
count of 50k, yielding 110k attribute instances. At-
tributes derive solely from product titles, with data
collected from AliExpress and created without hu-
man annotation. MEPAVE (Zhu et al., 2020) offers
a broader variety of categories, containing seven
categories with 34k SKUs and 87k attributes, with
human annotations. Attributes in this dataset are
predominantly extracted from images and descrip-
tions and are published in Chinese. MAVE (Yang
et al., 2021) includes an extensive catalog of 1.3k
categories and a substantial total of 3 million at-
tribute instances. The products are sourced from
the Amazon Review Dataset and do not include
any human annotations. OA-Mine (Zhang et al.,
2022) encompasses ten distinct categories, com-
prising 11k attributes. This dataset focuses on at-
tributes derived from titles, descriptions, and high-
lights, all collected from Amazon in English. Only
the development and test sets are annotated by hu-
man. ImplicitAVE (Zou et al., 2024a) presents a
dataset featuring five categories and 70k attributes,
focusing on attributes sourced from title and image
data. This dataset represents an enhanced version
of MAVE, with the evaluation set re-annotated by
a team of five Ph.D. students to improve reliability.

3 Methods

3.1 Attribute Mining

Our approach to enhancing seller-provided at-
tributes utilizes three distinct prompts submitted to
GPT-3.5 (Ouyang et al., 2024) and GPT-4 (OpenAl
et al., 2024), as illustrated in Figure 3. The first
prompt verifies brand names in the title and high-
lights. The second prompt focuses on SKU-level
attributes, addressing frequent misclassifications by
providing detailed instructions for the extraction of
five common attributes. The third prompt targets
item-level attributes from titles, highlights, and de-
scriptions, requiring comprehensive instructions to
avoid the model simply replicating examples in-
stead of accurately extracting values. This prompt
includes value examples and bullet-point instruc-
tions to regulate the expected output format.



Dataset #Cate #SKU #Attr #Unique Lang Source

OpenTag 3 10k 13k 4 en title, desc, highlights
AE-110k 1 50k 110k 4 en title

MEPAVE 7 34k 87k 26 zh image, desc

MAVE 1.3k  2.2M 3M 2.5k en title, desc, highlights
OA-Mine 10 2k 11k 10 en title, desc, highlights
ImplicitAVE 5 70k 70k 25 en title, image
Lzd-ID-train (ours) 2k 163k 739k 1.2k en,id

Lzd-TH-train (ours) 2k 152k 648k 1.2k en, th title, desc, highlights
Lzd-VN-train (ours) 2k 152k 705k 1.2k en, vi K ’ ttrib’t ’
Lzd-ID-test (ours) 314 1k 63k 313 en,id Sl ATTIbHes,
Lzd-TH-test (ours) 352 Ik 5.8k 372 en, th specifications
Lzd-VN-test (ours) 353 1k 6.3k 417 en, vi

Total (ours) 2k 470k  2.1M 1.2k en, th,id, vi

Table 1: A summary of existing datasets compared to our datasets.

3.2 Dataset Construction

The attributes mined in Section 3.1, along with
seller-provided attributes, are categorized as silver
labels. A rule-based processing algorithm resolves
conflicts by prioritizing mined attributes; if there
are no contradictions, both types are retained. Ex-
perienced e-commerce annotators from Indonesia,
Thailand, and Vietnam evaluate these silver-labeled
attributes to generate gold labels.

To optimize token efficiency during training and
inference, we compile all attribute information into
a concise prompt (see Figure 3). This prompt in-
cludes seller-provided data such as titles, highlights,
descriptions, SKU attributes, and item specifica-
tions, allowing models to predict multiple attributes
and values simultaneously.

Table 1 summarizes our three datasets, encom-
passing 2,000 categories and over two million at-
tribute instances. Each training category includes
an equal number of SKUs, while the test set con-
sists of 1,000 randomly selected and mutually ex-
clusive SKUs, ensuring diverse representation and
comprehensive evaluation of model performance.

3.3 Model Fine-tuning

In this study, we fine-tune four LLMs with com-
parable parameter counts, which are accessible
on Hugging Face'. The models include Gemma-
2-9b (Team et al., 2024), Llama-3.1-8B (Dubey
et al., 2024), Qwen2.5-7B (Yang et al., 2024), and
SealLLMs-v3-7B (Zhang et al., 2024). Our train-
ing employs Low-Rank Adaptation (LoRA) (Hu
et al., 2022) with bf16 precision, specifically set-

lhttps://huggingface.co/
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ting lora_target=all to facilitate comprehensive
adaptation across all layers of the models. We
split the dataset into training and validation sets,
allocating 15% for validation to ensure robust eval-
uation of model performance. The training process
utilizes a cosine learning rate scheduler and incor-
porates early stopping criteria to further optimize
performance. We set the training and evaluation
batch sizes to 2 and employ gradient accumula-
tion over 8 steps, leading to a total of 10 training
epochs, which allows for thorough learning from
the dataset. Additionally, evaluations and logging
are conducted at intervals of 500 steps to moni-
tor convergence effectively. Notably, this experi-
ment utilizes 4 PPU 810 cards provided by Alibaba
Cloud to fine-tune the models.

4 Experimental Setup

In this section, we outline the experimental frame-
work employed in this study, utilizing data sourced
from Lazada, a prominent e-commerce platform
in Southeast Asia. The information collected en-
compasses product profiles and various attributes
relevant to our analysis, establishing a comprehen-
sive basis for the subsequent investigations.

4.1 Data Sources

The product pages on Lazada contain extensive
information furnished by sellers, which includes
both textual and visual components, as illustrated in
Figure 1. SKU-level attributes refer to specific vari-
ants of a product, while item-level attributes cover
common characteristics shared across all variants.
We extract SKU-level attributes from individual
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Product Name: {{title}}

Highlights: {{highlights}}

Extract the brand name

from the product

information.

1. Answer in this format
"The brand name is

2. Answer "The brand
name is not
"if it can

Category: {{category_path}}
SKU Specifications:
 ({{sku_attribute_1}}
R (Y3
« ({{sku_attribute_n}}
Summarize sku specifications into these bullet points.
* variation
*  color
© size
*  quantity

ibility by model

not be found in the
product information.

Prompt template

Please follow these instructions:

All information must strictly be from the specifications.

. If the values can not be found, answer "not specified".

If the provided specifications are useless, answer "not specified” for all.

Do not provide explanations or parentheses.

Answer everything in English.

. The keys and values from specifications could be incorrect and swapped.

The value for "variation" is in these patterns: a number, "style" and number,

uppercase letters and numbers, meaningless text.

Any value that is not color name or size should be put in the key "variation”.

. The value for "color" must be a color name and strictly not contain any

number. If not found, answer "not specified"

10. The value for "size" is likely to be a number, a number with unit (mm, cm, m),
number x number, letters such as S, M, L, XL. If not found, answer "not
specified”

. The value for "compatibility by model" is an electronic model that is
compatible with the product. Do not start with "For". If not found, answer "not
specified"

Nouswne

©®
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GPT-3.5 & GPT-4

Product Name: {{title}}
Highlights: {{highlights}}
Description: {{description}}

Extract these following attributes.

* ({{target_attribute_with_value_examples_1}}

R (&)

« {{such as ‘Color: e.g., Blue, Gold, Green, Black, Purple’}}

R (3

« {ftarget_attribute_with_value_examples_n}}

Please follow these instructions:

1. Extract valuesin {{n}} bullet points, one attribute each.

2. Allanswers must strictly be from the "Product Information",

NOT from examples provided after each attribute.

3. Answer "not specified” if a value can not be found.

. Answer the attributes in this format "- attribute: [value, value,
..]". Answer the extracted values in a list.

. Do not provide explanations or parentheses.

. Do not answer nonsense values according to the attributes.

. The answers have to be meaningful according to the attribute
name.

. Do not answer marketing words, such as high quality, best
quality, etc.

® Now »

©

. Be concise and do not answer nonsense values.

10. Answers must not contradict to other values, such as "used"
and "new" or "yes" and "no".

. Separate values properly when they are provided with slash or
any separators.

-
=

Product Information:

- Category: {{category_path}}
- Product Title: f{title}}

- Highlights: {{highlights}}

- Description: {{description}}

SKU attributes:

- {{sku_attribute_kv_1}}
R (]

- {{sku_attribute_kv_n}}

Product Specifications:

- {{specification_kv_1}}
-

- {{specification_kv_k}}

There are 2 tasks:

1. Extract these values in SKU-level:
- variation

- color

- size

- quantity

- compatibility by model

2. Extract these values in product-level:
- {{target_attribute_1}}

R (Y]

- {{target_attribute_m}}

LLMs

The brand name is
{{brand_name}.

- variation: {{value}}
- color: {{value}}

- {{target_item_attribute_kv_1}}
R (3

1. SKU-level values:
- {ftarget_sku_attribute_kv_1}}

- size: {{value}}
- quantity: {{value}}
- compatibility by model: {{value}}

| Response template ‘

R (Y

- {{target_sku_attribute_kv_n}}
2. Product-level values:

- {{target_item_attribute_kv_1}}
R (Y]

- {ftarget_item_attribute_kv_m}}

- f{{target_item_attribute_kv_n}}

Figure 3: Structured templates for extracting product information, including brand, SKU-level attributes, item-level
attributes, and all relevant details. The first three prompts are designed for dataset development using GPT models,
while the last prompt is intended for training and inference with internal models.

product variants, whereas item-level attributes are
derived from the product specifications. All SKUs
associated with a particular item share identical
title, highlights, description, and specifications.

It is imperative to recognize that the attributes
supplied by sellers may be the least reliable source
of information. This unreliability stems from po-
tential inaccuracies, such as incorrect categoriza-
tion of values or arbitrary selections from platform-
provided dropdown menus. In instances where an
attribute value contradicts information presented in
the title, highlights, or description, there exists a
considerable probability that the attribute value is
erroneous. Consequently, this study does not treat
seller-provided attributes as definitive ground truth;
rather, these attributes are meticulously revised for
accuracy and subsequently used as golden labels.

4.2 Large Language Models

GPT-3.5 and GPT-4, developed by OpenAl, are
advanced large language models that employ deep
learning to generate human-like text. They demon-
strate exceptional performance in zero-shot and
few-shot contexts on datasets like OA-Mine and
AE-110k (Brinkmann et al., 2024b). Following
previous research, we utilize these models to ex-
tract and verify product attributes, which are then
combined with seller-provided data to create silver
datasets for training and evaluation.
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To assess the performance of various LLMs,
we selected multilingual models proficient in lan-
guages including English, Thai, Indonesian, and
Vietnamese. SeaLLMs 3 (Zhang et al., 2024) from
Alibaba’s DAMO Academy excels in Southeast
Asian languages. Qwen2.5 (Yang et al., 2024),
developed by Alibaba Cloud, offers decoder-only
models ranging from 0.5 to 72 billion parameters
with capabilities in natural language understanding,
coding, and mathematics. Gemma 2 (Team et al.,
2024) from Google DeepMind includes lightweight
models with 2 to 27 billion parameters, utilizing
architectural innovations and knowledge distilla-
tion. Llama 3.1 (Dubey et al., 2024) from Meta
Al features multilingual models competitive with
leading closed-source variants, excelling in coding,
reasoning, and mathematics.

Licensing is pivotal for compliance and intellec-
tual property respect. OpenAl’s terms for GPT-3.5
and GPT-4 restrict modifications but allow usage
for specific tasks. Our work involves generating a
small-sized model that does not directly compete
with OpenAl, aligning with their guidelines. Other
models have varying licenses: SeaLLMs 3 permits
modification under a worldwide, non-exclusive,
non-transferable agreement; Gemma 2 allows re-
production and modification within certain limits;
Qwen2.5 operates under the permissive Apache
License 2.0; and Llama 3.1’s Community License



Agreement permits modifications with specified
conditions. These licenses provide us the flexibility
to innovate while ensuring compliance with each
organization’s guidelines.

4.3 Evaluation Metrics

We evaluate our models based on Precision (P),
Recall (R), and the F1 score (F1), consistent with
prior research (Brinkmann et al., 2024b; Yang et al.,
2021). In addition, we calculate accuracy (Acc) and
coverage (Cov) based on the first predicted value
for each attribute.

Our predictions are classified into five distinct
categories: no prediction when there is no attribute
(NN), incorrect prediction where no attribute ex-
ists (NV), no prediction despite the existence of an
attribute (VN), correct prediction that matches the
attribute (VC), and incorrect prediction that does
not align with the attribute (VW). The subscripted
numbers (e.g., VC;, NV;, etc.) denote the counts
of correct and incorrect predictions associated with
the first predicted value. The evaluation metrics are
computed as follows:

P=VC/(NV+VC+VW)
R=VC/(VN+VC+VW)
FI = 2PR/(P+R)

Acc =VC;/(NV;+VC;+VW;)
Cov = (NV]+VC1+VW])/A”]

Importantly, we follow standard practice by as-
sessing accuracy solely on the attributes provided
by sellers, which allows us to focus our evaluation
on the correctness of the available information with-
out penalizing for any missing attributes. This prac-
tice is also applied to outputs generated by LLMs.
In contrast, coverage accounts for both available
and missing information, providing a comprehen-
sive view of the model’s performance.

This evaluation framework enables us to assess
model performance through metrics such as pre-
cision, recall, and F1 score, while also providing
insights into attribute quality via accuracy and cov-
erage.

5 Results

This section presents performance metrics and eval-
uations of four selected LLMs across three datasets.
We benchmark the models against the seller at-
tribute values and assess their effectiveness in pre-
dicting multiple attributes, the quality of the first
predicted value, and inference speed.
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5.1 Human Annotation

To assess the quality of Seller Attribute Values
(SAV) and Mined Attribute Values (MAV), we con-
ducted a human annotation evaluation focusing on
SKU-level and item-level attributes across three
distinct test datasets.

The results, presented in Table 2, show accep-
tance rates for SAV and MAYV, denoted as %2ASAV
and %AMAV. While SAV exhibits higher accep-
tance rates, its volume is considerably lower than
that of MAYV, with accepted SAV totaling 7,710
compared to 21,742 for MAV. This gap highlights
the significant potential of MAV in identifying new
attribute values that sellers may overlook, as ap-
proximately 75% of accepted attribute values arise
from our mining pipeline, even though they are
evaluated as less accurate. These findings under-
score the complementary functions of SAV and
MAV; SAV provides reliable attributes, while MAV
enriches the dataset by introducing three times
more newly identified values.

Dataset SAV MAV %ASAV  %AMAV
SKU-level attributes

ID-test 1221 512 48.16 99.22

TH-test 885 583 58.53 25.73

VN-test 735 608 35.92 74.18
Item-level attributes

ID-test 3170 6062 96.97 86.69

TH-test 1871 9473 81.88 77.56

VN-test 1950 12443 88.92 64.54

Total 9832 29681 78.42 73.25

Table 2: Results of human annotation for Seller At-
tribute Values (SAV) and Mined Attribute Values
(MAV), categorized into SKU-level and item-level at-
tributes. Acceptance rates (%ASAV and %9AMAV) in-
dicate the proportion of attribute values recognized as
accurate by human annotators for both SAV and MAV.

5.2 Multiple Attribute Values Prediction

To evaluate the models’ efficacy in predicting mul-
tiple attribute values, we focus on precision, recall,
and F1 score as key performance metrics. These
metrics serve as indicators of the models’ capabili-
ties to accurately identify and extract valid attribute
values from product listings.

As illustrated in Table 3, the models exhibit vary-
ing performance across distinct datasets. For Lzd-
ID, Llama 3.1 emerges as the top performer, achiev-
ing the highest F1 score of 77.36, which indicates



Dataset Model P R F1 Acc  Cov Speed (s)
Seller attribute values 84.92 74.16 79.18 85.09 69.40 -
Gemma 2 76.29 76.19 76.24 90.61 78.44 5587
Lzd-ID Llama 3.1 7734 7738 7736 91.30 78.51 642
Qwen2.5 7433 7449 7441 9034 78.88 859
SealLLMs 3 77.68 76.87 7727 91.27 78.96 832
Seller attribute values 67.26 44.54 5359 67.63 50.86 -
Gemma 2 50.18 56.24 53.04 7742 77.09 8287
Lzd-TH Llama 3.1 52.81 56.00 54.36 73.52 81.21 1226
Qwen2.5 51.38 5247 5192 7554 76.77 1914
SealLLMs 3 55.27 5720 56.22 74.64 79.16 2098
Seller attribute values 72.26 45.07 55.52 72.17 44.00 -
Gemma 2 67.77 69.57 68.66 78.04 7231 6251
Lzd-VN Llama 3.1 64.45 67.61 66.00 75.85 73.95 716
Qwen2.5 65.33 67.64 6647 7593 73.38 1017
SealLLMs 3 65.66 67.38 66.51 77.09 72.36 1042

Table 3: Performance of four LLMs fine-tuned and evaluated on three datasets, compared against seller-provided

attribute values.

its effectiveness in this specific context. Conversely,
SealLLMs 3 demonstrates superior performance on
Lzd-TH, suggesting a heightened suitability for
processing Thai-language attributes. Meanwhile,
Gemma 2 excels in the Lzd-VN dataset, highlight-
ing the necessity of aligning model selection with
the unique linguistic and contextual features inher-
ent in each dataset.

The models consistently outperformed seller-
provided attributes in terms of recall, highlighting
the potential for generative approaches. Although
these models may identify a broader range of poten-
tial attribute values, they often fall short of the pre-
cision achieved by sellers for attributes that encom-
pass multiple values. This observation underscores
the fundamental trade-offs between precision and
recall in automated prediction systems.

5.3 First Predicted Attribute Value

In our evaluation, we also examine the accuracy
and coverage of the first predicted attribute value
for each attribute. This perspective is crucial for
assessing how effectively the models retrieve the
most relevant attribute value when multiple options
are available.

The results shown in Table 3 reveal significant
variability in the accuracy of the first predicted
value across different models and datasets. No-
tably, Llama 3.1 achieves the highest accuracy
of 91.30% alongside a commendable coverage of
78.51% on Lzd-ID. This model consistently demon-
strates strong coverage across Lzd-TH and Lzd-VN.

Conversely, Gemma 2 excels in terms of accuracy
on Lzd-TH and Lzd-VN, underscoring its effective-
ness in these contexts.

Overall, our findings indicate that all models
enhance the attribute values provided by sellers,
reflecting improvements in both accuracy and cov-
erage. This highlights the potential of utilizing
automated models to complement seller-supplied
data, thereby enriching the attribute extraction pro-
cess across various datasets.

5.4 Inference Speed Analysis

Inference speed is a crucial consideration for de-
ploying model solutions in real-world scenarios.
In this analysis, we measure the inference time
for each model while processing data from 1,000
SKUs under specific testing conditions. The infer-
ence was conducted using a batch size of 2 and a
single PPU 810 card on Alibaba Cloud. The evalua-
tion was performed using the following parameters:
temperature=0. 2, top_p=0.1, and top_k=100.

The results reveal considerable variation across
models, as indicated in Table 3. Gemma 2 ex-
hibits the longest inference time, whereas Llama
3.1 demonstrates significantly faster processing ca-
pabilities. The prolonged inference time associated
with Gemma 2 may be attributed to the incompati-
bility between Flash Attention 2 (Dao, 2024) and
Gemma 2, resulting in a marked decrease in pro-
cessing efficiency.
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5.5 Comparative Analysis of Models

The performance of the four selected LLMs varies
significantly across evaluated datasets, presenting
an opportunity to analyze their strengths and weak-
nesses in real-world applications. Llama 3.1 stands
out on Lzd-ID, achieving an F1 score of 77.36 and
an impressive accuracy of 91.30% for the first pre-
dicted value. This consistent performance indicates
its suitability for applications demanding precision
in multi-attribute extraction. In contrast, SeaLLMs
3 excels in Lzd-TH, highlighting the importance of
language and locale.

Gemma 2 displays high accuracy in specific con-
texts but struggles with inference speed, making it
less viable for real-time applications. Conversely,
Llama 3.1 maintains swift processing times without
sacrificing accuracy, making it an optimal choice
for environments requiring rapid decision-making.
Qwen2.5 delivers moderate performance across
datasets but lacks standout features, suggesting its
suitability for general applications.

Considering the trade-offs in accuracy, coverage,
and speed, Llama 3.1 is the most balanced model
for deployment. Its combination of high accuracy,
solid coverage, and efficient processing makes it
ideal for commercial applications that require re-
liable attribute extraction and the ability to handle
large data volumes swiftly.

5.6 Online Performance

An A/B experiment was conducted to evaluate the
impact of Llama 3.1 on online performance. Orders
per item page view, also known as conversion rates
(CVR), showed a 0.70% increase for ID, a 0.68%
decrease for VN, and a 1.19% increase for TH. Ad-
ditionally, orders per page view improved by 0.47%
in ID and 1.40% in TH, with VN experiencing a de-
crease of 0.79%. Gross Merchandise Value (GMV)
per page view saw substantial increases, with VN
leading at 6.73%, followed by ID at 1.61% and TH
at 1.44%. These findings underscore the ability of
LLMs to enhance user engagement and optimize
business outcomes, thereby contributing to overall
revenue growth.

6 Conclusion

In this study, we introduced an innovative approach
for attribute-value extraction by leveraging genera-
tive LLMs on augmented datasets. Our method cap-
italizes on the zero-shot capabilities of advanced
LLMs, facilitating the extraction of over 1,000
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unique attributes across diverse categories with en-
hanced accuracy and speed. The empirical results
demonstrate significant improvements in the qual-
ity of attributes provided by sellers, with notable
increases in accuracy, coverage, and overall market
performance metrics. By fine-tuning smaller mod-
els, we not only reduced operational costs but also
enhanced efficiency, allowing for rapid inference
while maintaining high prediction quality. The suc-
cessful outcomes from our experiments underscore
the viability of our GAVEL pipeline for wide-scale
implementation in multilingual e-commerce plat-
forms. This research paves the way for further
exploration of generative approaches to attribute
extraction, offering organizations valuable insights
into optimizing their inventory and enhancing cus-
tomer experiences.

7 Limitations

Despite the promising results of this study, several
limitations should be noted. Firstly, while our aug-
mented datasets cover a diverse range of attributes,
performance may vary significantly across differ-
ent product categories and languages, limiting the
generalizability of our findings, particularly in re-
gions underrepresented in the training data. Future
research should aim to enhance model robustness
across a broader spectrum of inputs. Additionally,
our approach does not currently incorporate visual
data, which is vital in e-commerce. The lack of
image data may hinder comprehensive attribute ex-
traction, especially in categories where visual rep-
resentation is critical. Integrating multimodal data
in future studies could enhance extraction accuracy.
Another important limitation is the potential gener-
ation of erroneous data through LLM augmentation,
which could result in misleading product attributes,
damaging sellers’ reputations and causing customer
dissatisfaction. Implementing strategies for valida-
tion and verification of generated data is essential to
mitigate these risks. Addressing these limitations
will enable further refinement of attribute-value ex-
traction models, enhancing their applicability in
the e-commerce sector.
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Abstract

While large language models (LLMs) have
been increasingly adopted for machine trans-
lation (MT), their performance for specialist
domains such as medicine and law remains
an open challenge. Prior work has shown
that LLMs can be domain-adapted at test-time
by retrieving targeted few-shot demonstrations
or terminologies for inclusion in the prompt.
Meanwhile, for general-purpose LLM MT, re-
cent studies have found some success in gen-
erating similarly useful domain knowledge
from an LLM itself, prior to translation. Our
work studies domain-adapted MT with LLMs
through a careful prompting setup, finding
that demonstrations consistently outperform
terminology, and retrieval consistently outper-
forms generation. We find that generating
demonstrations with weaker models can close
the gap with larger model’s zero-shot perfor-
mance. Given the effectiveness of demon-
strations, we perform detailed analyses to un-
derstand their value. We find that domain-
specificity is particularly important, and that
the popular multi-domain benchmark is testing
adaptation to a particular writing style more so
than to a specific domain.

1 Introduction

Large language models (LLMs) have emerged as
the next major paradigm for machine translation
(MT), with increasing use in both industrial and
academic settings. These models are exciting not
only for their strong base (or zero-shot) translation
capabilities, but also for their ability to be modified
at inference time through alternate prompts (Ko-
jima et al., 2022; Kong et al., 2024), in-context
learning (Brown et al., 2020) and the use of inter-
mediate reasoning (Wei et al., 2024).

This flexibility is particularly exciting for adapt-
ing LLMs to translate specialist domains, such as
legal or medical texts. In the statistical and neural
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MT eras, domain adaptation would typically take
the form of an expensive continued training proce-
dure on in-domain data (Freitag and Al-Onaizan,
2016; Thompson et al., 2019). With LLMs, there is
the promise of simple adaptation at inference time.

One promising technique is the retrieval of
instance-specific demonstrations of translation
from a bitext datastore for few-shot in-context
learning, which has shown large improvements for
domain-adapted MT (Agrawal et al., 2023; Tan
et al., 2024), rivaling the performance of special-
ized nearest-neighbor MT systems (Khandelwal
et al., 2021). LLMs have also been shown to make
good use of bilingual terminology dictionaries for
lexical translation hints (Ghazvininejad et al., 2023;
Lu et al., 2023; Moslem et al., 2023).

Intriguingly, two recent approaches have forgone
external resources in favor of querying an LLM to
generate useful knowledge from its internal mem-
ory. First, the MAPS approach issues LLM queries
for topics, terminology, and demonstrations based
on the source text (He et al., 2024). Their termi-
nology and demonstrations mirror the knowledge
sourced from retrieval steps in earlier work. The
idea is that the LLLM has seen relevant information
during pre-training, and would benefit from explic-
itly surfacing it before translation. Second, the step-
by-step MT approach queries its LLM to translate
and discuss idiomatic phrases before performing a
complete translation (Briakou et al., 2024). How-
ever, both these works only consider the general
domain. This inspires us to consider the applica-
bility of internal memory approaches to domain
adaptation, for which relevant external resources
may be more difficult to obtain.

In this work, we study the effectiveness of differ-
ent representations of domain-specific knowledge,
in strategies — external retrieval vs. internal genera-
tion — and sources — translation demonstrations and
bilingual terminology. We consider three domains
(law, medical, and Koran) from the commonly-
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Figure 1: Illustration of the main MT settings, for an example source text in German. The two knowledge strate-
gies are demonstrations vs. terminology; the two sources are retrieval vs. generation. This gives 4 settings for
comparison. Within a strategy, we use the same prompts, varying only the provided information.

used multi-domain dataset (Aharoni and Goldberg,
2020), and experiment with two LLMs (Gemini 1.5
and Gemma-2). Our study addresses three main
research questions:

RQ1. For improving domain-adapted MT, how vi-
able is generation from an LLM’s parametric mem-
ory compared to retrieval from external resources?

RQ2. Likewise, how does adapting MT with
demonstrations compare with terminologies, re-
gardless of their source?

RQ3. Given the effectiveness of demonstrations,
can we attribute which of their aspects contribute
the most for both retrieval and generation?

We discuss knowledge sourced from retrieval in
§2.1 and from generation in §2.2. Comparisons be-
tween terminology and demonstrations are enabled
by our use of a silver terminology dictionary, built
by LLM analysis of the same bitext used as the
datastore of demonstrations (§3.1). This allows us
to study demonstrations and terminology as alter-
nate views into the same base data in the retrieval
setting. We address RQ1 and RQ2 with the results
in §4. We explore RQ3 through several analyses in
§5; the main takeaways are that retrieved demon-
strations mainly provide hints of target style rather
than terminology, and that generated ones can vi-
ably boost performance, albeit to the same level as
static domain-specific demonstrations.

2 Leveraging Domain Knowledge

Comparisons between representations of domain
knowledge are enabled by our careful prompt-
ing setup which decouples the source and strat-
egy, as sketched in Figure 1. Bilingual terms,
whether retrieved externally or generated by an
auxiliary LLM call, feed into the same translate-
with-terms prompt, and likewise for demonstra-
tions. On sources, retrieval leverages resources
such as datastores and dictionaries, while genera-
tion elicits information from an LLM’s own para-
metric memory. On strategies, demonstrations pro-
vide source-target example pairs, whereas terminol-
ogy focuses on domain-specific lexical items. This
section details the integration of these strategies
and knowledge sources within our experimental
framework for domain adaptation of LLM MT.

2.1 Knowledge from Retrieval

We describe two successful approaches to re-
trieve domain knowledge from external resources:
demonstration retrieval and terminology lookup.
The two related approaches operate in different
fashions. Demonstration retrieval has the model
implicitly learn from the characteristics of the ex-
emplars, both style and terminology. Terminology
lookup has the model explicitly see which source
terms are important and also how to translate them.

Resource requirements These methods, while
effective, are expensive, as they require the ex-



istence of high-quality and domain-specific re-
sources. The former requires a large pool of bitext
demonstrations, and the latter requires the creation
of a term-rich bilingual dictionary.

2.1.1 Demonstration Retrieval

Demonstrations are provided as exemplars in
the prompt to facilitate in-context learning
(ICL) (Brown et al., 2020; Patel et al., 2023). These
exemplars can either be szatic, the same across all
instances, or instance-specific, in which different
exemplars are retrieved for each instance to provide
specific guidance and hints.

The typical setup for demonstration retrieval for
MT is as follows. Given a source text, we find &
closest source-side matches in an external datastore,
using some similarity metric, such as BM25 or
cosine similarity of embedding vectors. Then, we
include in the LLM prompt these k source texts
paired with the gold target translations.

Prior work The use of demonstrations has a long
history in M T, with some of the oldest data-driven
approaches to MT having as their first step finding
the most relevant examples from a bilingual transla-
tion memory. This idea has been used for computer-
aided translation (Yamada, 2011), example-based
MT (Somers, 1999; Lepage and Denoual, 2005)
and statistical MT (Koehn and Senellart, 2010).

Several recent papers have studied what con-
stitutes effective demonstration retrieval for MT
with LLMs, with a particular focus on the multi-
domain dataset. Agrawal et al. (2023) found a
strong baseline to be example-specific BM25 re-
trieval of bitexts, which can be strengthened further
by re-ranking for lexical diversity. Tan et al. (2024)
use a much larger LLM, and show that BM25 re-
trieval of target sentences alone can compare fa-
vorably with both sides of bitexts. Conversely, in
the general-domain, researchers have found that a
demonstration’s quality matters more than its prox-
imity (Vilar et al., 2023; Zhang et al., 2023).

Our Setup For our few-shot implementation, we
design a simple prompt (shown in Figure 5). We
use k=3 exemplars, ! and retrieve using the BM25
metric. Our datastore, derived from the train split
of multi-domain, has 16,775 demonstrations for
Koran, 234,352 for medical, and 464,295 for law.

"Prior work often chooses k > 10. As we find COMET
for k=3 and k=10 differ by ~0.3 we thus choose k=3 to fairly
compare to the 3 generated demonstrations in a later setting.
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2.1.2 Terminology Lookup

Intuitively, one of the major challenges when trans-
lating in a specialist domain is the adaptation to
domain-specific terminology. Especially in high-
stakes legal, medical or business domains, preci-
sion of terminology can be crucial. Bilingual dictio-
naries of terminology are therefore likely sources
of useful external knowledge to add into an MT
system. These resources can be easier to construct
than the large datastore of translation demonstra-
tions needed in §2.1.1. In fact, the construction of
a clear terminology may very well be a prerequisite
to creating human translations.

Prior Work Improving translations with termi-
nologies has been heavily studied. In the statistical
and neural eras, solutions could take the form of in-
corporating dictionaries into training (Wu et al.,
2008), or controllable MT systems that respect
example-specific terminology constraints included
in the input (Post and Vilar, 2018; Wang et al.,
2022). More recently, terminology constraints have
been studied at two WMT shared tasks (Alam et al.,
2021; Semenov et al., 2023). These approaches il-
lustrate two different motivations for the use of
terminology dictionaries in MT: the dictionary can
be viewed as a useful source of domain-specific
information, or as a set of constraints that must be
followed consistently. Our work aligns with the
former motivation, viewing bilingual terminologies
only as hints to improve overall quality.

With the advent of LLMs, terminologies can be
included in the prompt, with additional instructions
on their usage. Most LLMs follow these instruc-
tions easily, as shown at the WMT23 shared task on
terminology (Semenov et al., 2023). For example,
Moslem et al. (2023) find that for the COVID-19
domain, a prompt using retrieved terminologies
significantly boosts term success rate and also im-
proves human evaluation scores. Other works have
explored how to more effectively format dictionar-
ies (Lu et al., 2023; Ghazvininejad et al., 2023).

Our Setup Since the multi-domain dataset does
not have a provided domain-specific terminology,
we derive one from the multi-domain training set,
as described in §3.1. Keeping with our theme of
providing hints rather than constraints, the dictio-
nary gives a list of possible translations for each
source term, each licensed by at least one example
in the training set.

With this dictionary in place, we look up terms



by exact lexical match to the source text currently
being translated, and include any matches in our
prompt for translation with terminology (shown in
Figure 6). The LLM is instructed to pick the most
appropriate translation among the choices, given
the source. Note that the translation prompt also
includes three domain-specific examples of how to
translate with terminologies.

2.2 Knowledge from Generation

While external knowledge retrieval demonstrably
benefits knowledge-intensive NLP tasks, whether
it is truly necessary for domain-adapted MT still
warrants investigation, given that LLMs are ex-
plicitly trained on massive corpora including texts
from specialist domains. Therefore, we investi-
gate whether leveraging LLMs’ internal parametric
memory can offer comparable benefits, and thus
circumvent the costly acquisition and curation of
external resources. This approach effectively sim-
ulates external retrieval by prompting the LLM to
generate relevant information.

Resource requirements By design, the genera-
tion setting requires almost no external resources.
The approaches discussed below only required us
to manually create a handful of static exemplars for
each subtask, which are used for all of its prompts.

2.2.1 Prior Work

Prior work has explored several methods to
leverage an LLM’s parametric knowledge to im-
prove MT quality, either post-translation, or pre-
translation. Most relevant to our work are two
studies which operate at the pre-translation stage.
He et al. (2024) propose a human-like translation
process, where they separately prompt LLMs for
3 aspects related to a source text (demonstrations,
topics, and terms). Directly using these generated
knowledge pieces in another LLLM interaction is in-
sufficient, and so they rely on an external quality es-
timation (QE) method to select among candidates,
improving general domain MT quality. Our gen-
eration setting also use demonstrations and terms,
but without any external feedback from QE.
Briakou et al. (2024) propose a method to model
the LLM translation process step-by-step. Their
2-step approach has an LLM first perform research
on idiomatic expressions, then perform the full
translation. For document-level MT datasets, they
find this consistently outperforms zero-shot MT.

94
4

2.2.2 Demonstration Generation

We author a prompt to generate demonstrations
(Figure 8). For each domain, we provide 3 example
demonstrations for 2 static, real source sentences.
This is inspired by the demonstration aspect of He
et al. (2024), but we elicit 3 demonstration pairs at
a time instead of 1.

Best practices To easily parse the 3 demonstra-
tion pairs, we ask for a prescribed JSON output
format. We also find that providing static few-shot
exemplars of the demonstration task is key to both
diversity among the 3 demonstrations, and output
format adherence. We use a different set of exem-
plars for each domain, drawn from the train set. We
perform ablations on the contributions of different
aspects of generated demonstrations in §5.2.

2.2.3 Terminology Generation

We design a prompt to generate terminologies from
a single source sentence (Figure 10), also using 2
static, real sentence pairs for each domain. This
follows in the spirit of the research step of Briakou
et al. (2024), where they explain this as having the
LLM perform intermediate reasoning about hard-
to-translate parts. However, there are several differ-
ences resulting from their focus on document-level
MT. We ask generally for terminologies, while they
ask specifically for idiomatic expressions, which
are more prevalent in long documents. We also pre-
scribe a JSON format (same as for retrieved terms),
while theirs allows for free-form output.

Best practices We again found that best perfor-
mance is achieved with static, domain-specific few-
shot exemplars of the terminology task, and the
prescribed JSON format.

3 Experimental Setup

Dataset We experiment with the multi-domain
dataset (Aharoni and Goldberg, 2020), using the
filtered version provided by Tan et al. (2024), with
3 domains: law, medical, and Koran. Multi-domain
covers the German-English (de-en) direction, and
consists of dev and test sets, with ~2000 entries per
domain, as well as a train set with 1M+ entries.

LLMs We perform experiments with two LLMs,
the open LLM Gemma-2 27B IT (Team, 2024b),
and the proprietary Gemini 1.5 Pro (Team, 2024a).
We thus can investigate which settings, if any, are
more effective with the smaller model vs. a much
larger model respectively.



Evaluation We perform zero-shot MT as a base-
line, and employ the four settings described in §2
for comparison: retrieved demonstrations, retrieved
terminologies, generated demonstrations, and gen-
erated terminologies. Appendix B lists all prompts
used in this work. Following Vilar et al. (2023),
we use a neural automated metric, COMET (Rei
et al., 2022). While prior work also considered the
lexical metric BLEU, we found that it was overly
sensitive to minor rephrasing. This is in line with
studies that show neural metrics correlate much
better with human judgments of LLM translation
quality (Freitag et al., 2021; Kocmi et al., 2021).

3.1 Terminology Dictionary Creation

Our multi-domain test scenario does not come with
bilingual terminology dictionaries for its domains.
However, we can create them from the provided
training split, following the methodology in prior
work (Moslem et al., 2023; Semenov et al., 2023).2
We design a prompt (Figure 12) to extract termi-
nologies from a given source-target text pair, pro-
viding 5 static exemplars to demonstrate what is
meant by “terminology”. We then apply this to
each pair from the train split. Then, we aggregate
all of the output terms, to get one large dictionary
with one-to-many mappings.® We create a separate
global terminology for each of the three domains.

Given the large size of the training split (700K
entries), we make two adjustments to reduce the
number of model calls. First, we batch five test
pairs at a time into a single call. Second, we con-
sider only the subset of train entries that were ever
retrieved by BM25 over the test set (i.e. the en-
tries that are actually relevant); this constitutes 70K
entries, or about 10% of the total entries.

Note that the train split is also used for demon-
stration retrieval, therefore enabling a controlled
comparison between the two external knowledge
sources. Furthermore, unlike prior work using one-
to-one terminology mappings, we explore a more
realistic one-to-many scenario, with all possible
translations in the prompt for the LLM to select.

4 Results

Table 1 presents our primary results, comparing
LLM translation enhanced with domain-specific

2We did not perform human post-editing due to the datas-
tore’s size (700K), but we note in an experiment by Moslem
et al. (2023), they found humans rated 95%+ terms as accurate.

3For quality controls, we kept only entries where 1) target
terms have >10% usage and 2) both sides of terms match.

knowledge in the form of translation demonstra-
tions or bilingual terminology, with the artifacts
derived from either external retrieval (§2.1) or in-
ternal generation (§2.2). First, in line with prior
work, we confirm that retrieved demonstrations im-
prove over zero-shot across models and domains
studied. We next describe the three main findings.

Demonstrations outperform terminology For
all models and domains studied, knowledge pro-
vided in the form of demonstrations consistently
outperforms terminology. For Gemma, we see
that all settings improve performance,* but the
improvements from demonstrations are markedly
larger. The differential is more pronounced for
Gemini, which starts from a much stronger base-
line than Gemma. Terms, either retrieved or gener-
ated, do not provide much of a boost over zero-shot
for Gemini, while demonstrations result in signif-
icant improvements. The takeaway for this find-
ing is that for weaker models, providing domain
knowledge from any source or strategy is benefi-
cial. Conversely, stronger models do not benefit
from domain-specific terminology, but only from
more complete demonstrations of the task.

Retrieval outperforms generation The second
notable trend across models and domains is that
retrieval consistently outperforms generation. With
Gemma, demonstration generation outperforms
zero-shot by +2.3 (averaged across domains), while
retrieval further improves to +3.4. For the more
powerful Gemini, the differential is larger — demon-
stration generation outperforms zero-shot by +0.5,
while retrieval by +1.8.

Generated domain-specific demonstrations
boost weaker model’s translations Taking the
prior two findings together, we can bootstrap
domain-adapted MT knowledge from an LLM’s
own parametric memory, with the two-stage
approach of first generating demonstrations,
then translating. This improvement especially
pronounced with Gemma (+2.3 vs. +0.5 over
respective zero-shot). In fact, this empowers a
smaller model (Gemma) to close the gap with a
larger model’s (Gemini) zero-shot results, as can
be seen by comparing, in Table 1, the bottom left
and top right rows. The gains in medical (+2.9)
and Koran domains (+1.0) result in statistically

“To explain the outliers for Koran (—1.4, —0.5), our man-
ual analysis found term inconsistency — high-frequency source
terms mapped to multiple, equally-valid target terms.



Domain Knowledge? Gemma-2 27B IT

Gemini 1.5 Pro

Law Med. Koran Law Med. Koran
@ zero-shot 84.8 85.2 75.1 86.6 88.2 \ 76.3
N . terms 85.9* 1.1 87.8* 2.6 74.6 105 86.9* 10.3 88.5 10.3 74.9 114
& retrieved oo | 88.6%  1as | 8995 a7 | 767 | 116 | 893% 27 | 8995 17| 764 ‘o1
" terms | 85.2 +04 | 87.1* +1.9 75.7* 106 | 86.7 0.1 88.1 10.1 76.9* 10.6
% generated demos | 86.0* $1.2 88.1* 2.9 76.1* 11.0 87.2* 10.6 88.8* 0.6 76.7* 10.4

Table 1: Results for MT using the COMET22 metrics, comparing the knowledge sources, retrieved and generated,
and the strategies, demonstrations (demos) or terminology (terms). Significant improvements (p < 0.05) over

the zero-shot baseline are marked with *.

Demonstrations outperform terminology, and retrieval outperforms

generation. Generation is especially effective for the smaller Gemma model.

equivalent scores. Law domain incurs a decent
gain (+1.2), but still is below Gemini (86.0 < 86.6).
It is worth emphasizing that acquiring extensive
resources for novel specialist domains is expensive;
but this straightforward approach can be effective.’

Comparisons with Prior Results We can also
compare our results with demonstrations to those
from the recent study by Tan et al. (2024), who use
the gpt-3.5-turbo-0301 LLM. Their zero-shot
results are most comparable to Gemma’s: 84.4,
86.2, 75.1. Their results for retrieved demonstra-
tions are also comparable: 88.2, 89.6, 76.5. The
other 3 settings, retrieving terms and both gen-
eration ones, are new to our work — and we re-
emphasize here the value of our controlled setting
in facilitating fair comparison between them all.

5 Analysis

Demonstrations (both retrieved and generated) are
by far the most effective domain adaptation strategy
we explored, providing a large boost to both LLMs.
In the following sections, we turn to analyses to
understand better where the gains are coming from.
We begin by analyzing retrieved demonstrations to
disentangle contributions from style vs. terminol-
ogy (§5.1). Then, we investigate the importance
of various in-context learning decisions for gen-
erating demonstrations (§5.2). Finally, we study
how generated domain knowledge can be distilled
at test-time from larger to smaller models (§5.3).

5.1 Retrieved Demonstrations:
Contributions from Style vs. Terminology

What exactly is being conveyed by the retrieved
demonstrations? In this section, we take advan-
tage of our careful experimental setup, where our

5Note that the experiment from §5.2 shows that domain-
specificity is the main contributor, rather than proximity to the
current instance. These generated demos are only as effective
as real static, but domain-specific demos.
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Style templates (decomp style)

Ret demos Tra

{source text}

Figure 2: Illustration of our process to decompose the
contributions of retrieved demonstrations into style and
terminology. We first extract the source-target term
pairs using a simple function, and aggregate them into
a local terminology. Then, the remaining tokens are the
style templates, with the terms masked. Note that in the
actual data, we use <MASK> instead of [].

bilingual terminology is derived from the same par-
allel text used for demonstrations, to disentangle
whether demonstrations are more valuable because
they assist with proper terminology translations in
context, or with matching the style of the corpus.

The core idea behind this experiment is that we
can use the same technique to extract bilingual ter-
minology pairs from a translation demonstration
(§3.1), but instead of running it on the whole train-
ing corpus, we can run it only on the £ demonstra-
tions retrieved to match the current source sentence.
This gives us a local terminology, as opposed to a
global one. Crucially, where the global terminol-
ogy would present the union of all possible target
language translations found throughout the training
set for a given source term, the local terminology
only presents translations licensed by the & demon-
strations. This allows it to take advantage of any
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Figure 3: Results for zero-shot, external retrieval, terms
from demonstrations, and style from demonstrations.

disambiguating context in the demonstrations to
create more relevant term translations.

We then define style templates as the inverse —
the remaining tokens, with the bilingual terms on
both sides replaced with a <MASK> mask token. For
this, we use a similar prompt as for demonstration
retrieval, but also explicitly instruct the LLM to
not generate mask tokens in its output (as shown
in Figure 7). Upon manual inspection, these masks
appear quite thorough, with most anything that
could be considered terminology being masked out.

Results We carry out the decomposition experi-
ment using Gemini 1.5 Pro. Figure 3 presents our
results. We see that compared to zero-shot, using
local terms (terms from demonstrations) more than
doubles the gains of global terms (retrieved terms).
However, style templates (style from demonstra-
tions) further narrow the gap to retrieved demon-
strations by 60% (law) and 75% (medical).

The combined results from the rerms from
demonstrations and style from demonstrations ex-
periments indicate that the primary value from re-
trieved demonstrations is not contextually appro-
priate translations of domain-specific terminology.
While this is a part of the story, it accounts for only
0.8 (law) and 0.5 (medical) points of the 2.9- and
2.0-point improvements from the retrieved demon-
strations. Meanwhile, the style from demonstra-
tions scores almost perfectly account for the re-
mainder. This is a strong indicator that the major-
ity of the value of retrieved demonstrations comes
from matching the publication style of these cor-
pora, rather than carrying out adaptation to a medi-
cal or legal domain. That is, we are doing domain
adaptation, but it is to a much more narrow domain
than is usually discussed.

These results agree with and reinforce conclu-
sions from recent work. Tan et al. (2024) perform
a targeted study into translation style, following
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the same settings — the multi-domain dataset and
a strong proprietary LLM. Their findings between
zero-shot and few-shot concur — while there is a
observable COMET difference (2.7), nevertheless
zero-shot translations “have already conveyed the
semantic meaning of the source sentence, albeit
with some variations in lexical choices and sen-
tence structure.” They therefore propose a style
learning method to retrieves related target sen-
tences from a monolingual target corpus, finding
this achieves 70% of few-shot’s gains. However,
by only removing the source side of the demonstra-
tions, the exemplars still implicitly provide both
style and terminology hints. We add to the discus-
sion by providing a precise, alternative definition
of “style” as anything outside of terminology. This
in turn allows us to cleanly decompose the tokens
from each demonstration into two subsets, and as-
sign credit accordingly.

5.2 Ablation on Generated Demonstrations

Generation of demonstrations (generate demos)
is by far the most successful of the two approaches.
As described in §2.2, we made several decisions
here: 1) using domain-specific exemplars; 2) using
the intermediate generation of demonstration step;
3) in that step, selection of the ICL exemplars. We
explore the impact of the decisions by comparing
the zero-shot, retrieved demos, and generate
demos results to the following ablations:

Static few-shot Drop the generate demo step, and
use the 2x3 domain-specific examples® directly as
static demonstrations of translation. This investi-
gates the impact of domain-specificity alone.

No ICL With the generated demo step, but remove
all exemplars from that step’s instructions. This
investigates the impact of ICL at all.

General ICL With the generated demo step, but use
the 5x1 general-domain examples from He et al.
(2024) instead of the 2x3. This investigates the
impact of the domain-specificity of ICL.

Results are shown in Table 2. First, we consider
ablation results on Gemini. There is a large drop
between zero-shot and ‘no ICL (e.g., 88.2 ->
83.8 for medicine). Our manual analysis of a few
‘no ICL’ outputs finds that the generated demon-
strations on the target side are often quite lexically
close; we hypothesize these are unhelpful and af-
fect downstream translations. Comparing general
ICL to generated demos, we see that roughly

52x3 means there are two example source texts, which are
each followed by three example translation pairs.



Gemma-2 27B IT Gemini 1.5 Pro
. Domain- Generate Demo
Setting specific demo step  #ICL law med. Koran | law med. Koran
zero-shot N/A X N/A 84.8  85.2 75.1 | 86.6  88.2 76.3
static few-shot v X N/A 86.3 88.2 763 | 87.2  89.1 76.4
retrieved demos v X N/A 88.6 89.9 76.7 | 89.3 89.9 76.4
no ICL N/A v 0 852 875 75.1 | 839  83.8 75.6
general ICL X v 5x1 85.7 878 75.6 | 869  88.5 76.0
generated demos vV v 2x3 86.0 88.1 76.1 | 87.2 88.8 76.7

Table 2: COMET22 Results for the study on demonstration generation, using Gemma (left) and Gemini (right).
The italicized settings are ablations, while the monospace settings are the same as in Table 1.

half the value of demonstration generation can be
retained with general ICL. However, comparing
‘static few-shot’ to generate demos (rows 7 & 10),
both achieve similar scores across domains. This
adds a caveat to our earlier findings, suggesting
the domain-specificity of the generated demos is
more important to downstream MT than the demos
alone.

Now, we consider ablation results on Gemma.
Interestingly, unlike for Gemini, for Gemma even
the ‘no ICL* setting improves upon zero-shot (85.2
-> 87.5 for medicine). We observe that, compared
to generated demos, ‘General ICL‘ slightly under-
performs it, while ‘static few-shot” matches it. This
again underscores the value of the demonstration
stage in improving the smaller LLM’s translations,
as well as key role of domain-specificity.

Our results add insight into two formerly dis-
parate findings. Prior work on older LLMs dis-
cussed two factors for ICL exemplars: lexical
coverage within a domain (Agrawal et al., 2023),
and their quality (Vilar et al., 2023). Our find-
ing here provides evidence that, for current LLMs
with strong zero-shot MT performance, the primary
value of ICL is in the domain-specificity, especially
in style. Quality examples can be equally as validly
obtained from static few-shot exemplars or gener-
ated demonstrations.

5.3 Cross-LLM Knowledge Generation

For the two generation-based settings, the same
LLM is used in both the generation stage and the
translation stage. To further understand how gen-
eration quality affects the final performance, we
conduct additional experiments to reuse the gener-
ated demonstrations or terminology from Gemini
1.5 Pro to prompt the Gemma 2 27B model for
translation. As shown in Table 3, demonstration
generation and terminology generation both benefit
greatly from higher quality generations from Gem-

strategy  gen. LLM law med. koran

& demos Gemma 86.0 88.1 76.1
# Gemini 86.9* 88.6* 76.6*

& terms Gemma 852 87.1 75.7
® Gemini 85.8% 87.5% 76.4%*

Table 3: Results for the ablation on generation-based
strategies. Gemma-2 27B IT is always used for transla-
tion, but the generation model can be either LLM. Sig-
nificant improvements when using Gemini’s generated
outputs instead of Gemma’s are marked with *.

ini, with significant gains in all three domains. This
shows that higher-quality generated knowledge re-
sult in higher-quality translations. The larger Gem-
ini model’s knowledge can be effectively distilled
to the smaller Gemma model, at inference-time,
through its translation demonstrations.

6 Discussion and Conclusion

We study the problem of domain adaptation for MT
with LLMs, one which intuitively speaking, should
be well addressed by prompting-time adaptation.
Building upon prior work which injects domain-
specific knowledge into prompts, we perform a
thorough study into how this knowledge can best
be acquired in terms of strategy, demonstrations or
terminologies, and sources, retrieval or generation.

Our main study shows that demonstrations out-
perform terminology, and knowledge retrieval con-
sistently outperforms generation. Furthermore,
generation of domain-specific demonstrations can
viably improve weaker model’s performance, clos-
ing the gap with a larger model’s zero-shot per-
formance (though comparable to static exemplars).
We gain additional insights with our further analy-
ses. Notably, we explore the connection between
the strategies, characterizing demonstrations as pro-
viding both terminology hints and style hints. Our



decomposition of the contributions of demonstra-
tions finds that the majority of the gains (~65%)
come from style over terminology.

Taken together, our work indicates that for the
law, medical and Koran domains of the commonly-
used multi-domain scenario, large LLMs need very
little terminology help, and the improvements from
demonstrations are more so from matching corpus
style than from better conveying domain-specific
semantics. Our work takes a first step in surfacing
the domain-specific knowledge of smaller LLMs
through generation, and we look forward to more
informed approaches in future work. Meanwhile
for the largest LLMs, we recommend as the most
promising direction to construct a new MT adapta-
tion scenario that challenges even their broad base
of parametric knowledge, perhaps with reference
to pretraining cut-off dates.

Limitations

While our work aims to generally study the prob-
lem domain adaptation for MT, we considered only
a single dataset, multi-domain, with 3 domains and
1 language pair. This is following prior work, and
also as there no other suitable datasets for our com-
parative setting. This is further discussed in Ap-
pendix A. We noted the limitations of this dataset,
in not posing enough of a domain-adaptation chal-
lenge for current LLMs. We call on future work
to design more up-to-date, comprehensive domain-
adapted MT datasets.

We acknowledge that the multi-domain dataset
is fairly well-worn, and there is possible data leak-
age into current LLLMs, given the availability of
the entire dataset online. This is a general concern
with research using proprietary LLMs. However,
the fact that demonstration retrieval does improve
COMET scores for multi-domain indicates that, at
the very least, the paired translations have not ex-
actly memorized. Also, consider the Koran domain.
While an LLM have undoubtedly seen Koran text
during training, because there are multiple transla-
tions of the Koran into both English and in German,
there is no exact 1-1 mapping with respect to the
translations used in this dataset.

For demonstration retrieval, we used only the
BM?2S5 algorithm. Prior works have explored more
informed retrieval approaches; however they were
starting from much weaker zero-shot baseline,
meaning that demo quality should matter less in our
case. We reiterate that improving retrieval-based
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few-shot MT is not the goal of this work; rather, we
aim to understand why it works well, and whether
generating from parametric memory alone is vi-
able. Our analysis, including our decomposition
of demonstrations into style and terminology, can
also be applied to demonstrations from any other
similarity method.

Our use of a silver terminology built by LLM
may lead to an under-estimation of the value
of retrieved knowledge from bilingual terminol-
ogy dictionaries. Likewise, our decomposition
of demonstrations into terminology entries and
style templates may be affected by the LLM’s
terminology-extraction errors. As mentioned in
the main text, prior work indicates that these tech-
niques (with older LLMs) should be roughly 95%
accurate (Moslem et al., 2023).
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A Other MT with Terminology Datasets

We did not use the datasets from WMT21 and
WMT?23 shared tasks on MT with terminologies.
They do not include datastore for retrieving demon-
strations, as well as each having its own concerns.
For WMT?21, we found that MT performance for
zero-shot and using gold terms was equivalent
(87.0 vs. 86.8 COMET?22). This is due to con-
temporary LLM pretraining data containing a lot
of COVID domain text, making it no longer a spe-
cialist domain. For WMT23, terminologies are
internally defined — i.e., written directly with re-
spect to each test and dev bitext. As we argued
earlier, terminologies should be considered as ex-
ternal, pre-defined resources. We therefore recom-
mend that both WMT21 and WMT?23 datasets are
outdated with current LLMs, and their use should
be avoided.

Aycock and Bawden (2024) introduce a domain-
adapted MT dataset, which they curate as a subset
of existing MT resources from the OPUS project.
This covers 7 domains and 11 languages. How-
ever, for all domains of their dataset, there is no
large-scale data-store for demonstration retrieval;
they only perform retrieval — proposing a topic-
model guided exemplar selection method, which
they show beats BM25 — over the very small de-
velopment splits. Our work therefore considers
only the multi-domain dataset, as it widely used for
domain-adapted MT, and also satisfies our external
resource requirements.

B Prompts Used

We reproduce the exact prompts used below, where
{<some_var>} are variables which are filled per
prompt, and [<some_ex>] are the static exemplars
which are filled per-domain.
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Instruction: Translate the following {src_full} text into {tgt_full} and output the result
in JSON format using "translation” as the key.

{source_language_name}: {source_text}

{target_language_name}:

Figure 4: Prompt for zero-shot MT.

You are tasked with translating {source_language_name} to {target_language_name}. You are provided
several example translations, and you should follow their example to translate the given
{source_language_name} sentence.

{demo_examples?}

{source_language_name}: {source_text}

{target_language_name}:

Figure 5: Prompt for MT with demonstrations (also known as few-shot MT in prior work). This prompt is used
for both demonstration retrieval and demonstration generation.

Your task is to translate a piece of text from {source_language_name} into {target_language_name}.
You are provided a list of terminology dictionaries. Each dictionary has a single source term (key
"de"), and multiple candidate translated terms (key "en") -- pick the most appropriate translated
term for the source sentence. Note that the terminologies have lowercased terms, but you should
consider proper casing when translating into {target_language_name}. Based on these terminologies,
output your best one translation.

{examples}

Terminology: {terminology}

{source_language_name?}: {source_text}

{target_language_name}:

Figure 6: Prompt for MT with terminologies. This prompt is used for both terminology retrieval and terminology
generation.

You are tasked with translating {source_language_name} to {target_language_name}. You are provided
several example translations, and you should follow their example to translate the given
{source_language_name} sentence. Note that the examples might contain special mask tokens <MASK> but
in your output, please do not use any such tokens.

[few_shot_examples]
{source_language_name}: {source_text}
{target_language_name}:

Figure 7: Prompt for MT with style from demonstrations. Recall that in this setting, we provide the retrieved
demonstrations, but with the terminologies masked out —i.e., the style contribution is the inverse of the terminology
contribution.

You are given a {source_language_name?} source text, and asked to write exactly 3 text pairs. A text
pair consists of a {source_language_name} text, which is related to but different from the source
text, and its translation into {target_language_name}. You should do your best to ensure that your
{source_language_name} texts have similar style to the source text. Following the provided examples,
output each pair as a JSON dictionary, with keys "de” and "en". Each dictionary should be on a
separate line.

[demo_examples]

{source_language_name} source: {source_text}

Pair 1:

Figure 8: Prompt for synthetic demonstration generation. [demo_examples] are static exemplars for this task; see
below.
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German source: Die EDGE- und EDGE-II-Studien verglichen die gastrointestinale Vertraglichkeit
von Etoricoxib mit der von Diclofenac.

Pair 1: {"de": "Die kardiorenalen Ergebnisse der EDGE- und EDGE-II-Studien entsprachen den
fir die MEDAL- Studie beschriebenen.”, "en": "The cardiorenal results for EDGE and EDGE II
were consistent with those described for the MEDAL Study."}

Pair 2: {"de": "Eine langsame Dosissteigerung kann die gastrointestinale Vertraglichkeit
ebenfalls verbessern.”, " "A slow increase in the dose may also improve gastrointestinal
tolerability."}

Pair 3: {"de": "Die Haufigkeit von unerwiinschten Ereignissen in EDGE und EDGE II sowie die
Haufigkeit von als schwerwiegend erachteten oder zum Studienabbruch fiihrenden unerwinschten
Ereignissen in der MEDAL-Studie war unter Etoricoxib hoher als unter Diclofenac.”, "en": "The
incidence of adverse experiences in EDGE and EDGE II and of adverse experiences considered
serious or resulting in discontinuation in the MEDAL study was higher with etoricoxib than
diclofenac.”}

n

en-:

German source: 3 ml Lésung in einer Patrone aus Glas (Glasart 1), mit einem Kolben (Brombutylgummi)
und einem Stopfen (Brombutylgummi/Polyisopren) in einem Umkarton.

Pair 1: {"de": "3 ml LOosung in einer Patrone aus Glas (Glasart 1), mit einem Kolben (Brombutylgummi)
und einem Stopfen (Brombutylgummi/Polyisopren) in einem Fertigpen (Mehrdosen-Einwegspritze aus
Polypropylen)."”, "en": "3 ml solution in a cartridge (type 1 glass) with a plunger (bromobutyl) and
a stopper (bromobutyl/ polyisoprene) contained in a pre-filled pen (multidose disposable pen)
(polypropylene)."}

Pair 2: {"de": "3 ml Suspension in einer Patrone (farbloses Glas, Typ 1) mit einem Kolben
(Brombutylgummi, Typ 1) und einer Bordelkappe (Aluminium) mit einem Stopfen (Brombutyl- oder
Polyisopren- Brombutylgummi, Typ 1).", "en": "3 ml suspension in a cartridge (type 1 colourless
glass) with a plunger (bromobutyl rubber (type 1)) and a flanged cap (aluminium) with a stopper
(bromobutyl or laminate of polyisoprene and bromobutyl rubber (type 1))."}

Pair 3: {"de": "5 ml LOsung in einer Durchstechflasche (farbloses Glas, Typ 1) mit einer
Bordelkappe (Aluminium), einem Stopfen (Chlorbutylgummi, Typ 1) und einem AbreiBdeckel
(Polypropylen).”, "en": "5 ml solution in a vial (type 1 colourless glass) with a flanged cap
(aluminium), a stopper (chlorobutyl rubber (type 1)) and a tear-off cap (polypropylene)."}

Figure 9: Static 2-shot exemplars used for the synthetic demonstration generation prompt (Figure 8). Each exem-
plar has 3 output sentences. Here we show the exemplars for the medical domain.

You are given a {source_language_name} source text, and asked to extract a bilingual terminology
that translates key terms from the source text into {target_language_name}. Each entry in the
terminology should have a {source_language_name} term and a list of possible {target_language_name}
translations. Following the provided examples, output each pair as a JSON dictionary, with keys "de"”
and "en”. Each dictionary should be on a separate line.

[term_examples]

{source_language_name} source: {source_text}

Term 1:

Figure 10: Prompt for synthetic terminology generation. [term_examples] are static exemplars for this task; see
below.
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German source: (6) Die Kommission unterrichtete den Antragsteller, andere Gemeinschaftshersteller,
die ausfihrenden Hersteller in der VR China und in den USA, bekanntermaBen betroffene Einfihrer
und Verwender sowie die Vertreter der Regierungen der VR China und der USA offiziell Uber die
Einleitung des Verfahrens.

Term 1: {"de": "einleitung des verfahrens”, "en"”: ["initiation of the proceeding”,
"opening of the proceedings”]}

Term 2: {"de": "ausfilhrenden hersteller”, "en": ["exporting producers”]}
Term 3: {"de": "gemeinschaftshersteller”, "en”: ["community producers”]}
Term 4: {"de": "antragsteller”, "en": ["complainant”]}

Term 5: {"de": "kommission”, "en": ["commission”]}

Term 6: {"de": "verfahrens”, "en": ["investigation", "procedure”]}

Term 7: {"de": "einflhrer"”, "en": ["importers"]}

Term 8: {"de": "verwender”, "en": ["users"]}

Term 9: {"de": "vertreter”, "en": ["representatives"]}

Term 10: {"de": "vr china”, "en": ["prc"]}

German source: ENTSCHEIDUNG DER KOMMISSION vom 25. Februar 1998 zum Fragebogen fir die Berichte der
Mitgliedstaaten Uber die Umsetzung der Richtlinie 94/67/EG des Rates Uber die Verbrennung
gefahrlicher Abfalle (Umsetzung der Richtlinie 91/692/EWG des Rates) (Text von Bedeutung

fir den EWR) (98/184/EG)

Term 1: {"de": "verbrennung gefahrlicher abfalle”, "en": ["incineration of hazardous waste"]}
Term 2: {"de": "fragebogen"”, "en": ["questionnaire”"]}

Term 3: {"de": "richtlinie"”, "en": ["directive"”, "guideline"]}

Term 4: {"de": "ewr”, "en": ["eea relevance"]}

Figure 11: The static 2-shot exemplars used for the synthetic terminology generation prompt (Figure 10). Here we
show the exemplars for the law domain.

Identify and annotate all terminology entities (consider only consecutive words) from the source
sentences and match them with the counterpart in the target sentences. Your response should follow
the format of the provided examples, so that each numbered source and target pair corresponds to
exactly one terminology line in your response.

[source_examples]

{source_texts}

[target_examples]

{target_texts}

[term_examples]

Figure 12: Prompt for terminology extraction from source-target text pairs. For each prompt, we batch together
5 text pairs to extract from at a time. [source_examples], [target_examples], [term_examples] are static
exemplars for this task; see below.
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source 1: Sag: "Wer hat denn die Schrift hinabgesandt, mit der Musa als Licht und als Rechtleitung
fir die Menschen kam?

source 2: Sollte Seine Peinigung Uber euch nachts oder am Tage hereinbrechen, was wollen denn die
schwer Verfehlenden davon beschleunigen?”

source 3: Unser Herr! Du bist wahrlich Gitig, Barmherzig.”

source 4: Und diejenigen, die an Allah und Seine Gesandten glauben, sind die Wahrhaftigen und die
Bezeugenden vor ihrem Herrn; sie werden ihren Lohn und ihr Licht empfangen.

source 5: "Wer sich im Irrtum befindet, dem soll Der Allgnade Erweisende noch mehr davon gewahren!”
Wenn sie dann sehen, was ihnen angedroht wurde: entweder die Peinigung oder die Stunde, dann werden
sie wissen, wer Uber die schlimmere Stellung und die schwachere Streitmacht verfigt.

target 1: Say: "Who sent down the Book that Moses brought as a light and a guidance to men?
target 2: If His chastisement comes upon you by night or day, what part of it will the sinners seek
to hasten?

target 3: Our Lord, surely Thou art the All-gentle, the All-compassionate.”

target 4: Those who believe in God and His apostles are true of word and deed; and by their Lord are
considered testifiers of the truth. They have their guerdon and their light.

target 5: "Ar-Rahman extends the life of those who are astray until they come to realise what had
been promised them was either (physical) affliction or (the terror) of Resurrection. Then will they
know who is worse in position, and who is weak in supporters.

terminology 1: [{{"en”: "Book”, "de": "Schrift”}}, {{"en": "guidance”, "de": "Rechtleitung"”}},
{{"en": "Moses", "de": "Musa"}}]

terminology 2: [{{"en": "chastisement”, "de": "Peinigung”}}, {{"en"”: "sinners"”, "de": "schwer
Verfehlenden"}}]

terminology 3: [{{"en”: "Our Lord”, "de": "Unser Herr"}}, {{"en": "All-gentle”, "de": "GuUtig"}},
{{"en": "All-compassionate”, "de": "Barmherzig"}}]

terminology 4: [{{"en": "His apostles”, "de": "Seine Gesandten"}} {{"en": "true of word and deed",
"de": "die Wahrhaftigen und die Bezeugenden”}}, {{"en": "by their Lord"”, "de"”: "vor ihrem Herrn"}},
{{"en": "their guerdon”, "de": "ihren Lohn"}}, {{"en”: "their light”, "de": "ihr Licht"}}]
terminology 5: [{{"en": "Ar-Rahman”, "de": "Der Allgnade Erweisende"}}, {{"en": "extends the life”,
"de": "noch mehr davon gewahren”}}, {{"en": "those who are astray”, "de": "Wer sich im Irrtum
befindet”}}, {{"en": "come to realise”, "de": "sehen"}}, {{"en": "promised”, "de": "angedroht"}},
{{"en": "(physical) affliction”, "de": "Peinigung"}}, {{"en": "(the terror) of Resurrection”, "de":
"Stunde”}}, {{"en": "worse in position”, "de": "Uber die schlimmere Stellung”}}, {{"en”: "weak in
supporters”, "de": "die schwachere Streitmacht”}}]

Figure 13: Static 5-shot exemplars used for the synthetic terminology extraction prompt (Figure 12). We found
that this format, where each of the 3 blocks (source, target, terms) are consecutive to each other, gave the most
parseable output. Note that the 5 exemplars is the same size as the batches of 5 to extract terminologies from. Here
we show the exemplars for the koran domain.
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Abstract

We introduce a novel method to enhance cross-
language code translation from Fortran to C++
by integrating task-specific embedding align-
ment into a Retrieval-Augmented Generation
(RAG) framework. Unlike conventional re-
trieval approaches that utilize generic embed-
dings agnostic to the downstream task, our
strategy aligns the retrieval model directly with
the objective of maximizing translation qual-
ity, as quantified by the CodeBLEU metric.
This alignment ensures that the embeddings
are semantically and syntactically meaning-
ful for the specific code translation task. Our
methodology involves constructing a dataset
of 25,000 Fortran code snippets sourced from
Stack-V2 dataset and generating their corre-
sponding C++ translations using the LLaMA
3.1-8B language model. We compute pairwise
CodeBLEU scores between the generated trans-
lations and ground truth examples to capture
fine-grained similarities. These scores serve
as supervision signals in a contrastive learn-
ing framework, where we optimize the em-
bedding model to retrieve Fortran-C++ pairs
that are most beneficial for improving the lan-
guage model’s translation performance. By in-
tegrating these CodeBLEU-optimized embed-
dings into the RAG framework, our approach
significantly enhances both retrieval accuracy
and code generation quality over methods em-
ploying generic embeddings. On the HPC For-
tran2C++ dataset, our method elevates the aver-
age CodeBLEU score from 0.64 to 0.73, achiev-
ing a 14% relative improvement. On the Nu-
merical Recipes dataset, we observe an increase
from 0.52 to 0.60, marking a 15% relative im-
provement. Importantly, these gains are real-
ized without any fine-tuning of the language
model, underscoring the efficiency and practi-
cality of our approach.

1 Introduction

Cross-language code translation is a critical task in
modern software development, especially as legacy

programming languages, such as Fortran, continue
to be prevalent in scientific computing, while more
contemporary languages like C++ are favored for
their performance and versatility in production en-
vironments. The goal of automatic translation from
Fortran to C++ is to preserve the functionality and
structure of legacy code while benefiting from the
optimizations and ecosystem of C++. However,
achieving high-quality translations that adhere to
the syntax and semantic norms of the target lan-
guage remains a challenging problem, particularly
when there is a lack of large, aligned datasets or
evaluation metrics that cover both source and target
languages effectively.

Traditional approaches to cross-language trans-
lation, such as Retrieval-Augmented Generation
(RAG) (Lewis et al., 2020) typically involve two
phases: first, retrieving relevant examples from a
database, followed by a language model generat-
ing code conditioned on both the query and the
retrieved examples. In prior efforts, the retrieval
models in RAG systems have relied on general-
purpose embedding models (Bhattarai et al., 2024;
Li et al.), which are not tailored to the specific nu-
ances of code translation. These embeddings aim
to retrieve relevant pairs from the source and tar-
get languages but do not directly optimize for the
quality of the generated code. As a result, while
the retrieved examples may be relevant in a broad
sense, they often fail to guide the language model
towards producing translations that maximize fi-
delity to the ground truth in the target language.

Given the scarcity of high-quality parallel For-
tran—C++ data, we generate synthetic C++ transla-
tions from abundant Fortran code using an LLM
to create a pseudo-parallel corpus. Although these
synthetic translations may not be flawless, they
provide a robust similarity signal that enables ef-
fective alignment of Fortran code embeddings.
This “pseudo-alignment” enhances the retrieval of
relevant examples in our RAG framework, lead-
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ing to significant improvements in downstream
translation quality as demonstrated by a consis-
tent 14-15% gain in CodeBLEU scores. We col-
lect a dataset of 25,000 Fortran code examples
from Stack V2 (Lozhkov et al., 2024) and use the
LLaMA 3.1-8B (Touvron et al., 2023) model to
generate corresponding C++ translations. In the
absence of ground truth C++ translations, we eval-
uate the quality of these translations using pairwise
CodeBLEU similarity scores. This metric captures
both syntactic correctness and semantic fidelity,
providing a robust signal for aligning the retrieval
model through contrastive learning.

The proposed approach aims to addresses the
shortcomings of general-purpose embedding mod-
els by integrating task-specific metrics into the re-
trieval optimization process. By aligning the re-
trieval model with the downstream task of produc-
ing high-quality C++ code, our method ensures that
the examples retrieved during inference are not just
broadly similar but are semantically and syntacti-
cally aligned in a way that enhances the LLM’s
generative performance. The result is a significant
improvement in translation quality, as measured by
CodeBLEU, over previous methods that lack such
alignment.

Our contribution is twofold: first, we demon-
strate the effectiveness of contrastive learning for
fine-tuning retrieval models in the context of cross-
language code translation, using a task-specific
metric to guide alignment. Second, we show that
optimizing retrieval for downstream generation
tasks can lead to state-of-the-art results, particu-
larly in cases where aligned datasets are not readily
available for both source and target languages. This
work not only advances the field of code translation
but also opens up new possibilities for applying
similar techniques to other language pairs and do-
mains where task-specific evaluation metrics are
available for only one side of the translation.

2 Related Work

Historically, code translation strategies before the
advent of LLMs relied heavily on rule-based
and statistical machine translation (SMT) sys-
tems (Koehn, 2009). These systems used prede-
fined rules or statistical mappings between the
source and target programming languages, such as
tree-based translation approaches that mapped syn-
tax trees between languages. While these methods
provided structured and interpretable outputs, they

were limited in their ability to handle the semantic
complexities of different programming languages
and struggled with code diversity, edge cases, and
idiomatic translations.

With the rise of deep learning and LLMs, fine-
tuning models on large datasets became the go-
to method for improving code translation. Mod-
els like CodeBERT (Feng et al., 2020) and
Codex (Chen et al., 2021), when fine-tuned on spe-
cific language pairs, improved translation quality
by leveraging vast amounts of parallel code data.
However, the main limitation of LLM fine-tuning
lies in the resource-intensive process. Fine-tuning
requires substantial amounts of labeled data and
computational resources, making it impractical for
niche or legacy languages like Fortran, where par-
allel data may be scarce.

As a next step, task-specific alignment of LLMs
emerged to improve translation by better guiding
the model’s output. While alignment techniques
help improve output fidelity, they still necessitate
fine-tuning or explicit modification of the LLM
itself, which can be resource-intensive and may
still fall short of generalization when translating
between languages with significant structural dif-
ferences (Mishra et al., 2024).

RAG introduced a more flexible approach by
allowing LLMs to retrieve and condition their out-
puts on example pairs from a relevant dataset.
While RAG improves translation by augmenting
the model’s input, the effectiveness of this strat-
egy depends on the quality and relevance of the
retrieved examples. In an example case (Bhattarai
et al., 2024), the retrieval step relies on general-
purpose embeddings like Nomic-Embed or Code-
BERT, which, although effective at retrieving se-
mantically similar code, are not optimized for spe-
cific downstream metrics like CodeBLEU. As a
result, the LLM might not always retrieve the exam-
ples that would best assist in producing translations
aligned with target-specific quality metrics.

The approach we propose offers a significant
advantage by focusing on semantic alignment of
the retrieval mechanism without the need to fine-
tune the LLM itself. Through contrastive learn-
ing, we optimize the embedding model to retrieve
Fortran-C++ pairs that are more likely to maximize
the downstream metric (e.g., CodeBLEU) when
used by the LLM for generation. This strategy
ensures that the most relevant examples are re-
trieved for each translation task, improving the gen-
eration quality without requiring computationally
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expensive fine-tuning of the LLM. This retrieval
alignment makes RAG more efficient and better
suited for translating between languages where
high-quality paired datasets may not be available.
By concentrating on improving the quality of re-
trieved examples, our method achieves high-quality
translation with minimal additional model training,
leveraging existing LLM capabilities more effec-
tively.

3 Methods

This section provides the technical description of
our proposed method.

3.1 Problem setting

We consider the standard code translation scenario
leveraging a language model G, in which a tar-
get translated code ¢! of a query source code c* is
generated using G:

d=G(c) (1)

In practice, conditioning GG on k example pairs of
source and target code D := {(cf, ct) }5:1, can sig-
nificantly enhance translation. This few-shot learn-
ing approach can be expressed as: ¢! = G (c%, D)

In a RAG framework, this process is further re-
fined by integrating a retrieval mechanism R that
identifies the most pertinent k example pairs from
a large corpus C based on the query c¢’. By ex-
pressing this retrieval step as D = R(c®,C), we
can describe the conventional translation scenario
leveraging G as

¢t =G (¢, R(e,C)) )

In practice, the input source code for the retrieval
are embedded using a neural network ¥, which
are generally agnostic to the downstream task. We
denote cy, as the embedding of the source code
c® under the embedding W. Hence, Eq. 2 can be
expressed as

=G (c*, R(c5,Co)) (3)

under the usage of the embedding model ¥. Here,
the notation Cy refers to the fact that the embedding
is applied onto the corpus of c°.

Some common embedding modules for the re-
trieval code translation are Nomic-Embed (Nuss-
baum et al., 2024), StarEncoder (Li et al., 2023),
and CodeBERT (Feng et al., 2020). However, as

the performance of the translation task heavily de-
pends on the relevance and the alignment of the
retrieved examples with respect to the query c*,
as we will show in the following discussion, it is
beneficial to optimize ¥ for better code translation
performance.

3.2 Task-Specific Embedding Alignment

Our method involves aligning the Fortran embed-
ding model ¥ using contrastive learning based on
CodeBLEU similarity scores, followed by apply-
ing this aligned model within a RAG framework
for improved cross-language code translation from
Fortran to C++, as shown in Figure 11.

Embedding Similarity: We directly leverage
the CodeBLEU similarity computed from the lan-
guage model G to train an aligned embedding mod-
ule ¥ for the downstream code translation task.
The following discusses how to extract the Code-
BLEU similarity from G.

From a source dataset of Fortran code snippets
DF = {c; Z»]\Ll, we generate the corresponding
C++ translations D¢ = {c!}¥ | using G without
RAG retrieval:

=G, Vi=1,...,N 4)

Then, we compute the pairwise CodeBLEU sim-
ilarity scores (Ren et al., 2020) between all gener-

ated translation pairs (cf, c5):

t t .t
S!; = CodeBLEU(c!, c!) (5)

where the CodeBLEU score matrix S! €
[0, 1]V*N is a weighted linear combination of
four components: the n-gram match Sy gram, the
weighted n-gram match Sy.pgram, the syntactic
AST match Sgynwx, and the semantic data flow
match Sgemantic. These components capture the
syntactic and semantic similarities between the
generated C++ translations: Sy.gram is the tradi-
tional BLEU score up to n-grams, Sy.n-gram aS-
signs weights to n-grams based on their impor-
tance, Sgynax measures the similarity between the
abstract syntax trees (AST) of the code snippets
and Ssemantic assesses the similarity in data flow
between code snippets.

Intuitively, a high value of Sfj indicates that the
source code snippets ¢; and c;, when translated
by G, produce similar target code, suggesting that
¢; and c; are semantically similar with respect to
the translation task. Therefore, our approach aims
to learn a fine-tuned embedding module ¥ that
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i. Embedding model Alighment

___________________

NUMERICAL |
RECIPES

HPC
Fortran2CPP

~
N
AY

ﬂ>
- |

ii. Translation based on aligned RAG retreival with LLM

Figure 1: Overview of the proposed pipeline. i) The LLM generates pairwise code translations, which are evaluated
using the CodeBLEU metric. ii) The resulting similarity scores are used to guide contrastive learning for semantic

alignment of the embedding model.

utilizes Sfj to enhance code embedding alignment.
The approach is expected to guide ¥ in a way that
enhances the code translation task leveraging G.

Embedding Alignment: To align the embed-
ding space of code snippets with the semantic simi-
larities measured by CodeBLEU, we propose the
Soft Information Noise-Contrastive Estimation (S-
InfoNCE) loss applied to the embeddings resulting
from the trainable embedding module ¥. On a high
level, our proposed S-InfoNCE can be considered
a soft version of the InfoNCE loss proposed for
contrastive learning (van den Oord et al., 2018). In
the following, we provide the description for the
S-InfoNCE loss and Lemma 1 characterizing the
stationary condition resulting from the S-InfoNCE.
The result helps describing the influence of the loss
on the learnt representation.

Given a batch of NV code snippets, we compute
their embeddings ¢y, = V¥(c;) and then calcu-
late the pairwise cosine similarities between those
embeddings, scaled by a temperature parameter
T>0:

3. = 1 G Gy (6)
R CATEN

Our proposed S-InfoNCE loss integrates these
continuous similarity scores to weigh the contribu-
tion of each pair. Specifically, the loss component

between code ¢ with respect to code j is given as:

exp(Sy,,) )

> p exp(Sy,,)

liSjInfONCE(\I]) — _Szt] log <

@)
and the S-InfoNCE loss is the sum over all code
pairs:

N N
ES—InfoNCE(‘II) — Z Z lZ»SJTInfONCE(\I’) (8)

i=1 j=1

Finally, the embedding W is optimized by minimiz-
ing £5-MONCE () ysing gradient descent.
Compared to the conventional InfoNCE loss for
contrastive learning (van den Oord et al., 2018), our
proposed loss differs in its usage of Sfj as a soft
indicator for encoding a continuous similarity be-
tween the pair (i, 7), rather than a binary indicator
of class membership (same class or not). This gives
rise to the term soft InfoNCE, or S-InfoNCE. In the
typical InfoNCE loss, the term [;; is included only
if the pair (7, j) belongs to the same class, assuming
discrete classes are available. However, since such
discrete class labels do not exist in the code trans-
lation task, we adopt Sfj as a soft version of this
indicator function, allowing for a more nuanced
representation of similarity between code pairs. To
further elaborate on the impact of S-InfoNCE, we

110



provide Lemma 1 characterizing its stationary con-
ditions:

Lemma 1. The stationary points of the S-InfoNCE
loss (Equation 8) satisfy:
S . t
exp( ‘I’ij) _ Sij
N N
> h=1 eXP(S\%;k) > k=1 S5,

foralli,je{l,...,N}.

Furthermore, the optimal loss is the weighted
sum of the entropy of the CodeBLEU similarity
distribution for each input code i:

£S Im‘oNCE Z (Z ) pz (10)

=1

; (©))

where H is the entropy function and p; is a proba-
bility vector whose j-th component is

s,
P = = (11)
k=15ik
Proof. For brevity, let us define:

* = S the CodeBLEU sirnilarity between
the target code translations c and c

e pi(¥) = exp(S\SI,ij)/Zi, where Z; =
Z;]gV:1 exp(Sy,, ): the normalized exponen-

tial of the cosine similarity between the em-
beddings of source code snippets ¢} and c;.

The S-InfoNCE loss can be rewritten as:

Z Z Qjj Ingw

=1 j=1

ES—IHfONCE ( 12)

The minimization of L£3TNCE(W) can be
viewed as a constrained optimization problem over
the variables p;;(¥), subject to the normalization
constraints:

N
> pii(¥) =1,
j=1

Thus, we can formulate the Lagrangian L:

N N
== ) aijlogp;(T

Vie{l,...,N}. (13)

i=1 j=1
N

+ Z \; Z . (14
=1 7j=1

To find the stationary points, we take the deriva-
tive of £ with respect to p;;(¥) and set it to zero:

8£ Otij
= — X =0 (15
Ipi; (V) pij (V)
Solving for p;; (¥), we get:
(0771
pi; (V) = )\—J (16)

i
Applying the normalization constraint gives us:

N
273:1 (17)

N

Z . ZP@J

=
=\ = E Q.
Jj=1

Substituting \; back into p;;(¥), we obtain the
stationary condition:

(13)

- 2
Qij _ ij

N - &N :
Dok=1 ik D k— ka

Substituting p;; (¥*) back into the loss function:

ES InfONCE Z Z ik 10g < )
ke Zg 1 Qij

Py = (19)

Nz 1N1
=> ZS> (P;).  (20)
=1 \k=1

O]

From the lemma, we can see that minimizing the
S-InfoNCE loss encourages embeddings of seman-
tically similar code snippets, i.e., those with higher
target CodeBLEU score Sf], to have higher cosine
similarities S&,U, thereby aligning them closer in
the embedding space. The temperature parameter
7 controls the concentration of the distribution: a
lower 7 sharpens the softmax distribution, mak-
ing the embedding model focus more on the most
similar pairs.

Retrieval-Augmented Generation with
Aligned Embeddings: After aligning the em-
bedding model ¥, we integrate it into the RAG
framework to enhance the translation process
(Figure 11I). In particular, given a query Fortran
code snippet ¢®, we compute its embedding cy,
then retrieve the top-k Fortran code snippets
{ef,s¢ys -5y, } from the corpus C by maximiz-
ing the cosine similarity between embeddings. The
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corresponding C++ translations {c;. , ¢y, ..., ¢;,

are then retrieved alongside the source code
snippets. These retrieved pairs {(c;., cﬁj) ?:1 are
used to augment the input to the language model
G, providing additional context:
& =G (cs, {(cﬁj,cij)}?zl) . e
By incorporating the optimized embedding func-
tion V¥ into the RAG setup, we enhance the perfor-
mance of the language model without the need for
fine-tuning. The retrieval mechanism now provides
more relevant examples that are closely aligned
with the translation task, leading to more accurate
and aligned translations as demonstrated in Ap-
pendix A.

4 Experiments and Results

In our study, we utilized three datasets to enhance
code translation through RAG and embedding
alignment. The HPC Fortran2CPP dataset (Lei
et al., 2023), comprising 315 Fortran-C++ code
pairs, and the Numerical Recipes dataset (Press
et al., 1988), containing 298 Fortran-C++ pairs,
were employed for RAG retrieval and evaluation
with LLMs. Additionally, we used the Stack-V?2
dataset (Lozhkov et al., 2024), which includes over
500,000 Fortran code snippets, for RAG alignment.
From Stack-V2, we sampled 25,000 high-quality
and diverse Fortran code snippets by selecting files
larger than 500 bytes and prioritizing those with
the highest combined star and fork counts, indi-
cating relevance and popularity. Since Stack-V2
lacks Fortran-C++ pairs, we extracted files contain-
ing metadata, code, and comments, and utilized
the Llama 3.1-70B Instruct model to extract exe-
cutable Fortran code, discarding other metadata.
We selected the StarCoder model (Li et al., 2023)
with 125M parameters as the embedding backbone
for our RAG pipeline and aligned it using con-
trastive learning on the Stack-V2 dataset. Initially,
we use the LLaMA 3.1-8B model to translate the
cleaned Fortran code snippets into corresponding
C++ code. After code translaton, we computed
pairwise CodeBLEU scores between the generated
C++ code snippets to quantify the syntactic and
semantic similarities of their translations. Leverag-
ing these CodeBLEU metrics and the embeddings
from the Fortran codes, we employed the proposed
Soft-InfoNCE loss function with a temperature of
0.1 to align the embeddings, effectively training

the embedding model to map semantically similar
code snippets closer in the embedding space.

The embedding model was trained using the
Adam optimizer with a learning rate of 10~3 and
a batch size of 128 per GPU, sampling approxi-
mately 1,280,000 code pairs for alignment. This
training process was distributed across 256 GH200
GPUs to accelerate the process, though it can also
be performed on fewer GPUs at a significantly
slower pace. Training on 256 GH200 GPUs took
approximately 15 minutes per epoch, with early
stopping at epoch 20. This scales to around 60
minutes per epoch with 64 GPUs and 2 hours per
epoch with 32 GPUs. While training a RAG model
does incur computational overhead, it remains sig-
nificantly less expensive than fine-tuning a multi-
billion-parameter LLM. After alignment, we inte-
grated the embedding model into the RAG pipeline,
storing Fortran-C++ pairs along with their Fortran
embeddings in a vector database. We then eval-
uated the performance using the LLaMA 3.1-8B,
LLaMA 3.1-70B, Mistral123B, and Mixtral 8x22B
models—all instruct-tuned—under zero-shot, 1-
shot, 2-shot, and 3-shot settings. The evaluation
was conducted on the benchmark datasets HPC
Fortran2C++ and Numerical Recipes, following
the setup described by (Bhattarai et al., 2024).
The CodeBLEU scores for both the aligned and
unaligned models were obtained by comparing
the RAG-augmented generated C++ translations
against the ground truth C++ code.

Figure 2 shows scatter-plots of CodeBLEU
scores for code samples produced using RAG re-
trieval with aligned versus unaligned embeddings
derived from StarEncoder. Symbols crosses, pluses
and triangles respectively indicate whether the sam-
ple was evaluated using a 1-shot, 2-shot, or 3-shot
method. The red dashed lines delineates the bound-
ary where the aligned samples have the same Code-
BLEU score as the non-aligned ones, and across
all four tested datasets, we observed a majority
of samples above the red line, indicating that the
aligned model produces translated codes closer to
ground truth. In other words, the results in Figure 2
demonstrate that aligned embeddings significantly
improve translation quality for each Fortran-to-C++
code translation task. Specifically, on the HPC For-
tran2C++ dataset, averaged over all shot counts
and models, the aligned embeddings achieved an
average CodeBLEU score of 0.73, whereas un-
aligned embeddings achieve 0.64. On the Numer-
ical Recipes dataset, aligned embeddings yielded
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Model: llama3.1 70b, Dataset: HPC Fortran2C++

Model: llama3.1 70b, Dataset: Numerical Recipe
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Figure 2: Scatter plots comparing the unaligned and aligned One-shot CodeBLEU scores across different shot
counts (1-shot, 2-shot, 3-shot) for two models (Ilama3.1 70b and llama3.1 8b) and two datasets (Numerical Recipe
and HPC Fortran2C++ Dataset). Each point represents a shot count, and the red dashed line represents the reference
where the unaligned and aligned scores are equal. The text box in each subplot displays the average CodeBLEU
performance and standard deviation for aligned vs. unaligned RAG translation across the few-shot configurations.

Table 1: Delta in Mean CodeBLEU scores between Zero- and Few-Shot prompts. The values are presented as

Unaligned/Aligned scores.

A in CodeBLEU scores (Unaligned / Aligned)

Dataset Model Zero-shot 1-shot 2-shot 3-shot

HPC Fortran2++  1llama3.1 70b  0.364 +0.262/+0.346  +0.275/+0.371 +0.281/+0.377
llama3.1 8b 0.342 +0.237/+0.346  +0.261/+0.376  +0.252/+0.374
mistral123b 0.367 +0.197/+0.241 +0.210/+0.265 +0.215/+0.271
mixtral-8x22b  0.376 +0.237/+0.273  +0.261/+0.344  +0.233/+0.304

numerical_receipe 1lama3.1 70b  0.280 +0.232/+0.313  +0.243/+0.329 +0.243/+0.317
llama3.1 8b 0.276 +0.181/+0.268  +0.195/+0.292  +0.201/+0.289
mistral123b 0.281 +0.138/+0.169  +0.132/+0.183  +0.135/+0.211
mixtral-8x22b  0.280 +0.200/+0.245 +0.228/+0.296 +0.232/+0.312

an average CodeBLEU score of 0.60, outperform-
ing the unaligned case at 0.52. These substantial
improvements highlight the effectiveness of our
method in enhancing translation accuracy.

Figure 3 further corroborates these findings by
presenting the distribution of CodeBLEU scores
across various experimental configurations. The
box plots reveal that aligned embeddings not only
increase the median scores but also reduce perfor-
mance variability. This indicates that our approach

consistently enhances translation quality and leads
to more reliable code translations. The consistent
improvements across different model sizes (8B and
70B parameters) and datasets demonstrate the ro-
bustness and scalability of our method.

Table 1 presents the mean CodeBLEU scores
for zero-shot and few-shot prompting strategies
using both unaligned and aligned embedding mod-
els across different language models and datasets.
A key observation is that the aligned embedding
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Figure 3: Box plots illustrating the distribution of Code-
BLEU scores across various shot counts (1-shot, 2-shot,
3-shot) for both unaligned and aligned models. The
results are presented for two models (llama3.1 70b and
Ilama3.1 8b) across two datasets (Numerical Recipe and
HPC Fortran2C++ Dataset)

models consistently achieve higher CodeBLEU
scores compared to unaligned models when tran-
sitioning from zero-shot to few-shot settings. For
instance, on the HPC Fortran2C++ dataset with
the LLaMA3.1 70B model, the aligned model im-
proves from 0.364 to 0.710 (+0.346) in the 1-
shot setting, surpassing the unaligned model’s im-
provement from 0.364 to 0.626 (+0.262). Sim-
ilar trends are observed with the LLaMA3.1 8B
model, where the aligned model increases from
0.342 t0 0.688 (+0.346), compared to the unaligned
model’s increase from 0.342 to 0.579 (+0.237).
The Mistral 13B and Mixtral 8x22B models
also exhibit greater improvements with aligned
embeddings in few-shot settings, confirming the
benefit of embedding alignment across different
architectures. On the Numerical Recipes dataset,
the aligned models again demonstrate superior im-
provements over unaligned models. For example,
the LLaMA3.1 70B aligned model improves from
0.280 to 0.593 (+0.313) in the 1-shot setting, ex-
ceeding the unaligned model’s increase from 0.280
to 0.512 (+0.232). This consistent pattern across
datasets reinforces the advantage of embedding
alignment in enhancing code translation perfor-
mance. We acknowledge that CodeBLEU may
not capture all functional nuances. Therefore, we
performed a small-scale manual check (Appendix
A) on a subset of translations. While we observed
that a majority compiled and produced the expected
outputs, further large-scale functional evaluation
remains an important future direction.

These results indicate that embedding align-

ment significantly enhances the models’ capacity
to exploit few-shot prompts, leading to superior
code translation performance as measured by Code-
BLEU scores. Alignment optimizes the embedding
space to better capture the syntactic and seman-
tic nuances of code translation tasks, thereby aug-
menting the models’ few-shot learning capabili-
ties. Additionally, larger models tend to outper-
form smaller ones. The LLaMA3.1 70B model con-
sistently achieves higher CodeBLEU scores than
the LLaMA3.1 8B model across both datasets and
embedding types. The strong performance of the
Mixtral 8x22B model, which combines multiple
experts, highlights the benefits of increased model
capacity. Furthermore, diminishing marginal gains
are observed when increasing the number of shots
beyond two, suggesting that the majority of per-
formance improvements are realized with just one
or two examples. This indicates that while few-
shot examples are beneficial, adding more beyond
a certain point yields limited additional gains.

5 Conclusion

We introduced a novel method for enhancing cross-
language code translation from Fortran to C++ by
aligning embeddings within a RAG framework.
By leveraging contrastive learning based on Code-
BLEU similarity scores, we aligned the Fortran em-
bedding model so that code snippets yielding high-
quality translations are positioned closer in the em-
bedding space. This alignment enables the RAG
system to retrieve semantically meaningful exam-
ples that effectively guide th LLM during code gen-
eration. Our experimental results demonstrate sub-
stantial improvements in translation quality with-
out the need for fine-tuning the LLM. Specifically,
using aligned embeddings increased the average
CodeBLEU score from 0.64 to 0.73 on the HPC
Fortran2C++ dataset and from 0.52 to 0.60 on
the Numerical Recipes dataset, representing rel-
ative improvements of approximately 14% and
15%, respectively. The larger model (11lama3.1
70b) consistently outperformed the smaller model
(11ama3.1 8b), indicating that increased model ca-
pacity enhances the effectiveness of our approach.
Additionally, we observed diminishing returns be-
yond two-shot prompting, suggesting that most per-
formance gains are achieved with just one or two
examples. Thus, our approach significantly im-
proves code translation performance by optimizing
the retrieval mechanism through task-specific em-
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bedding alignment, rather than relying on compu-
tationally expensive fine-tuning of the LLM. This
method is computationally efficient, scalable, and
adaptable to other code translation tasks, particu-
larly when aligned datasets are scarce or evaluation
metrics like CodeBLEU are critical. Future work
could extend this alignment strategy to additional
programming languages and explore integrating
other evaluation metrics to further enhance transla-
tion quality.

6 Limitations

Our approach leverages CodeBLEU as a task-
specific metric for performing contrastive learning
via a custom Soft-InfoNCE loss in the alignment of
embedding models for code translation. While this
approach introduces several improvements, it also
brings specific limitations. First, using CodeBLEU
as the basis for contrastive learning focuses pri-
marily on syntactic and semantic alignment, which
may not always translate into functional equiva-
lence. CodeBLEU, while effective at evaluating
linguistic features of generated code, does not fully
capture the functional behavior of code, meaning
that two semantically similar snippets could still
behave differently at runtime (Ren et al., 2020).
This limitation can lead to cases where the retrieval
mechanism selects semantically similar but func-
tionally incorrect examples, impacting the over-
all quality of the translation task. Second, con-
trastive learning, particularly with InfoNCE loss,
relies heavily on the assumption that maximizing
the similarity between pairs (based on CodeBLEU)
leads to better downstream performance. However,
InfoNCE loss is limited by its focus on pulling
positive samples closer while pushing away neg-
ative ones, which in the case of code translation,
does not always capture the subtle nuances of code
equivalence across languages (Khosla et al., 2020).
Code snippets with different syntactic structures
but similar functionality may be treated as nega-
tive examples, leading to a misaligned embedding
space and suboptimal retrieval. Third, the granu-
larity of the CodeBLEU score presents an inherent
challenge. Since CodeBLEU provides a continu-
ous similarity metric (between O and 1), aligning
embeddings through InfoNCE loss may not fully
capture the wide range of functional similarities or
dissimilarities between code snippets. This results
in an embedding space that reflects linguistic rather
than purely functional similarity, which can lead

to errors in retrieval when applied to real-world
translation tasks where functional correctness is
paramount (Feng et al., 2020). Additionally, the
use of CodeBLEU as a basis for contrastive learn-
ing is highly dependent on the quality of the gener-
ated code samples and their reference translations.
Any noise or imperfections in the training data
(e.g., low-quality code or inconsistent style) may
degrade the alignment process. Since InfoNCE
relies on subtle positive and negative distinctions,
noisy CodeBLEU scores can introduce ambiguity,
further distorting the learning process and leading
to poorer retrievals during generation (Wang and
Liu, 2021).
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A Demonstration: Enhancing
Fortran-to-C++ Translation Using
Aligned RAG on LLaMa3.1 70b Model

A.1 Fortran Code to be Translated

Below is the original Fortran code that needs to be
translated into C++:

program DRB@11_minusminus_orig_yes
use omp_lib
implicit none
integer :: i, len, numNodes,
numNodes?2
integer x(100)
len = 100
numNodes
numNodes?2

len
0

do i 1, 1len
if (MOD(i,2)
x (1) 5
else
x(1)
end if
end do

@) then

-5

!'$omp parallel do
do i numNodes, 1, -1
if (x(i) <= @) then
numNodes?2 numNodes2 - 1
end if
end do
!$omp end parallel do

n

print*, "numNodes2 =", numNodes?2

end program

Listing 1: Fortran Code

A.2 Ground Truth

Below is the human-generated ground truth Fortran-
to-C++ translation, which serves as the baseline:

#include <stdlib.h>

> #include <stdio.h>

3 int main(int argc,

charx argv[]) {
int
int
int
int
int

i;

len 100;
numNodes len;
numNodes2 = 0;
x[1007;

// initialize x[]
for (i 0; i < len;
if (i % 2 0)
x[i]

else

x[i]

i++) {

:5’

-5;
}

omp parallel for
(i numNodes - 1;

if (x[i] <= @) {
numNodes2 --;

#pragma
for

{

= i > -1;

__i)



23

24

26

e

S}

W

}

%d\n", numNodes?2

printf (”"numNodes?2
);

return 0;

Listing 2: Ground Truth

A.3 Zero-shot Translation

The zero-shot output from the LLM demonstrates
basic translation abilities but with structural issues:

#include <iostream>
#include <omp.h>

int main() {

const int len = 100;
int numNodes = len;
int numNodes2 = 0;
int x[len];
for (int i = 1; i <= len; i++) {
if (i % 2 == 0) {
x[i - 1] = 5;
} else {
x[i - 1] = -5;
}

3

#pragma omp parallel for reduction
(-:numNodes?2)

for (int i = numNodes; i >= 1; i--)
{
if (x[i - 1] <= 0) {
numNodes2 --;
}
3

—n

std::cout << "numNodes?2 <<

numNodes2 << std::endl;

return 0;

Listing 3: Zero-shot Translation

A.4 Unaligned RAG One-shot Translation

The one-shot output improves the translation, but

some structural issues still remain. Specifically,
the initialization of variables and handling of array |

indices are slightly different:

#include <stdio.h>

int main() {

int i, len, numNodes, numNodes2;
int x[1007;
len = 100;
numNodes = len;
numNodes2 = 0;
for (i = 0; i < len; i++) {

if (i +1) %2 ==20) {

x[i]l = 5;

15
16
17
18
19

20

24

26

.

29

16

} else {
x[i]

-5;
}

#pragma omp parallel for reduction(-:
numNodes2)

for (i = numNodes - 1; i >= 0; i--)
{

if (x[i] <= 0) {

numNodes2 --;

}
}
printf (”"numNodes2 = %d\n"”, numNodes2
)5
return 0,

Listing 4: One-shot Translation

A.5 Aligned RAG Translation

By aligning the retrieval process to the context
of the task, the translation becomes much more
accurate, closely matching the ground truth:

#include <stdio.h>
#include <omp.h>

int main(int argc, charx argv[]) {

int i;
int len = 100;
int numNodes = len;
int numNodes2 = 0;
int x[1001];
for (i = 0; i < len; i++) {
if (i % 2) == 0) {
x[i] = 5;
} else {
x[i] = -5;
3
}
#pragma omp parallel for
for (i = numNodes - 1; i >= 0; i--)
{
if (x[i] <= @) {
numNodes2 --;
}
}
printf (”"numNodes2 = %d\n", numNodes?2
)5
return 0,

Listing 5: Aligned RAG-based Translation
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Abstract

Large Language Models (LLMs) have shown
remarkable performance in various natural lan-
guage processing tasks but face challenges
in mathematical reasoning, where complex
problem-solving requires both linguistic un-
derstanding and mathematical reasoning skills.
Existing approaches to address this challenge
often rely on ensemble methods and suffer from
the problem of data scarcity in target domains.
In this work, we present a novel method to
enhance the capabilities of LLMs in mathemat-
ical reasoning tasks. Motivated by the need to
bridge this gap, our approach incorporates a
question paraphrase strategy, which aims to
diversify the linguistic forms of mathemati-
cal questions to improve generalization. Ad-
ditionally, specialized training objectives are
employed to guide the model’s learning pro-
cess, focusing on enhancing its understand-
ing of mathematical concepts and reasoning
processes. We conduct experiments on four
datasets using different LLMs, and demonstrate
the effectiveness of our approach in improving
LLMs’ performance on mathematical reason-
ing tasks. Our findings underscore the signifi-
cance of our methodology in advancing LLMs
and their potential implications for real-world
applications that require mathematical reason-
ing abilities.

1 Introduction

In recent years, Large Language Models (LLMs)
(Touvron et al., 2023b; Team et al., 2023) have
emerged as powerful tools in the field of machine
learning, demonstrating remarkable performance
in a wide range of downstream benchmarks. Their
ability to understand and generate natural language
text has revolutionized various applications, from
language translation (Costa-jussa et al., 2022; Bar-
rault et al., 2023) to question answering systems
(Chowdhery et al., 2023; Chen et al., 2023). Cen-
tral to their success is their ability to perform com-

Guang Lin
Department of Mathematics
Purdue University
guanglin@purdue.edu

plex reasoning, enabling them to tackle complex
problems with impressive accuracy and efficiency.
However, while LLMs excel in many domains,
they face challenges when it comes to solving math-
ematical problems. Mathematical reasoning of-
ten requires intricate logical operations and a deep
understanding of mathematical concepts (Saxton
et al., 2019; Lightman et al., 2023), posing signif-
icant hurdles for conventional LLM architectures.
Moreover, the scarcity of data in the mathemati-
cal domain (Liu et al., 2021; Kumar et al., 2022)
further compounds these challenges, limiting the
performance and generalization of these LLMs.
Some existing methods (Shen et al., 2023; Jiang
et al., 2024) attempt to address these challenges
by employing ensemble techniques, where multi-
ple LLMs collaboratively solve mathematical prob-
lems. However, these methods can still be fur-
ther improved, particularly in enhancing the perfor-
mance of individual LLMs and mitigating perfor-
mance degradation over extended reasoning steps.
A major challenge when applying LLMs to com-
plex mathematical problems is error propagation,
especially in tasks requiring long reasoning chains.
Figure 1 illustrates this issue with an example from
the GSMS8K dataset (Cobbe et al., 2021), solved
by the Llama2-7B model (Touvron et al., 2023b).
The problem involves multiple intermediate steps
to reach the correct solution. However, the model
makes an error in the initial steps, which cascades
through subsequent stages of reasoning. This oc-
curs because each reasoning step depends on the
accuracy of preceding steps; even a minor initial
error can compound, ultimately leading to signif-
icant deviations from the correct solution. This
phenomenon highlights the limitations of current
LLMs in maintaining accuracy across long reason-
ing sequences and underscores the need for im-
proved methodologies to mitigate error propagation
and enhance performance in mathematical tasks.
In this paper, we propose novel approaches to ad-
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@sﬂon: \
Linus works for a trading company. He buys a mobile device for $20 and sells it for twice the
amount of the original price. If he bought 2 devices last Monday and 4 devices last Tuesday,

how much profit was he able to earn after selling all the mobile devices he bought last Monday

and Tuesday?

Answer:

Step 9: The answer is 120

Step 1: The total cost for the devices he bought on Monday is 2*20= «2*20=40>>40

Step 2: The total cost for the devices he bought on Tuesday is 4*20 = «4*20=80>>80

Step 3: The total cost of these devices is 80+40= «80+40=120>>120

Step 4: Linus sold each mobile device he bought for $20 x 2 = $<<20*2=40>>40.

Step 5: So, he earned $40 x 2 = $«40*2=80>>80 for the two devices he bought last Monday.
Step 6: And he earned $40 x 4 = $«40*4=160>>160 for the 4 devices he bought last Tuesday.
Step 7: The total amount of sales he made were worth 160+80 =<«<160+80=240>>240

Step 8: Linus earned 240-120 =$<240-120=120>>120

Model Prediction:

Step 7: The answer is 200

Step 1: Linus was able to sell each device bought on Monday for $20 x 2 = $40 each.

Step 2: So, his earning is $40 - $20 = $20 after selling each device he bought on Monday.
Step 3: And he was able to sell each device bought on Tuesday for $40 x 2 = $80 each.

Step 4: So, his earning after selling each device bought on Tuesday is $80 - $40 = $40.

Step 5: And the total earnings after selling 4 devices bought on Tuesday was $40 x 4 = $160.
@) 6: Hence, his total profit is $40 + $160 = $200

Figure 1: Llama2-7B model prediction on an example from the GSM8K dataset.

dress the limitations of existing methods in solving
mathematical problems with LLMs. Our contri-
butions include the introduction of new training
objectives designed to uncover underlying patterns
in data, thus improving model performance. Addi-
tionally, we leverage data augmentation techniques
to maximize the utility of existing datasets to fine-
tune LLMs, enhancing their effectiveness in math-
ematical reasoning tasks. To evaluate the efficacy
of our proposed methods, we conduct experiments
using four open-source LLMs—ILlama (Touvron
et al., 2023a), Llama2 (Touvron et al., 2023b), Mis-
tral (Jiang et al., 2023), and Mixtral (Jiang et al.,
2024)—on four widely used mathematical reason-
ing datasets: GSM8K (Cobbe et al., 2021), MATH
(Hendrycks et al., 2021), GSM8K_Hard (Gao et al.,
2022), and SVAMP (Patel et al., 2021). Our re-
sults demonstrate significant performance improve-
ments, underscoring the effectiveness of our meth-
ods in advancing the mathematical reasoning capa-
bilities of LLMs.

In summary, this paper presents novel contribu-
tions towards improving the performance of LLMs
in solving mathematical problems, addressing the
challenges posed by complex reasoning and data
scarcity. Our findings have implications for advanc-
ing the field of machine learning and expanding the
applicability of LLMs to various problem domains.

2 Background

The intersection of machine learning and mathe-
matical reasoning has received significant attention
from researchers seeking to enhance the capabil-

ities of LLMs in solving complex mathematical
problems. In this section, we review the previ-
ous literature exploring various approaches and
methodologies to address the challenges posed by
mathematical reasoning tasks and highlight the ad-
vances made in this domain.

2.1 Recent Advances in LLMs

The evolution of LLMs represents a significant
milestone in the field of natural language process-
ing (NLP) and machine learning. Over the past
decade, advances in neural network architectures,
coupled with the availability of large amounts of
text data, have driven the development of increas-
ingly complex and capable LLMs. Beginning with
seminal works such as Google’s BERT (Bidirec-
tional Encoder Representations from Transformers)
(Devlin et al., 2018) and OpenAI’s GPT (Genera-
tive Pre-trained Transformer) (Radford et al., 2019),
researchers have made substantial progress in en-
hancing LLMs’ language understanding and gen-
eration capabilities (Liu et al., 2019; Raffel et al.,
2020). These models leverage transformer archi-
tectures and self-attention mechanisms to capture
long-range dependencies and contextual informa-
tion, enabling them to generate coherent and con-
textually relevant text.

Further refinements, such as the introduction of
GPT-3 (Brown et al., 2020) with significantly larger
parameter sizes and more sophisticated training
regimes, have pushed the limits of LLM perfor-
mance to unprecedented levels. These advance-
ments have paved the way for LLMs to excel in
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a wide range of NLP tasks, including language
translation (Costa-jussa et al., 2022; Kudugunta
etal., 2024), text summarization (Lewis et al., 2019;
Zhang et al., 2020), and question answering (Sanh
et al., 2019; He et al., 2020).

2.2 LLMs for mathematics

The application of LLMs to mathematical reason-
ing tasks represents a recent and growing area of re-
search within the machine learning community. Al-
though LLMs have demonstrated remarkable pro-
ficiency in natural language understanding, their
performance in mathematical reasoning tasks has
historically lagged behind.

However, recent studies (Gou et al., 2023; Shao
et al., 2024) have shown promising results in us-
ing LLMs to solve mathematical problems. Trans-
fer learning techniques, particularly fine-tuning
pretrained LLMs on mathematical datasets, have
emerged as effective strategies for enhancing
LLMs’ mathematical reasoning capabilities. By
leveraging the knowledge encoded in pre-trained
language models and adapting it to mathematical
domains, researchers have achieved remarkable re-
sults on mathematical tasks.

Moreover, novel adaptation techniques, such as
question paraphrase methods (Yu et al., 2023) and
tailored training objectives (Liu et al., 2023) aimed
at enhancing LL.Ms’ understanding of mathemat-
ical reasoning processes, have further advanced
LLMs in mathematical applications. These tech-
niques enable LLMs to effectively leverage existing
data and develop robust reasoning abilities, thus
expanding their utility in mathematical problem
solving scenarios. However, these existing meth-
ods suffer from the problem of error propagation
over long reasoning paths.

Overall, the application of LLMs in mathemat-
ics has immense potential to revolutionize the way
mathematical problems are approached and solved.
As research in this area continues to evolve, we can
expect further advancements in LLMs’ mathemati-
cal reasoning capabilities and their integration into
diverse mathematical domains.

3 Methodology

The motivation for our methodology arises from the
observation that while LLMs excel in various natu-
ral language processing tasks, their performance in
mathematical reasoning remains suboptimal. This
gap is primarily due to the inherent complexity of

mathematical problems, which often requires intri-
cate reasoning and logical deduction (Saxton et al.,
2019; Lightman et al., 2023). Furthermore, the
limited availability of annotated data in the math-
ematical domain (Liu et al., 2021; Kumar et al.,
2022) presents a significant obstacle to effectively
training LLMs for such tasks.

To overcome these challenges, we propose a
novel approach that combines question paraphras-
ing techniques with tailored training objectives to
strengthen the mathematical reasoning capabilities
of LLMs. An overview of our proposed pipeline is
illustrated in Figure 2.

3.1 Question Paraphrase

Question paraphrasing is a crucial technique em-
ployed to augment existing data and enhance the
model’s ability to generalize across different lin-
guistic forms of mathematical problems. This pro-
cess involves leveraging the powerful generative ca-
pabilities of the GPT-4 model (Brown et al., 2020)
to produce diverse paraphrases for each question
in the dataset. By generating multiple variations
of the same question while preserving its semantic
meaning, we aim to enrich the training data and
expose the model to a wider range of linguistic
structures and expressions commonly encountered
in mathematical problem-solving scenarios.

Paraphrasing Questions The GPT-4 model is
utilized to generate the paraphrases for each ques-
tion in the data set. Given a mathematical ques-
tion, the model generates alternative phrasings that
convey the same underlying mathematical concept.
This step significantly enhances the diversity of the
training data by presenting questions in various lin-
guistic forms, such as synonyms, paraphrases, and
syntactic variations.

To ensure the quality and semantic coherence of
the paraphrased questions, each paraphrase, along
with its corresponding answer, is inputted into the
GPT-4 model. The model is then tasked with deter-
mining whether the paraphrased question-answer
pairs match or not. This iterative validation pro-
cess helps filter out the inconsistencies or semantic
distortions, ensuring that only high-quality para-
phrases are retained for training.

3.2 Special Training Objectives

Effective training objectives are critical for guiding
a model’s learning process and fostering a deeper
understanding of mathematical concepts and rea-
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\Let's think step by step.

So he paid 20*5.5=$110.

So he paid 20*5.5=$110.
The answer is 110.

Answer:

He bought 5*4=20 pounds of beef.
So he paid 20*5.5=$110.
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Figure 2: The overview of our proposed pipeline.

soning. Our approach incorporates specialized
training objectives designed to address the unique
challenges of mathematical reasoning tasks.

During training, we start with a pretrained LLM
and apply a supervised fine-tuning (SFT) objec-
tive on a carefully curated dataset of mathematical
problems. This data set includes a diverse range of
questions and solutions to ensure a comprehensive
coverage of mathematical concepts and problem
types. In the SFT phase, the model is trained to
minimize the loss between its predicted answers
and the correct solutions provided in the dataset,
effectively aligning its outputs with the desired re-
sponses.

Rationale Re-Ranking (RR) The Rationale Re-
Ranking (RR) objective aims to improve the
model’s ability to identify and reconstruct the cor-
rect reasoning path for solving mathematical prob-
lems. This objective involves shuffling the rea-
soning steps associated with a given problem and
reordering the models to reconstruct the proper so-
lution sequence. By training the model to recognize
and organize the logical progression of mathemati-
cal solutions, the RR objective fosters a more struc-
tured, coherent, and accurate reasoning process.

Mistake Identification (MI) The MI objective
focuses on improving the robustness and error toler-
ance of the model by training it to differentiate be-
tween correct and erroneous reasoning steps. Dur-
ing training, random modifications are introduced
to induce errors in the reasoning process, such as
changing numerical values or altering logical oper-
ators. The model is then trained to distinguish be-
tween correct and erroneous reasoning steps, thus
learning to identify and rectify potential mistakes.
This objective helps mitigate the risk of erroneous

121

predictions and enhances the model’s overall per-
formance on mathematical reasoning tasks:

Integrating these training objectives into the fine-
tuning process equips LLMs with enhanced ca-
pabilities for mathematical reasoning, thereby ad-
dressing the challenges posed by complex problem-
solving scenarios.

3.3 Training Process

The training process of our proposed method con-
sists of several stages designed to enhance the math-
ematical reasoning capabilities of LLMs. The pro-
cess begins with data augmentation through ques-
tion paraphrasing, where GPT-4 generates various
paraphrases for each mathematical question. To
ensure data set quality and integrity, we verify the
consistency of the paraphrased questions and their
corresponding answers, iterating this process to
achieve high accuracy.

Next, we introduce specialized training objec-
tives to improve the model’s reasoning abilities.
One such objective is Rationale Re-Ranking (RR),
where reasoning steps are shuffled, and the model
is tasked with predicting the correct sequence. This
trains the model to understand and reconstruct log-
ical progressions. Another objective is Mistake
Identification (MI), where the model learns to dis-
tinguish between correct and intentionally altered
reasoning steps, enhancing its ability to detect and
correct errors in complex problem-solving scenar-
ios. These objectives are incorporated within a mul-
titask learning framework, with weighted losses
assigned to each task to ensure balanced and ef-
fective training. This approach enables the model
to optimize simultaneously for various aspects of
mathematical reasoning, resulting in a more robust
and versatile skill set.



By combining data augmentation, targeted train-
ing objectives, and a multitask learning framework,
our method equips LLMs with strong mathemati-
cal reasoning skills, significantly improving their
performance on challenging mathematical tasks.

Final training objective The final training ob-
jective is formulated as the weighted sum of Lgp,
Lrr,and Lyr:

Ltinal(0) = MLspr + MoLrr + A3Lum1

where A1, Ao, and A3 are parameters that weight
the importance of each loss, and Lsrr, LrRr, and
L1 are cross entropy losses.

4 Experiments

Mathematical reasoning challenges LLMs, requir-
ing both natural language understanding and math-
ematical problem-solving skills. Evaluating the
effectiveness of LLMs in mathematical reasoning
is crucial for advancing state-of-the-art NLP tech-
niques and expanding their applicability across di-
verse problem domains. This study seeks to assess
the performance of various LLMs on mathematical
reasoning tasks through targeted experiments.

4.1 Datasets

We conducted experiments on four datasets specif-
ically designed to assess LLMs’ performance in
mathematical reasoning.

* GSMSK (Cobbe et al., 2021): A comprehen-
sive dataset comprising mathematical prob-
lems covering a wide range of topics and dif-
ficulty levels.

* MATH (Hendrycks et al., 2021): A curated
collection of mathematical questions and so-
lutions, designed to assess LLMs’ ability to
solve mathematical problems in various do-
mains.

« GSMS8K-Hard (Gao et al., 2022): A subset
of the GSM8K dataset containing challenging
mathematical problems aimed at evaluating
the robustness of LLMs under difficult scenar-
ios.

* SVAMP (Patel et al., 2021): A specialized
dataset focusing on mathematical reasoning
in the context of symbolic mathematics, pre-
senting unique challenges for LLMs due to its
symbolic nature.

4.2 Base Models

We employed four base models for our experiments,
each representing a distinct architecture or variant
of LLMs:

e LLama (Touvron et al., 2023a): A baseline
LLM model known for its strong performance
in natural language understanding tasks.

e LLama2 (Touvron et al., 2023b): An en-
hanced version of LLama, incorporating im-
provements in model architecture and training
methodology.

» Mistral (Jiang et al., 2023): A state-of-the-art
LLM model specifically designed for mathe-
matical reasoning tasks, leveraging advanced
adaptation techniques.

* Mixtral (Jiang et al., 2024): A high-capacity
LLM model based on the Mixtral architecture,
featuring eight times the parameter size of
LLama for enhanced performance.

Training Details We fine-tuned these base mod-
els on the aforementioned datasets with hyperpa-
rameters tailored to each model and dataset. The
parameters are set as default to the ones used during
pre-training. Note that we only experiment with the
version of 7B parameters for each model. We adapt
LoRA (Hu et al., 2022) to make model fine-tuning
more efficient. The rank and alpha are both set as
64. Additionally, we utilized specialized training
objectives, such as Rationale Re-ranking (RR) and
Mistake Identification (MI), to enhance the models’
understanding of mathematical reasoning. We fine-
tune each model with a single Nvidia A100 GPU
and the runtime of each experiment is between 2 to
6 hours.

4.3 Main Results

Our experiments resulted in notable performance
improvements across all four base models. Table 1
presents a summary of the main results. Our pro-
posed special training objectives yielded an average
performance boost of 4.25% on GSMS8K, 2.32%
on MATH, 6.21% on GSM_HARD, and 5.15% on
SVAMP datasets. Moreover, combining question
paraphrase with these objectives further enhances
the improvement to 7.32% on GSM8K, 3.63% on
MATH, 7.72% on GSM_HARD, and 6.78% on
SVAMP. Notably, our methods have a more signif-
icant impact on relatively weaker models, likely
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Method

Dataset

GSMSK MATH GSM_HARD SVAMP

Baselines (SFT Only)

Llama-7B (Touvron et al., 2023a) 32.07 5.60 23.43 38.24
Llama2-7B (Touvron et al., 2023b) 36.92 5.68 26.72 41.07
Mistral-7B (Jiang et al., 2023) 58.68 14.08 55.42 50.25
Mixtral-8x7B (Jiang et al., 2024) 65.44 30.13 64.93 68.73
Proposed Method (SFT + MI + RR)

Llama-7B (Touvron et al., 2023a) 37.15 6.91 29.71 44.22
Llama2-7B (Touvron et al., 2023b) 43.04 7.65 38.74 49.03
Mistral-7B (Jiang et al., 2023) 62.87 15.98 60.02 56.87
Mixtral-8x7B (Jiang et al., 2024) 67.04 34.22 66.86 68.76
Proposed Method + Question Paraphrase

Llama-7B (Touvron et al., 2023a) 41.74 7.64 37.87 46.14
Llama2-7B (Touvron et al., 2023b)  46.86 9.05 32.96 53.04
Mistral-7B (Jiang et al., 2023) 65.82 17.27 63.25 58.03
Mixtral-8x7B (Jiang et al., 2024) 67.96 36.07 67.28 68.19

Table 1: Experimental results of base models on different datasets, respectively. Scores are calculated with the

accuracy metric.

because these models benefit more from structured
reasoning guidance. This aligns with findings in
previous LLM fine-tuning studies, where weaker
models exhibit larger relative improvements when
exposed to specialized training objectives.

These findings underscore the empirical effec-
tiveness of our methodology in improving the rea-
soning efficiency and accuracy of LLMs. By as-
sessing LLMs’ performance in mathematical rea-
soning tasks, we contribute to the ongoing efforts
to advance the state-of-the-art in natural language
processing and pave the way for their application in
diverse problem domains requiring mathematical
reasoning abilities.

S Analysis and Discussion

In this section, we delve into a comprehensive anal-
ysis and discussion of the experimental results, fo-
cusing on the effectiveness of our proposed method
in enhancing LLMs’ capabilities in mathemati-
cal reasoning tasks. We begin by dissecting the
model’s performance over varying numbers of rea-
soning steps, shedding light on the impact of our
approach on problem-solving efficiency. Subse-
quently, we present findings from an ablation study
aimed at elucidating the importance of individual
components within our proposed methods. Finally,
through a series of case studies, we illustrate both
the successes and limitations of our approach, pro-

viding valuable insights for future research direc-
tions.

5.1 Analysis on Reasoning Steps

We performed an in-depth analysis of model perfor-
mance across varying reasoning steps to evaluate
the effectiveness of our proposed method in solv-
ing complex mathematical problems. By examin-
ing performance at different depths of reasoning,
we sought to highlight the impact of our approach
on problem-solving efficiency. Figure 3 summa-
rizes the model’s performance on math questions
requiring different reasoning steps. Overall, the
results indicate that model performance declines as
the number of reasoning steps needed to solve the
problems increases. Although the improvement is
minimal for questions requiring only a few reason-
ing steps (fewer than 4 steps), it becomes substan-
tial for questions requiring longer reasoning chains
(4-7 steps). Additionally, we note that the mod-
els struggle with questions that demand extremely
long reasoning paths (more than 8 steps).

Our analysis revealed a clear trend of improved
model performance as the number of reasoning
steps increased. This trend indicates that our pro-
posed method effectively enhances the model’s
ability to solve complex mathematical problems,
leading to more accurate solutions. Specifically, we
observed substantial performance improvements
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Figure 3: Analysis of Llama2 and Mistral on different reasoning steps, respectively. X-axis is the number of
reasoning steps required to solve a math question and Y-axis the accuracy score. We use supervised fine-tuning as
the baseline, and compare it with our proposed method using special training objective. QP stands for question

paraphrase.
Method GSMSK MATH
Llama2-7B Mistral-7B  Llama2-7B  Mistral-7B

Baseline (SFT) 36.92 58.68 5.68 14.08
+RR 38.94 59.06 5.83 13.07
+MI 40.01 61.57 7.83 15.24
+MI +RR 43.04 62.87 7.65 15.98
+MI +RR + QP 46.86 65.82 9.05 17.27

Table 2: Ablation Study of our proposed method on
GSMB8K and MATH using Llama2-7B and Mistral-7B
as base models, respectively. SFT, RR, MI, and QP
stand for supervised fine-tuning, rationale re-ranking,
mistake identification, and question paraphrase, respec-
tively. Scores are calculated with the accuracy metric.

on problems that involve multiple reasoning steps,
which underscores the effectiveness of our ap-
proach in addressing complex problem-solving sce-
narios.

5.2 Ablation Study

To further evaluate the importance of each compo-
nent in our proposed methods, we performed an
ablation study in which we systematically removed
individual components and evaluated the model
performance. Table 2 presents an ablation study
of our proposed method on GSM8K and MATH
datasets using Llama2 and Mistral as base mod-
els, respectively. Our results demonstrated that all
components of our proposed methods are integral
to improve model performance in mathematical
reasoning tasks.

Specifically, when components such as question

paraphrase techniques and specialized training ob-
jectives were integrated, we observed a marked
increase in model performance, underscoring the
importance of these components in facilitating ef-
fective mathematical reasoning. These findings
emphasize the holistic nature of our proposed ap-
proach, wherein each component synergistically
contributes to overall model performance.

5.3 Case Study

We present a case study in Figure 4 to demonstrate
the effectiveness of our method in solving com-
plex mathematical problems. The case study in-
cludes a positive example showcasing successful
problem-solving outcomes and a negative example
highlighting challenges and limitations.

The positive example illustrates how our method
empowers the model to navigate intricate mathe-
matical problems and arrive at the accurate solution,
even if it does not follow the exact reasoning path
provided in the answer. This example validates the
effectiveness of our approach in addressing real-
world mathematical challenges.

In contrast, the negative example in Figure 4
reveals scenarios where our proposed method en-
counters limitations or fails to produce satisfactory
results. Although the model follows the correct
reasoning path, a common failure mode observed
was arithmetic miscalculations despite correct rea-
soning paths. This suggests that while LLMs
grasp mathematical structure, they struggle with
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K uestion: \
Micheal loves riding a bike. He rode it at least 5 times a week and makes 25 kilometers each
time. He did that for four weeks, and then he decided, to ride the bike only 2 times a week, but

for 60 kilometers each time, and he did that for 3 weeks. How many kilometers did Micheal do
in total?

Answer:

Step 1: In the first part, Micheal did 5 * 25 = 125 kilometers every week.

Step 2: He did that for four weeks, which means he made during that time 125 * 4 = 500
kilometers.

Step 3: After that, he made 2 * 60 = 120 kilometers a week.

Step 4: And Micheal did that for three weeks, so he rode 120 * 3 = 360 kilometers during that
time.

Step 5: In total Micheal did 500 + 360 = 860 kilometers.

Step 6: The answer is 860.

Model Prediction:

Step 1: In four weeks, he made 5 rides per week, and he did that for 4 weeks, so he made 5 * 4 =
20 rides.

Step 2: Each ride was 25 kilometers, so he made 25 * 20 = 500 kilometers in four weeks.

Step 3: The next week he started making 2 rides per week, and he did that for 3 weeks, so he

Step 4: Each ride was 60 kilometers, so he made 60 * 6 = 360 kilometers

o ™
Sean is practicing for his role in a theater production. He has to memorize his lines for two

scenes and the lyrics to one solo song. His solo song has 54 lines in the lyrics. The first scene
has twice the number of lines, but only a third of them are his lines. The second scene has six
more lines than the song, and four-fifths of them are his. How many lines does Sean have to
memorize?

Answer:

Step 1: The first scene has twice the number of lines as his solo song, so it has 2 * 54 = 108 lines.,
Step 2: A third of them are Sean'’s lines, so he has to memorize 108 / 3 = 36 lines.

Step 3: The second scene has 54 + 6 = 60 lines.

Step 4: Four fifths of the second scene’s lines are Sean's, so he has to memorize 4* 60/ 5= 4*
12 = 48 lines.

Step 5: Sean has to memorize his entire solo song, so he has to memorize 54 + 36 + 48 = 138 lines
inall.

Step 6: The answer is 138.

Step 1: First find the number of lines in the first scene: 54 lines * 2 = 108 lines

Step 2: Then find the number of Sean's lines in the first scene: 108 lines / 3 = 36 lines

Step 3: Then find the number of lines in the second scene: 54 lines + 6 lines = 60 lines

Step 4: Then find the number of Sean's lines in the second scene: 60 lines * 4/5 = 48 lines

Step 5: Then add the number of lines in each scene and the song to find the total number of lines;

tep 6: The answer is 860.

made 2 * 3 = 6 rides.

Q&p 5: In total, he made 500 + 360 = 860 kilometers.
S

Sean has to memorize: 36 lines + 48 lines + 54 lines = 148 lines
@ 6: The answer is 132.

Figure 4: Case study on the GSMS8K dataset using the Mistral-7B Model. The example on the left is positive while

the example on the right is negative.

precise computation—an issue that could be miti-
gated by integrating external calculation modules.
This example identifies areas for improvement and
prompts discussions on potential future research
directions, including refining methodologies, lever-
aging external calculation tools, or exploring math
verification approaches to enhance model perfor-
mance in challenging scenarios.

5.4 Discussion

Data Efficiency and Generalization Our ques-
tion paraphrase strategy addresses a fundamental
challenge in mathematical reasoning: the scarcity
of diverse high-quality training data. By systemati-
cally transforming existing questions into linguis-
tically varied forms while preserving their math-
ematical essence, we achieve improved general-
ization without requiring additional annotated ex-
amples. This approach is particularly valuable for
specialized mathematical domains where expert
annotation is costly and time-consuming. Our ex-
perimental results demonstrate that models trained
with paraphrased questions exhibit enhanced ro-
bustness to linguistic variations, more closely mir-
roring the diverse ways in which mathematical
problems may be encountered in real-world ap-
plications. This linguistic flexibility, combined
with our specialized training objectives, enables
models to focus on the underlying mathematical
structures rather than become overly sensitive to
specific phrasings. The data efficiency of our ap-
proach makes it particularly applicable to resource-
constrained settings and suggests promising direc-
tions for self-supervised learning techniques that
leverage mathematical invariance across different
problem formulations.

Training-focused V.S. Test-time computational
methods In recent years, the Test-Time Compu-
tation (TTC) paradigm has gained significant trac-
tion as a means to improve the reasoning skills of
LLMs, particularly for complex tasks. Although
training-focused and TTC methods represent differ-
ent strategies, they are not mutually exclusive. In
fact, their synergistic integration holds significant
promise for future advancements in mathematical
reasoning for LLLMs. The reasoning abilities that
TTC techniques leverage are fundamentally learned
during the training phase, encompassing both pre-
training and fine-tuning. Training on high-quality
mathematical data, including examples of step-by-
step reasoning, provides the essential knowledge
base that enables TTC methods (e.g., CoT (Wei
et al., 2022) and Self-Refine (Madaan et al., 2023))
to be effective. Furthermore, training processes can
be optimized to produce models that are particu-
larly adept at generating effective reasoning traces,
which can then be further explored or verified dur-
ing test time using TTC techniques. The quality of
the underlying model, shaped by training, signifi-
cantly influences how effectively it can utilize TTC
methods.

6 Conclusion

In this study, we addressed the challenge of en-
hancing LLMs’ capabilities in mathematical rea-
soning tasks. Our proposed method leverages in-
novative techniques to improve LLMs’ understand-
ing of mathematical concepts and reasoning pro-
cesses. Through rigorous experimentation, we
demonstrated the effectiveness of our approach in
improving LL.Ms’ performance on various mathe-
matical problems.
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Our research advances the field of natural lan-
guage processing by providing a comprehensive
approach to enhancing LLMs’ capabilities in math-
ematical reasoning tasks. By identifying key fac-
tors influencing model performance and propos-
ing effective solutions, we bridge the gap between
natural language understanding and mathematical
reasoning. Our study advances LLMs’ reasoning
capabilities, paving the way for broader applica-
tions in automated theorem proving, mathematical
education, and Al-assisted research in scientific
domains. Future work could explore integrating
symbolic computation with LLMs to further en-
hance mathematical reliability.

Limitations

While our study demonstrates promising results
in improving the reasoning efficiency and accu-
racy of LLMs through data enhancement and fine-
tuning, several limitations should be acknowledged.
First, despite efforts to create a diverse data set
through enhancement, inherent biases may persist
in the training data. These biases could poten-
tially skew the model’s performance towards cer-
tain types of mathematical problems or reasoning
patterns. Second, although our fine-tuned model
improves test performance, its generalization to
out-of-distribution mathematical problems remains
uncertain. Future work could explore curriculum
learning strategies or hybrid neural-symbolic ap-
proaches to mitigate this limitation. Further inves-
tigation is needed to assess the model’s capabilities
in tackling advanced mathematical concepts or in-
terdisciplinary problems that deviate significantly
from the training examples.
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Abstract

This paper addresses fine-tuning Large Lan-
guage Models (LLMs) for function calling
tasks when real user interaction data is unavail-
able. In digital content creation tools, where
users express their needs through natural lan-
guage queries that must be mapped to API calls,
the lack of real-world task-specific data and pri-
vacy constraints for training on it necessitate
synthetic data generation. Existing approaches
to synthetic data generation fall short in diver-
sity and complexity, failing to replicate real-
world data distributions and leading to subop-
timal performance after LLM fine-tuning. We
present a novel router-based architecture that
leverages domain resources like content meta-
data and structured knowledge graphs, along
with text-to-text and vision-to-text language
models to generate high-quality synthetic train-
ing data. Our architecture’s flexible routing
mechanism enables synthetic data generation
that matches observed real-world distributions,
addressing a fundamental limitation of tradi-
tional approaches. Evaluation on a compre-
hensive set of real user queries demonstrates
significant improvements in both function clas-
sification accuracy and API parameter selec-
tion. Models fine-tuned with our synthetic data
consistently outperform traditional approaches,
establishing new benchmarks for function call-
ing tasks.

1 Introduction

Digital content creation platforms increasingly rely
on natural language interfaces to make complex
design tools accessible to non-technical users. A
critical challenge lies in accurately translating user
queries into appropriate function calls (Schick et al.,
2023) for instance, when a user requests “Find me
an image of an elephant with the background being
Taj Mahal”, the system must orchestrate multiple

* These authors contributed equally to this work.

API calls for searching, background removal, and
compositing.

In this paper, we specifically address the chal-
lenge of training models to classify user intent
into two distinct categories: queries that can be
fulfilled through search API operations versus
those requiring generation through Generative-Al-
powered APIs. Given a user query, our model
determines: (1) whether to route the request to
“Search” or “Generate” operations based on user in-
tent, (2) the appropriate Content Type parameter se-
lection (e.g. Photo, Template, Background, Video),
and (3) prompt optimization specific to each API
type—simplifying “Search” queries while preserv-
ing detailed specifications for “Generate” API re-
quests. The examples below in Listing 1 demon-
strate how our model processes and classifies dif-
ferent types of user queries:

Listing 1: Example function calls for user queries

examplel = {

"input': 'Find me an image of an
elephant ',

'output ': {
'function': 'Search',

'content_type': 'Photo',
'extracted_prompt ': 'elephant'
}

1

example2 = {

"input': 'Create a birthday invitation
for my nephew whose birthday is on
January 21°',

'output ':

'function': 'Generate',

'content_type': 'Template',

'extracted_prompt': 'invitation for
nephew's birthday on January 21'

While existing function calling models (Patil
et al., 2023) show promise, their performance on
specialized domains remains suboptimal and pri-
vacy restrictions on production data create train-
ing challenges. To address these limitations, we
present two key contributions:
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Figure 1: Data generation architecture overview integrating metadata, knowledge graph, and visual content. A
“Weighted Router” directs text and image inputs to different prompt categories: length-based, API-based, and media
type. They are processed by Text-to-Text and Vision-to-Text LLMs to generate synthetic data for downstream tasks.

1. A methodology for incorporating structured
domain knowledge into synthetic data generation
that leverages: (a) Techniques for extracting gener-
alizable patterns from content metadata; (b) Meth-
ods for utilizing domain-specific knowledge graphs
to generate contextually relevant queries.

2. A novel router-based architecture for syn-
thetic data generation featuring: (a) Multiple
specialized LLM prompt templates as distinct
routes; (b) A weighted routing mechanism using
population-level statistics;

(c) Integration of multi-modal language models
to increase data diversity.

Our approach (Figure 1) improves downstream
model performance while producing balanced train-
ing data across content types, with well-distributed
keywords and diverse sentence structures that bet-
ter align with real-world user interactions.

2 Related Work

The challenge of generating high-quality synthetic
training data for language models has been ex-
plored through various approaches. Prior work
in generating high-quality synthetic training data
for language models spans three key categories:
Instruction-tuning approaches have shown signif-
icant promise, starting with Self-Instruct’s (Wang
et al., 2023) 175-seed task framework. The field
expanded through WizardLM’s Evollnstruct (Xu
et al., 2023), Unnatural Instructions (Honovich
et al., 2022), FLAN (Wei et al., 2022), FLAN-
T5 (Chung et al., 2024), Alpaca (Taori et al.,

2023), Prompt-Breeder (Fernando et al., 2023), and
Template-based Generation (Gholami and Omar,
2023). Multimodal synthetic data generation ad-
vanced through Visual Instruction Tuning (Liu
et al., 2023), MiniGPT-4 (Zhu et al., 2023), and
InternVL (Chen et al., 2024), incorporating visual
and textual information for enhanced data gener-
ation. Function calling approaches, exemplified
by Gorilla (Patil et al., 2023) building on Self-
Instruct (Wang et al., 2023), addressed API param-
eter matching challenges, though lacking domain-
specific knowledge integration.

Our work differs from previous approaches in
several key aspects. (1) We focus specifically on
generating synthetic data for function calling while
maintaining real-world query distributions. Unlike
general instruction tuning approaches, we target
the unique challenges of function calling data gen-
eration which include precise parameter matching
requirements, maintaining real-world API usage
distributions and handling complex nested function
calls. (2) We introduce a novel router-based archi-
tecture that combines multiple generation strate-
gies. We extend existing router-based approaches
by adding weighted probabilistic sampling and by
using population-level statistics to guide routing de-
cisions. We also combine text-to-text and vision-to-
text generation paths. (3) We incorporate domain-
specific knowledge while respecting privacy con-
straints by not directly referring to the real-world
datasets. (4) We leverage multiple modalities (text
and images) to increase the diversity and quality
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of generated data, particularly for visual content-
related APIs. We introduce novel evaluation met-
rics measuring the qualitative alignment of the syn-
thetic data with real-world data covering content-
type alignment, diversity in data types generated,
word length variability, and positional variance of
key terms within sentences.

3 Methodology and Experiments

This section details how our data generation ap-
proach evolved.

3.1 Template-based Heuristic Generation

Diwali
(Intent)

Sub-Graph of Knowledge Graph

Baby
Shower
(Intent)

Birthday
(Intent)

{
L

Cuta Cake Card (Design Invite (Design
(Action) Type) Type)

Figure 2: Knowledge Graph of concepts linked by edges

[

Cake (Scene
Object)

Our initial approach employed rule-based tem-
plates that combined content metadata with
domain-specific Knowledge Graph (KG) relation-
ships (Kumar et al., 2023) between different as-
pects of digital content creation. Consider a snap-
shot of the Knowledge Graph sub-graph (Figure 2).
This sub-graph consists of interconnected nodes
representing User Intents ("Birthday", "Diwali",
"Baby shower"), Design Types ("Card", "Invite"),
Scene Objects ("Cake"), and associated Actions
("Cut a cake"). Each edge between the nodes rep-
resents a relationship between them. These con-
nections were created using the historical and se-
mantic relationships seen between different entities
like User Intents, Design Types, Scene Objects and
Actions. They enable the generation of semanti-
cally coherent queries by following established re-
lationships between concepts. We create synthetic
“Search” API data by generating random prompts
combining the related entities (e.g. Intent and De-
sign Type) with search synonyms e.g. "find me",

"search for", "look for", "search", "show me".

Listing 2: Examples of Image and Template metadata

image_asset_metadata = {

"title': 'Tropical frangipani flowers
floating ',

'keywords ': ['flower',
paradise', 'turquoise',
"tropical', 'summer'],

'frangipani',
'"tranquil ',

'gentech': False

}!

template_asset_metadata = {

"topics': ['galactic', 'space', 'server
banner ']

"title': 'Galaxy Minecraft Server Banner

}

In addition to using the Knowledge Graph, we
also use content metadata of templates and images
to heuristically create data. Each image or template
asset contains metadata capturing its characteris-
tics, such as the title of the asset, keywords or tags
associated with it, whether it was generated by Al,
locale, aspect ratio, click through rate, etc. This
metadata provides a foundation of contextually rel-
evant information that reflects real-world content
organization and classification. Listing 2 captures
some of the image and template metadata tags used.
For “Generate” API queries, we constructed tem-
plates that combined action verbs (e.g. "generate",
"create" or "make") with content design types and
titles from our metadata. For example, a template
might expand to “please generate a template for"
followed by the title from our content metadata.
For creating “Generate” API queries for Image as-
sets, we only use the asset if the label ‘gentech’ is
set to True. Similarly, for “Search” API queries,
we used search-related verbs (e.g. "find", "search
for") with appropriate content descriptors. This ap-
proach allowed rapid generation of synthetic data
with proportions matching real-world statistics, but
suffered from significant limitations: The gener-
ated queries lacked diversity, often with unnatural
language patterns.

3.2 Single-Prompt LLM Based Generation

To address these limitations, we experimented with
a Llama-3.1-70B-Instruct model (Touvron et al.,
2023) with a comprehensive set of prompts con-
taining API specifications and few-shot examples.
Different variants of the system prompt focused
on different aspects of the content metadata e.g. in-
tents, assets, actions. Examples of the Llama model
prompts used used for synthesizing “Search” and
“Generate” API queries are listed in appendix A.1.
To mimic the characteristics of real-world data (e.g.
query length for “Search” vs “Generate” queries),
the system prompts used for “Search” queries spec-
ify the query to be short and crisp. Conversely
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the “Generate” query prompts used layout creativ-
ity and engagement as a driving factor for data
generation. This approach generated more natu-
ral language queries but presented challenges in
controlling output distributions and maintaining
variety across generated samples. Furthermore, it
was difficult to ensure appropriate coverage across
different content types and query patterns.

In addition to Llama 70B model, a key inno-
vation in our approach is the integration of multi-
modal capabilities for synthetic data generation on
template data through the InternVL vision-to-text
model (Chen et al., 2024). We prompted the 40B In-
ternVL model to generate a few queries that would
result in the creation of the input template placing
emphasis on the important elements unique to the
template. The prompt for InternVL model is shared
in Appendix A.2. This addition of multi-modality
based data generation component enables the gen-
eration of queries based on actual domain-specific
corpus images and visual representations of non-
image content. This provides an additional route
for query generation that captures visual aspects
that are not present in the metadata, leading to more
natural descriptions and increased output diversity.

3.3 Router-based Multi-Modal Architecture

Our final approach introduced a novel router-based
architecture that addresses the limitations of the
previous two methods. The architecture consists
of multiple specialized prompt templates, each de-
signed to generate specific types of queries based
on length, API type, and content requirements.
These prompt templates incorporate variables from
content metadata and domain-specific KG (Kumar
et al., 2023) relationships, ensuring semantic rele-
vance while maintaining natural language patterns.
The architecture also employs dataset generation
from the approaches discussed above: heuristic-
based, Llama text-to-text model and InternVL’s
vision-to-text model.

The core of our architecture is a weighted router
that directs query generation requests to appropri-
ate prompt templates based on population-level
statistics. This routing mechanism implements
weighted sampling to maintain realistic query pat-
terns while ensuring coverage across different
query types and content categories. Table 1 gives
the distribution of the synthetic dataset generated
across the heuristic-, single-prompt- and router-
based approaches.

Synthetic Dataset variant  Search  Generate
Heuristic Based 103,189 102,922
Single-Prompt LLM Based 100,207 100,433
Router-Based 105,100 110,000

Table 1: Number of synthetic training examples gener-
ated for Search and Generate functions for each data
generation approach

3.4 Implementation Details

The router selection algorithm determines target
distributions based on population statistics and se-
lects prompt templates based on required query
characteristics and content type requirements. For
each synthetic data point, the router either selects a
text-based route, populating templates with meta-
data and KG elements, or a vision-based route,
processing content images through InternVL to
generate contextually relevant queries.

The system includes validation checks for query
realism, label accuracy, and distribution alignment.
It filters out duplicate queries, unrealistic language
patterns, and queries that violate length constraints.
This ensures that the synthetic data is high quality
and accurately reflects real-world usage patterns.

The query generation process is continuously
monitored and adjusted to maintain desired distri-
butions across query lengths, API usage patterns,
and content type frequencies. This adaptive ap-
proach ensures that the generated dataset remains
balanced and representative of current user behav-
ior patterns, while the multi-modal integration pro-
vides diversity and realism in the generated queries.
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Figure 3: Comparison of word count distribution (Mean,
Median and Interquartile Range) across the real and syn-
thetically generated datasets (Heuristic, Single Prompt
and Router)
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3.5 Fine-tuning

To efficiently adapt the models while managing
computational resources, we employ Quantized
Low-Rank Adaptation (QLoRA) (Dettmers et al.,
2023) across our experiments. For the Gorilla
OpenFunctions v2 model (Patil et al., 2023), we
utilize 4 NVIDIA A100 GPUs operating in par-
allel, with the base model parameters quantized
to 4-bit precision while maintaining model quality
through low-rank adapters. The training configu-
ration utilizes cosine annealing for learning rate
optimization (Loshchilov and Hutter, 2017) with
ADAM_W (Loshchilov and Hutter, 2019) as the
optimizer, and we set the LoRA rank and alpha
parameters to 16 and 32 respectively to balance
adaptation capability with training stability.

Additionally, we fine-tuned several small lan-
guage models (SLMs) using the same QLoRA
technique Phi-3.5-mini-instruct (Microsoft, 2024),
Llama-3.2-1B-Instruct (LlamaTeam, 2024), Llama-
3.2-3B-Instruct (LlamaTeam, 2024), Qwen2.5-
1.5B-Instruct (QwenTeam, 2024), Qwen2.5-0.5B-
Instruct (QwenTeam, 2024) and Gemma-2-2b-it
(GemmaTeam, 2024). For these models, the train-
ing infrastructure consisted of 4 NVIDIA A10
GPUs operating in parallel. We maintained consis-
tent quantization and adaptation strategies across
all models to ensure fair comparison. The hyper-
parameters and prompt structure used for training,
training and evaluation loss, system memory usage
and GPU utilization are in Appendix B.

4 Results and Analysis

We analyze the results by first looking at the data
diversity of the router based synthetic data (word
count distribution, content type diversity, positional
diversity of keywords and query length distribution)
and comparing it with other synthetically generated
datasets. We then focus on the performance met-
rics of different variants of Gorilla model across
different synthetic datasets. We also show the per-
formance improvement of Small Language Models
(SLMs) fine-tuned on our router based synthetic
dataset compared to their base model.

4.1 Word Count Distribution

Figure 3 compares the word count distribution
across real-world and synthetically generated
datasets, specifically analyzing the mean, median,
and Interquartile Range (IQR). For this compari-
son, we sampled 2,500 search queries from each

distribution.

The real-world dataset has a mean word length of
7 words and a median of 4 words. The distribution
is right-skewed with a short IQR, suggesting that
real-world queries are generally concise, typically
ranging between 1 to 10 words.

In contrast, the synthetic dataset generated using
Heuristic Data (KG and metadata-based) exhibits a
higher median of 6 words, indicating that the gen-
erated queries tend to be more verbose. Although
the Single Prompt-based data has a similar IQR,
its narrower distribution suggests that the synthetic
queries are, on average, shorter than real-world
queries.

Finally, we observe that the Router-based syn-
thetic data generation approach maintains a similar
IQR to the real-world data, while achieving a bal-
anced distribution between diverse and realistic
queries. This means that the generated queries are
neither excessively long nor too short, aligning with
real-world user behavior—where users are likely
to search with either "Search" (short user query) or
"Generate" (long user query).

4.2 Content Type Diversity

Traditional synthetic data generation techniques
often struggle to replicate a real-world data diver-
sity, resulting in imbalanced datasets where certain
content types are overrepresented. In contrast, our
architecture enables a balanced and diverse distri-
bution across content types. Figure 4 shows that
our approach achieves a relatively even distribu-
tion across multiple content types (e.g. ‘Templates’,
‘Images’, ‘Videos’, ‘Backgrounds’), allowing the
model to learn from a variety of content requests
without over-fitting to any single category. This
balanced distribution ensures that the model is ex-
posed to a realistic sampling of potential queries,
improving its generalization ability for content-
specific API calls. In contrast, traditional synthetic
data generation methods (Figure 4) tend to be heav-
ily skewed, with content types like ‘Image’ domi-
nating the dataset, while others such as ‘Audio’ and
‘Template’ are underrepresented. This can limit
a model’s capability to handle less frequent but
important content types, resulting in suboptimal
performance in real-world applications.

4.3 Positional Diversity of Keywords

One of the key improvements in our synthetic data
generation approach is the reduction of keyword
position bias, specifically for ‘Content Type’ key-
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User Query Function Content Type Optimized Subprompt

Find me a birthday template with balloons and  Search Template birthday balloons confetti

confetti

Create an elegant wedding invitation with gold  Generate Template elegant wedding invitation gold flo-
floral borders for a December ceremony ral borders December ceremony
Show me tropical beach backgrounds Search Background tropical beach background
Generate a podcast cover with neon colors and  Generate Design Asset podcast cover neon colors retro style
retro style

Find business presentation templates with data ~ Search Template business presentation data charts

charts

Table 2: Representative Examples from Golden Dataset

Model and Dataset variant Function Call ContentType Subprompt
F1-Score Accuracy (CTA) Similarity (SS)
Pre Fine-tuned Base Gorilla 0.646 0.239 0.824
Fine-tuned Gorilla: Single Prompt dataset 0.788 0.574 0.898
Fine-tuned Gorilla: Heuristic dataset 0.801 0.676 0.919
Fine-tuned Gorilla: Synthetic dataset + Router 0.844 0.65 0.867
Fine-tuned Gorilla: Synthetic + Heuristic dataset + Router 0.875 0.737 0.915
Prompt Tuned Gorilla: Synthetic + Heuristic dataset + Router 0.881 0.756 0.918

Table 3: Performance summary of the fine-tuned Gorilla model trained on different datasets. The ContentType
Accuracy and Subprompt Similarity are referenced as CTA and SS respectively
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Figure 4: Comparison of Content Type distribution

words within user queries. Traditional synthetic
datasets often position these keywords (e.g. ‘Im-
age’, ‘Video’, ‘Template’, ‘Audio’) consistently at
the beginning or end of queries. This lack of po-
sitional diversity leads to models that are prone to
over-fitting, as they learn to expect keywords in
fixed positions, which limits their generalization
capabilities in real-world scenarios.

Our router-based synthetic data generation
framework creates a more even distribution of con-
tent type keywords (Figure 5) across positions in
the query, which exposes the model to a wider
range of query structures, helping it generalize and
reducing over-fitting.
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Figure 5: Comparison of normalized keyword positions

4.4 Query Length Diversity

To ensure our dataset accurately reflects real-world
query variations, we designed distinct length distri-
butions for “Search” and “Generate” queries. We
observed that users tend to use the “Search” API to
look for generic content and then select a result to
start their design with. In contrast, they tend to use
the “Generate” API to create specific content which
may not exist in the content library. Consequently,
“Search” queries are usually shorter than “Generate”
queries. By accommodating a spectrum of query
lengths, our approach improves the model’s ability
to handle both concise and complex user requests.
For “Search” based queries, we upper-bound the
length to 10 words. This allows the model to focus
on short, targeted requests, enhancing retrieval per-
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formance. In contrast, “Generate” based queries
allow a broader range of lengths, with an upper
limit set to 40 words (Figure 6). By expanding the
length allowance for “Generate” queries, the model
learns to handle more descriptive inputs, improving
its ability to create content that aligns with nuanced
user specifications.

Comparison of Query Length Distributions
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Figure 6: Comparison of search and generate query
length

4.5 Performance Metrics and Evaluation
4.5.1 Golden Dataset Details

To evaluate model performance, we created a man-
ually curated golden dataset consisting of 460 real-
world user queries with high-quality labels. This
dataset provides a balanced representation across
query types and intents, with 237 Search queries
and 223 Generate queries. The dataset exhibits nat-
ural language variation with query lengths ranging
from brief phrases to detailed specifications (me-
dian length = 8 words, mean = 10.9 words, maxi-
mum = 38 words). This diverse distribution ensures
comprehensive evaluation across all supported con-
tent types, with particular emphasis on commonly
requested media like templates and images while
maintaining representation of specialized content
types.

Each query in the dataset is annotated with func-
tion classification (Search/Generate), content type
label and optimized sub-prompt.The dataset in-
cludes queries ranging from simple search requests
to complex generation specifications, as illustrated
in Table 2. This variation in query complexity and
specificity allows us to assess model performance
across different difficulty levels and use cases. The
content type distribution in golden dataset is in
Table 5. This comprehensive labeling enables eval-
uation across multiple dimensions of model perfor-
mance, from high-level task classification to the
nuanced understanding required for subprompt op-
timization. The golden dataset served as our pri-
mary benchmark for comparing different model

variants and synthetic data generation approaches,
providing consistent and reliable metrics for Func-
tion Call F1 score, Content Type Accuracy (CTA),
and Subprompt Similarity (SS) as reported in Ta-
bles 3 and 4.

4.5.2 Model Performance Metrics

We began with the baseline Gorilla openfunctions
v2 model (Patil et al., 2023) fine-tuned for API
calls, which yielded initial F1-Score of 0.646, Con-
tent Type Accuracy (CTA) of 0.239, and Sub-
prompt Similarity (SS) of 0.824 (Table 3). These
metrics highlighted areas for improvement to meet
our query mapping requirements. Testing a single-
prompt response approach resulted in F1-Score of
0.788, CTA of 0.57, and SS of 0.898, indicating
modest gains but underscoring the need for addi-
tional fine-tuning strategies.

To enhance performance further, we fine-tuned
the model on a heuristic dataset from our storage in-
dex, which included captions, template phrases (e.g.
"birthday template" for birthday-related queries),
and keywords based on query analysis. As a result,
F1 rose to 0.801, CTA to 0.676, and SS to 0.919.
Next, we implemented the multi-prompt router ap-
proach, generating synthetic data using domain-
specific metadata from our KG. Fine-tuning on
this synthetic dataset alone achieved F1 of 0.844,
CTA of 0.65, and SS of 0.867, showing the effec-
tiveness of our router-based approach in capturing
nuanced query patterns and context. Combining
the synthetic and heuristic datasets yielded further
improvements, with F1 reaching 0.875, CTA at
0.737, and SS at 0.915, demonstrating the bene-
fits of blending structured metadata with generated
queries. Finally, we applied prompt-tuned fine-
tuning to the combined dataset, achieving peak re-
sults: F1 of 0.881, CTA of 0.756, and SS of 0.918.
This iterative process validated the model’s capac-
ity to handle complex queries. To assess whether
the observed gains in Function Calling Accuracy
between the Single Prompt Fine-Tuned Gorilla
model and the Prompt Tuned Gorilla model (Syn-
thetic + Heuristic) dataset using the router were
statistically significant, we conducted McNemar’s
test. The p-value of 2.529 e-05 demonstrates a
highly significant difference. For Subprompt Simi-
larity (SS) metric, a paired t-test yielded a p-value
of 0.064, suggesting a trend toward significance.

In addition to training on Gorilla, we com-
pared the performance of Small Language Mod-
els (SLMs) before and after being trained
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Model Function Call ContentType Subprompt
F1-Score Accuracy (CTA) Similarity (SS)

Vanilla Gemma2-2B-Instruction-Tuned 0.626 0.337 0.882
Fine-tuned Gemma2-2B-Instruction-Tuned 0.876 0.552 0.91
Vanilla Qwen2.5-1.5B-Instruct 0.687 0.274 0.796
Fine-tuned Qwen2.5-1.5B-Instruct 0.863 0.554 0.91
Vanilla Qwen2.5-0.5B-Instruct 0.187 0 0.02
Fine-tuned Qwen2.5-0.5B-Instruct 0.876 0.554 0.91
Vanilla Phi-3.5-mini-Instruct 0.626 0.406 0.915
Fine-tuned Phi-3.5-mini-Instruct 0.889 0.576 0.91
Vanilla Llama-3.2-1B-Instruct 0.432 0 0.182
Fine-tuned Llama-3.2-1B-Instruct 0.865 0.57 0.91

Table 4: Performance summary of the additional SLM models before/after training on the router-based synthetic
dataset. The ContentType Accuracy and Sub-prompt Similarity are referenced as CTA and SS respectively

Content Type Count  Percentage
Templates 103 22.4%
Photos/Images 97 21.1%
Audio 20 4.3%
Video 19 4.1%
Background 20 4.3%
Design Assets 17 3.7%
Text 20 4.3%
Any (type-agnostic) 164 35.7%

Table 5: Content Type Distribution in Golden Dataset

on our router-based synthetic dataset.  The
SLMs used for comparison were Gemma2-
2B-it (Instruction-Tuned) model (GemmaTeam,
2024), Qwen2.5-1.5B-instruct and Qwen2.5-0.5B-
instruct models (QwenTeam, 2024), Phi3.5-mini-
instruct model (Microsoft, 2024) and Llama-3.2-
1B-Instruct model (LlamaTeam, 2024). We found
a significant improvement in the Function Call F1
score, CTA and SS scores across all the SLMs
after fine-tuning them with the Router-based syn-
thetic dataset. Additional details on performance
improvement are provided in Table 4.

5 Conclusion

LLMs are fueling efforts to develop systems that
accurately interpret user queries and map them to
function calls. However, the scarcity of real-world
user data and privacy constraints on training with
it necessitate synthetic data generation. Existing
synthetic data generation approaches lack the di-
versity and complexity needed to mirror real-world
interactions, limiting model performance. We in-
troduced a novel architecture for generating high-
quality synthetic training data. Our approach inte-
grates content metadata and domain-specific KGs

with text-to-text and vision-to-text models, produc-
ing more varied and representative data. Through
iterative development, we arrived at a router-based
multi-modal architecture that enhances data diver-
sity and improves model training outcomes. Our
model demonstrates gains in function mapping ac-
curacy, although further improvement is possible
in content-type classification.

6 Future Work

This research opens several promising avenues for
future investigation. One primary direction is to ex-
tend the system’s linguistic capabilities to support
multilingual query processing, thereby improving
global accessibility. Although our architecture has
proven effective in digital content creation, its un-
derlying principles could be generalized to other
domains requiring sophisticated function-calling
mechanisms. Leveraging more advanced language
models—such as Llama-405B (LlamaTeam, 2024)
or DeepSeek (DeepSeek-Al et al., 2024)—for syn-
thetic data generation may yield higher-quality
training examples, while expanding our golden
dataset could enable more rigorous model eval-
uation. Additionally, exploring the architecture’s
extensibility to support additional specialized func-
tions and API calls would both broaden the sys-
tem’s applications and provide insights into the
scalability of our approach across different func-
tional domains.
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A Model Prompts

A.1 Llama-3.1-70B-Instruct Model Prompts

Below is an example of System Prompt used for
generating Search data using Llama’s 70B model:

Role: System

Content: You are an Al Assistant responsible for gen-
erating a single, concise user search query based on
provided metadata. The search queries are short and
crisp and less than 10 words. You will be working
with different assets for example (templates, images,
videos, design assets, backgrounds, shapes). Help
me write a search query for an Instagram story tem-
plate for title:{title} focusing on intents:{intents}. The
query should directly reflect the relevant title, intents,
actions, or assets, without any additional explanations
or unnecessary text. Do not include any introductory
phrases or conclusions, just the query itself.

Role: System

Content: You are an Al Assistant responsible for gen-
erating a single, concise user search query based on
provided metadata. The search queries are short and
crisp and less than 10 words. You will be working
with different assets for example (templates, images,
videos, design assets, backgrounds, shapes). Help me
write a search query for the vibrant background for
title: {title} focusing on actions:{actions}. Please in-
clude the word background in the query.The query
should directly reflect the relevant title, intents, ac-
tions, or assets, without any additional explanations
or unnecessary text. Do not include any introductory
phrases or conclusions, just the query itself.

Here are examples of some of the prompts used

by Llama 70B model to synthesize Generate func-
tion data:
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Role: System

Content: You are an Al that generates creative and en-
gaging user prompts based on provided metadata. The
prompt should be less than 40 words. Design a Face-
book post prompt for title:{title} that encourages users
to actions:{actions}. Use assets:{assets} to support
intents: {intents }.The prompt should feel like some-
thing a human would write and should not include any
hashtags or links or unnecessary punctuations.

Role: System

Content: You are an Al that generates creative and
engaging user prompts based on provided metadata.
The prompt should be less than 40 words. Make some
prompt for title: {title} with intents:{intents}. Use as-
sets:{assets }, or maybe not?
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