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Abstract. Large Language Models (LLMs) have shown impressive emergent
language capabilities, especially in applications with high ambiguity, such as lan-
guage reasoning and knowledge consolidation. However, previous work explores
the use of LLMs for acquiring information using either parametric or external
knowledge, which might lead to serious issues such as hallucination. Toward
solving these issues, we present a novel approach of knowledge-aware response
planning (KARP) and propose a novel framework that employs (i) a knowledge re-
triever to obtain relevant information from web documents or databases for a given
user query, and (ii) a robust fine-tuning strategy for LLMs to exploit the retrieved
external knowledge for planning a final response. Experimental results show that
our proposed framework can provide natural, concise answers for open-domain
questions with high accuracy.

Keywords: Knowledge-Aware Response Planning · Question Answering · Large
Language Models · Fine-tuning.

1 Introduction

General question answering (QA), a crucial natural language processing (NLP) task, is
often regarded as AI-complete [62, 8]; that is, QA will only be considered solved once
all the challenging problems in artificial intelligence (AI) have been addressed. Several
virtual response assistants, including Google Assistant, Amazon Alexa, and Apple’s
Siri, have integrated state-of-the-art QA technologies, allowing them to understand and
generate responses in natural languages, providing valuable services to users. However,
general QA still presents significant challenges, primarily due to the inherent difficulties
in reasoning with natural language, including aspects like commonsense and general
knowledge. Past research has explored the use of Large Language Models (LLMs) for
general QA, predominantly leveraging either parametric (e.g., ChatGPT3) or external
(e.g., WebGPT[38]) knowledge sources. This method, however, can lead to considerable
complications, including hallucination - the generation of plausible but incorrect or
unverified information. To address these challenges, this paper introduces the concept

⋆ This work was completed while the author was an intern at Amazon Alexa AI.
3 https://chat.openai.com/chat
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q: What college offers chiropractic ?

c1: New York Chiropractic College offers 1 Chiropractic Degree program. It’s a private
university in a far away town. In 2015, 173 students graduated in the study area of
Chiropractic with students earning 173 Doctoral degrees.

a1: New York Chiropractic college offers chiropractic.

c2: Chiropractic care is also essential for college students who want to stay healthy. The central
nervous system is based in the spinal column, so correcting subluxations (misalignments)
of the spine is important, no matter how old you are. Holt Chiropractic in Port Orchard,
WA provides expert chiropractic care to students of all ages.

a2: Holt Chiropractic College offers chiropractic.

c3: Howell Township is a township in Monmouth County, New Jersey, United States. As
of the 2010 United States Census, the township’s population was 51,075, reflecting an
increase of 2,172 from the 48,903 counted in the 2000 Census.

a3: Howell Township College offers chiropractic.

Table 1: Generated answers for a question q with different context passages c1 (relevant),
c2 (quasi-relevant), and c3 (irrelevant) from MS MARCO QA NLG test set [39]. Answers
a1, a2, and a3 are generated by GenQA [17].

of Knowledge-Aware Response Planning (KARP) for general QA along with a novel
framework that combines a knowledge retriever with a robust fine-tuning strategy for
LLMs. In particular, the problem of KARP can be defined as follows. Given a user
query and a prompt containing external knowledge, the goal is to develop a model that
can consolidate a response that must be crafted not just from the externally sourced
information, but also from the model’s inherent parametric knowledge. This is different
from the previous work that aim to generate a response by either harnessing parametric
knowledge (e.g., ChatGPT) or retrieving from external knowledge such as knowledge
bases [2, 3, 65, 51], web documents [68, 6, 67, 7, 13], or a provided context [15, 45, 59,
10].

With the emergent abilities of LLMs [61], generative QA systems, in which answers
are produced by a generative LLM, have been explored to improve the performance
of QA [21, 49, 43, 19, 27, 18, 12, 37]. In paritcular, previous work typically employs
pre-trained LLMs with encoder-decoder architectures such as BART [28] and T5 [44],
where the encoder consumes a given question and a required relevant context as input for
the decoder to generate an answer to the question [24, 17]. On one hand, the similarity
between generative QA and the pre-training tasks of LLMs enables transfer learning
to improve QA performance. On the other hand, the generative formulation allows for
flexibility in handling various types of QA problems (e.g., extractive QA, multiple-choice
QA) [24]. However, a well-known issue that has been shown to occur with the generative
models is hallucination [35, 50, 53], where the models generate statements that are
plausible looking but factually incorrect. Additionally, if the answers are composed by
a pretrained LLM without external knowledge, i.e., using parametric knowledge, the
information contained in the answers might be outdated and no longer valid. For example,
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the answer for the question “Which country is the reigning World Cup champion?” will
change through time.

Recent works such as GenQA [17] and WebGPT [38] mitigate these issues by
employing an information retrieval component, which is responsible for collecting web
content to compose an answer for a given question. Formally, given a question q and
a retrieved web content c, the model is trained to take (q, c) as input to produce a
response a = fθ(q, c), where fθ denotes the corresponding LLM with the parameters θ.
Unfortunately, fθ may merely learn to copy/synthesize information from c to produce
a if c often contains necessary information for correctly answering the question q in
training data such as MS MARCO QA NLG [39]4. As a result, the model may fail
to provide a correct answer for a given question if the retrieved content is missing
or contains (quasi-)irrelevant information (see Table 1). In other words, performance
of these retrieval-based QA models are limited to an upper bound by the knowledge
retriever.

In this work, we address such issues in building a generative QA model. First, we
utilize a knowledge retriever that employs Optimal Transport to selectively identify
relevant content from web documents or databases for a given user query. Second,
we propose a novel fine-tuning strategy specially designed for LLMs, which combines
external knowledge, i.e., provided by the knowledge retriever and the intrinsic pre-trained
knowledge in LLMs, wherever possible, to generate informed responses.

Particularly, we propose the knowledge retriever as a dense passage retriever (DPR)
model. Our proposed DPR model performs an alignment between a given question and
a text passage via Optimal Transport to find relevant information in the passage for
determining its correctness. The relevant context in the passage will then be used to
produce a correctness score for ranking. In this way, we can obtain top k text passages
from databases/web documents, which are treated as external knowledge in our frame-
work. Different from GenQA and WebGPT that follows a single-style “a = fθ(q, c)”
finetuning strategy, we propose to employ a multi-style finetuning strategy, where both
“a = fθ(q, c)” and “a = fθ(q)” are used to train the model. The latter intentionally
excludes the external knowledge c from the input to encourage the model to retrieve its
own knowledge from the model parameters θ, which have been pretrained on massive
unlabeled text data [28, 44, 11, 56]. To combine the two finetuning styles, we propose
to finetune the LLM with “a = fθ(q, c)”, and sequentially finetune the model with
“a = fθ(q)”. At test time, we use the “a = fθ(q, c)” style to make predictions. Ex-
perimental results show that our proposed finetuning strategy significantly improves
the performance compared to the baselines on MS MARCO QA NLG, demonstrat-
ting the effectiveness of our proposed method. Finally, we scale up our framework to
further improve the QA performance by training the model i) with “a = fθ(q, c)” on
QA datasets such as SQUAD [45] (c is a context passage), MCTest [48] (c consists of
multiple choices), Anthropic [1] (c is the previous question in a conversation), and ii)
with “a = fθ(q)” on QA datasets such as WikiQA [69] and Wdrass [73].

4 All answers a in MS MARCO QA NLG are written by human annotators based on summarizing
answer information in context passages c.
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Our experiments show that the resulting system behaves as a knowledge aware
response planner that provides natural, concise answers for open-domain questions with
high accuracy.

Fig. 1: Overview of our proposed framework for KARP. The blue and orange arrows
represent the finetuning and inference processes of our model respectively.

2 Proposed Method

2.1 Knowledge-Aware Response Planning

The problem of Knowledge-Aware Response Planning (KARP) can be outlined as
follows: Given a user query and a prompt loaded with external knowledge, the aim is to
build a model capable of formulating a response. This response should be planned not
only from the external information provided but also derived from the model’s inherent
parametric knowledge.

To this end, our proposed framework for KARP consists of (i) a knowledge retriever
and (ii) a generative LLM-based question answering model. An overview of our frame-
work is shown in Figure 1. Details regarding the knowledge retriever and the generative
QA model are presented in section 2.2 and 2.3, respectively.

2.2 Knowledge Retriever

Our knowledge retriever functions as a dense passage retrieval (DPR) system. Given
a question q and a group of N text passages C = {c1, c2, . . . , cN}, the goal of DPR
is to determine the correct answer passages A ⊂ C by learning a reranking function
r : Q× ϕ(C) → ϕ(C), where Q represents the set of questions and ϕ(C) represents all
the possible orderings of C. The intent is to place the answer passages A at the top of
the ranking produced by the function r. The reranker r is typically a pointwise network
f(q, ci), such as TANDA [13], which learns to assign a correctness score pi ∈ (0, 1) to
each text passage ci for ranking purposes. Our focus lies on the contextual DPR, where
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supplementary context, like surrounding context, is used to more accurately ascertain
the validity score of an answer passage.

Our knowledge retriever consists of three primary elements: i) Encoding, ii) Question-
Context Alignment with Optimal Transport (OT), and iii) Answer-Context Dependencies.
The diagram of our suggested model can be seen in Figure 2.

Encoding We are provided with a question represented as q = [wq
1, w

q
2, . . . , w

q
Tq
]

with Tq words and a set of N text passages C = {c1, c2, . . . , cN} retrieved from
a search engine. Each passage, denoted as ci = [wc

1, w
c
2, . . . , w

c
Tc
], consists of Tc

words. In this work, we consider previous and next passages cprev, cnext as additional
context for each candidate passage c ∈ C. To create the input for our DPR model,
we concatenate the question, answer passage, and context passages into a single input
sequence: [q; c; cprev; cnext]. This combined sequence is then passed through a pre-
trained language model (PLM), e.g., RoBERTa [33], to obtain contextualized word
embeddings. Additionally, we employ distinct segment embeddings for the question,
answer passage, and context passages. These segment embeddings, which are randomly
initialized and trainable during training, are added to the initial word embeddings in
the first layer of the PLM. For simplicity, let [wq

1,wq
2, . . . ,wq

Tq
] and [wc

1,wc
2, . . . ,wc

Tc
]

represent the sequences of word representations obtained from the last layer of the PLM
for the question q and the answer passage c ∈ C, respectively.

Pretrained Language Model

[CLS] question [SEP]   answer passage  [SEP] prev_context [SEP] next_context

Inter-Context
Dependencies

Alignment
via 

Optimal 
Transport

Question Answer/Context

. . .

Relevant Context

Graph Convolutional Network

AS2 prediction

Fig. 2: A diagram depicting the knowledge retriever in our framework for KARP.



6 Nguyen et al.

Question-Context Alignment with OT In this section, we present our approach for
identifying relevant context within the answer passage and its surrounding passages
based on the alignment of words with the question. Specifically, we introduce the use
of Optimal Transport (OT) [36, 9] to address the task of aligning the question with the
context for DPR.

OT is a well-established technique used to transfer probability from one distribution
to another by establishing an alignment between two sets of points. In the discrete
setting, we are provided with two probability distributions, denoted as pX and pY ,
defined over two sets of points, namely X = {xi}ni=1 and Y = {yj}mj=1 (

∑
i pxi = 1

and
∑

j pyj = 1). Additionally, a distance function D(x, y) : X × Y → R+ is given
to quantify the dissimilarity between any two points x and y. The objective of OT is to
determine a mapping that transfers the probability mass from the points in {xi}ni=1 to the
points in {yj}mj=1, while minimizing the overall cost associated with this transportation.
Formally, this involves finding the transportation matrix πXY ∈ R+n×m that minimizes
the following transportation cost:

dXY =
∑

1≤i≤n
1≤j≤m

D(xi, yj)πXY ij , (1)

so that πXY 1m = pX and πT
XY 1n = pY . The transportation matrix πXY signifies the

best matching between the sets of points X and Y , where each row i in the matrix
indicates the optimal alignment from a point xi ∈ X to each point yj ∈ Y .

In our problem of aligning the question with the answer passage, we treat the question
q and the answer/context passage c as two point sets: {wq

i }
Tq

i=1 and {wc
i }

Tc
i=1 respectively

(each word is a point)5. To determine the probability distributions for these word sets, we
propose calculating the word frequencies and then normalizing the sum of frequencies.
Specifically, the probability distribution for the question is obtained by:

pwq
i
=

freq(wq
i )∑Tq

i′=1 freq(w
q
i′)

(2)

The frequency freq(wq
i ) corresponds to the number of occurrences of the word wq

i

in the training data’s questions. The same approach is applied to the answer/context
passage. To handle unseen words during testing, we utilize Laplace smoothing to assign
a non-zero probability. Moving on, we estimate the distance between two words wq

i ∈ q
and wc

j ∈ c by measuring their semantic divergence, which involves computing the
Euclidean distance between their contextualized representations obtained from the PLM:
D(wq

i , w
c
j) = ||wq

i − wc
j ||. The Sinkhorn-Knopp algorithm is then efficiently employed

to solve for the optimal transportation matrix πXY (in this case, πqc for the question q
and the passage c) [55, 9]. Finally, we obtain the relevant context rc for the passage c by
taking the union of words wc

j that have the highest transportation probabilities:

rc =

Tq⋃
i=1

{wc
j |j = argmax1≤j′≤Tc

πqcij′} (3)

5 Before performing the alignment, we remove stopwords and punctuation marks from both sets
of words.
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To compute the representation for the passage c, we take the average sum of the word
representations within the relevant context:

rc =
1

|rc|
∑

j|wc
j∈rc

wc
j (4)

By incorporating the relevant context, our intention is to eliminate any disruptive or
unrelated details from the passage representation.

Answer-Context Dependencies For convenience, let [r1, r2, r3] denote the representa-
tions acquired from Equation (4) for the answer passage p1 ≡ c, the previous passage
p2 ≡ cprev, and the next passage p3 ≡ cnext. To capture the relationships between
these passages, we view each passage as a node in a fully-connected graph G = (V,E),
where V = {pi} (1 ≤ i ≤ 3) is the node set and E = {(pi, pj)} (1 ≤ i, j ≤ 3) is the
edge set. Our objective is to determine a weight αij ∈ (0, 1) for each edge (pi, pj) that
reflects the dependency of pi on pj . To accomplish this, we propose to leverage their
semantic representations ri, rj , and transportation costs to the question dqpi

, dqpj
to

measure the dependency weight αij between the passages pi and pj . Specifically, we first
compute the score: uij = FFNDEP ([ri ⊙ rj ; dqpi ; dqpj ]), where ⊙ is the element-wise
product, [; ] represents the concatenation operation, and FFNDEP is a feed-forward
network. Subsequently, the weight αij for the edge (pi, pj) is obtained through a softmax
function:

αij =
exp(uij)∑K

j′=1 exp(uij′)
(5)

The derived weights {αij} are subsequently utilized to enrich the passage representations
through L layers of a Graph Convolutional Network (GCN) [25]:

hl
i = ReLU(

K∑
j=1

αijWlhl−1
j + bl) (6)

where Wl, bl are learnable weight matrix and bias for the layer l of the GCN (1 ≤ l ≤ L),
and h0

i ≡ ri is the input representation for the passage pi. The output vectors hL
i ≡ hi at

the last layer of the GCN serve as the final representations for the passages pi. Intuitively,
the weights αij enable each passage to decide the amount of information it receives
from the other passages to improve its representation for the task. The representation h1

for the answer passage p1 ≡ c is finally sent to a feed-forward network with a sigmoid
output function to estimate the correctness score pc ∈ (0, 1) for the answer passage
c: pc = FFNDPR(h1). For training, we minimize the binary cross-entropy loss with
the correctness scores pc. At inference time, consistent with previous research [13], we
include all answer passages for each question for ranking.

2.3 Generative LLM-based Question Answering Model

Background on Text Generation Finetuning Text generation finetuning has become a
general approach to solving different NLP tasks, where input and expected output of a
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task can be represented as source and target text respectively for a generative model to
learn the task [44, 34, 29]. For example, a pretrained generative LLM such as BART [28]
and T5 [44] can be finetuned on sentiment analysis by taking a text statement (e.g., “I
really like the story”) as source text to generate a text label (i.e., “Positive”, ”Negative”,

“Neutral”) to indicate the sentiment of the statement. As the text generation resembles the
pretraining tasks (e.g., predicting next words) for the generative LLMs, the formulation
could facilitate the transfer learning to the target task. In addition, it enables the data
augmentation method where training data for a task may also be leveraged for another
task if the two tasks both are convertable to the text generation format [31]. These
advantages have led to significant performance improvements for many NLP tasks such
as event extraction [31], named entity recognition [66], and dependency parsing [29].
Similar to other NLP tasks, the generative methods have been explored for improving QA
performance [21, 49, 43, 19, 27, 18, 12, 37]. To avoid hallucination and improve factual
accuracy for the models, recent works on generative QA employ the retrieval-based
methods such as GenQA [17] and WebGPT [38].

GenQA is introduced by Hsu et al. [17] for generating appropriate answers for user
questions instead of simply choosing the best answer candidate. This expands the answer
retrieval pipeline with an additional generation stage to produce correct and satisfactory
answers, even in cases where a highly ranked candidate is not acceptable or does not
provide a natural response to the question. In particular, GenQA employs a pretrained
generative LLM to produce an answer by taking a given question and a list of answer
candidates as input, sorted by a trained reranker system.

WebGPT is designed by OpenAI researchers [38] to tackle the problem of long-form
question-answering, which involves generating a paragraph-length answer to an open-
ended question. Specifically, WebGPT uses the Microsoft Bing Web Search API to
retrieve relevant documents for a given question. The model then interacts with a text-
based environment where it can take actions such as clicking on links or opening new
web pages to locate relevant passages from which to generate answers.

Our Proposed Finetuning Strategy The main goal of a general text-generation model
is to produce an output text sequence y = [y1, y2, . . . , yT ] based on a given input text
sequence x = [x1, x2, . . . , xS ], where the lengths of the input and output sequences
are denoted by S and T , respectively. With a pretrained encoder-decoder LLM such as
BART [28] or T5 [44], we can compute the conditional probability of P (y|x) for training
the model. At test time, the decoder merges the previous output and input text to create
the current output. A decoding algorithm such as Greedy or Beam Search [63] can be
used to generate an output text with the highest likelihood. For QA, given a question
q and a retrieved web content c (e.g., top answer passages), previous works such as
GenQA and WebGPT are trained to take (q, c) for as the source sequence to produce a
response as the target sequence a = fθ(q, c), where fθ denotes the corresponding LLM
with the parameters θ. As a result, fθ may merely learn to copy/synthesize information
from c to produce a if c often contains necessary information for correctly answering
the question q in training data. Relying solely on the retrieved content c, the model
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may fail to provide a correct answer for a given question if c is missing or contains
irrelevant/noisy information. In other words, performance of these retrieval-based QA
models are limited to an upper bound by the knowledge retriever.

Different from the previous works that follow a single-style “a = fθ(q, c)” fine-
tuning strategy, we propose to employ a multi-style finetuning strategy, where both
“a = fθ(q, c)” and “a = fθ(q)” are used to train the model. The latter intentionally
excludes the external knowledge c from the input to encourage the model to retrieve its
own knowledge from the model parameters θ, which have been pretrained on massive
unlabeled text data [28, 44, 11, 56]. To combine the two finetuning styles, we propose
to finetune the LLM with “a = fθ(q, c)”, and sequentially finetune the model with
“a = fθ(q)”. In this way, our model does not completely rely on the retrieval results to
generate answers for given questions. At test time, we use the “a = fθ(q, c)” style to
make predictions. The retrieved content c now can be considered as a source of external
knowledge along with the pretrained knowledge contained in the model parameters θ
to generate an answer for the question. Under this perspective, we consider various QA
datasets for each step in our finetuning process. We call such dataset collection OKQA
as they are publicly available and contains high-quality knowledge.

MS Marco QA NLG is a specialized version of the MS Marco dataset [39] that aims to
produce natural language responses to user inquiries using web search result excerpts.
This dataset includes 182K queries from Bing search logs, each is associated with top
ten most relevant passages. A human annotator is then required to look at the passages
and synthesize an answer using the content of the passages that most accurately addresses
the query.

Super Natural Instructions (SNI) is a data collection proposed by [60]. The corpus
consists of 1, 616 diverse NLP tasks and their expert-written instructions. In this work,
we consider only question-answering tasks such as extractive QA with SQUAD [45]
and multiple-choice QA with MCTest [48]. For each task, we consider anything but a
question q provided in the input as context c. Particularly, the context c can be a passage,
a fact, or a set of answer choices associated with the question. As a result, we obtain
180K examples for finetuning our model.

Anthropic is introduced by [1], containing conversations between a human and a com-
puter assistant. For each conversation, we consider a human question and the previous
question (if any) as the input sequence and the answer from the assistant as the output
sequence. As questions in a conversation are usually related to each other, the previous
question can be considered as a form of relevant context c for clarifying the current
question q. Consequently, we obtain 280K examples for finetuning our model.

Dense Passage Retrieval datasets, namely, WikiQA [69] and WDRASS [73] are also
used for finetuning our model. WikiQA is a collection of questions and answer candidates
that have been manually annotated using Bing query logs on Wikipedia. WDRASS is
a large-scale dataset of questions that are non-factoid in nature, such as questions that
begin with “why” or “how”. The dataset contains around 64, 000 questions and over
800, 000 labeled passages that have been extracted from a total of 30M documents. Each
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question in such DPR datasets is associated with a set of answer candidates, in which
some of the candidates are correct answers. As a question can have multiple correct
answers, we select the longest answer as the output sequence for the question, which is
considered as the input sequence. This results in a set of 105K examples for finetuning
our model.

In the end, the datasets where context is available for a question are employed in the
step 1 of our finetuning process while the other datasets are used for further training the
model in the subsequent step. With a huge amount of various QA tasks, we expect this
could teach the model to understand the nature of question answering and how to utilize
its own parametric knowledge (in case no context is provided) and external knowledge
(i.e., relevant context) to answer a given question.

3 Experiments

3.1 Benchmarking the Knowledge Retriever

Experimental Setup

Datasets We follow the previous work [13, 74] to conduct the evaluation. In particular,
we use (i) WikiQA [69], consisting of questions from Bing query logs and manually
annotated answers from Wikipedia, and (ii) WDRASS [74], a large-scale web-based
dataset having factoid and non-factoid questions, to investigate our retrieval performance.
We use the same train/dev/test splits used in previous work.

Hyper-parameters and Tools In accordance with previous work, we use a small portion
of the WikiQA training data to tune hyper-parameters for our model and select the best
hyper-parameters for all the datasets [26]. We employ Adam optimizer to train the model
with a learning rate of 1e-5 and a batch size of 64. We set 400 for the hidden vector
sizes for all the feed-forward networks, L = 2 for the number of the GCN layers. We
use Pytorch version 1.7.1 and Huggingface Transformers version 3.5.1 To implement
the models. We use the NLTK library version 3.5 [4] to preprocess the data and remove
stopwords. The model performance is obtained over three runs with random seeds.

Evaluation Metrics We measure the model performance using the following standard
metrics: Precision-at-1 (P@1) and Mean Average Precision (MAP) on the entire set of
answer candidates for each question.

Performance Comparison We compare our proposed model with TANDA [13], which
is the current state-of-the-art model. Table 2 shows the performance comparison between
the models on two settings: i) using a non-finetuned RoBERTa-Base encoder, and ii) using
a fine-tuned RoBERTa-Base encoder. The non-finetuned RoBERTa-Base is obtained
from [33] while the other is produced by fine-tuning TANDA on the ASNQ dataset
[13]. As can be seen from the table, all the models benefit from using the finetuned
RoBERTa-Base encoder. Across the two settings, our model outperforms the previous
models by large margins, demonstrating its effectiveness for the task.
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Model
WikiQA WDRASS

w/o ASNQ with ASNQ with ASNQ
P@1 MAP P@1 MAP P@1 MAP

TANDA 63.24* 75.00* 78.67* 86.74* 54.60 63.50
Ours 74.16 83.29 83.77 89.28 55.9 61.8

Table 2: Performance comparison on WikiQA and WDRASS, * indicates results reported
by [26].

In Table 2, we show the performance of our proposed model compared to TANDA
on the WDRASS test set. As we can see, our knowledge retriever significantly improves
the performance for P@1 score, however, decreases the performance for MAP score.
We attribute this to the fact that questions in WDRASS dataset usually have more than
1 correct answers for a single question while our model ranks the answer candidates
individually. However, we note that the top-1 answer candidate is often the most helpful
for the answering process.

3.2 Evaluation for Knowledge-Aware Answer Generation

Experimental Setup

Dataset We acquire the evaluation data as follows. First, we randomly select 2,000
questions from the MS MARCO QA NLG test set. For each question, we rank all the
context passages using our model trained on WDRASS to obtain the top 5 candidates.
We then concatenate the question and candidates to form the input, which is used to
generate the predicted answer.

Evaluation Metrics We employ widely-used evaluation metrics, including ROUGE [30],
BLEU [40], and BERTScore [72], for assessing the quality of generated answers in
comparison to human-written natural answers. These metrics are commonly applied to
standard text generation tasks such as summarization [71], machine translation [57], and
answer generation [43].

It is important to note that these metrics have their own limitations; however, these
can be mitigated by providing more and higher-quality reference texts [5]. In the context
of answer generation, we enhance the reliability of these measurements by employ-
ing human-written answers as references. Specifically, annotators create the reference
answers used in this benchmark after being provided with the candidate responses.

Performance Comparison Table 3 presents a comparison of three different config-
urations of KARP with GenQA model in terms of BLEU, RougeL, and BERTScore
metrics.

The results demonstrate that all three KARP configurations outperform the GenQA
model across all evaluation metrics. The best-performing configuration (config 2)
achieves a BLEU score of 39.4, a RougeL score of 0.608, and a BERTScore of 0.752.
These results indicate that KARP offers a significant improvement over the GenQA
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Model BLEU RougeL BERTScore
GenQA [17] 14.6 0.518 0.698

KARP (config 1) 38.3 0.632 0.762
KARP (config 2) 39.4 0.608 0.752
KARP (config 3) 38.9 0.604 0.750

Table 3: Comparison of our three KARP models trained with different hyper-parameter
settings to GenQA [17].

model in the context of answer generation, which we attribute to our specialized fine-
tuning strategy for QA.

3.3 End-to-end Evaluation for Knowledge-Aware Response Planning

In this section, we evaluate KARP in an end-to-end industry-scale scenario.

Experimental Setup We outline the experimental setup to evaluate the end-to-end
performance of KARP in a web-scale scenario, involving tens of millions of web
documents. The configuration allows us to study the scalability and effectiveness of our
approach in a real-world, large-scale setting.

Web Document Collection We constructed a large collection of web data, comprising
documents and passages, to facilitate the development of knowledge retrieval for end-
to-end system evaluation. This resource enables us to assess the impact of our work
in an industry-scale ODQA setting. We selected English web documents from the top
5,000 domains, including Wikipedia, from Common Crawl’s 2019 and 2020 releases.
The pages were split into passages following the DPR procedure [23], limiting passage
length to 200 tokens while maintaining sentence boundaries. This produced a collection
of roughly 100 million documents and 130 million passages. From this, we built (i) a
standard Lucene/Elasticsearch index and (ii) a neural-based DPR index [23].

Web-scale Knowledge Retrieval For each question, we retrieved up to 1,000 docu-
ments/passages using both indexes. We then rank the passages and applied our knowl-
edge retriever to select relevant passages. We used top K = 5 candidates as external
knowledge for a question.

Question Sampling We randomly selected 2,000 questions from WDRASS test set as it
shows to represent natural questions extracted from the Web. In addition, the questions
were also manually labeled.

Baselines We employ GenQA [17] as our main baseline in this experiment. We compare
the performance of our system obtained by our proposed fine-tuning strategy and the
standard fine-tuning (i.e., combining all datasets for finetuning) in a data parity setting.
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Evaluation Metrics We evaluate the performance of the end-to-end QA system using
accuracy metrics, i.e., the percentage of questions that were answered satisfactorily.
Additionally, we define a correct answer as one that must not only be factually accurate,
but also expressed in a natural and fluent manner. Answers that are too verbose or oddly
phrased are considered unsatisfactory.

Performance Comparison The result show in the following table Table 4.

Model Accuracy
TANDA [13] baseline
GenQA [17] +2.20%

KARP → MS MARCO +6.20%
KARP → OKQA +7.40%

Table 4: Relative accuracy of different QA settings: TANDA [13], GenQA [17], and our
proposed frame work for KARP in two data configurations: MS MARCO (data parity)
and OKQA.

Table 4 presents the relative accuracy of different QA settings, including TANDA [13],
GenQA [17], and our proposed KARP with two data configurations: MS MARCO (data
parity) and (robust fine-tuning). From the table, we observe that GenQA outperforms
TANDA by 2.20%. Our proposed KARP model achieves even better results, with a
6.20% increase in accuracy when using the MS MARCO data configuration and a
7.40% increase in accuracy when using OKQAconfiguration. This demonstrates the
effectiveness of our proposed KARP model in various data settings.

4 Related Work

Large Language Models (LLMs) LLMs have transformed NLP technologies with the
advent of the Transformer architecture [57]. Two fundamental pre-training objectives,
Masked Language Modeling (MLM) and Causal Language Modeling (CLM), underpin
the success of these models. MLM, introduced by BERT [10], predicts masked tokens in a
sentence using surrounding context, enabling LLMs to learn bidirectional representations
that excel in various NLP tasks. In contrast, CLM, exemplified by GPT [41], predicts the
next token in a sequence given its preceding context, showing remarkable success in text
generation and other downstream applications [42, 22, 43]. In this paper, we leverage the
CLM architecture for its language generation capabilities to enhance QA performance.

General Question Answering using LLM A standard QA system consists of (i) a re-
trieval engine that returns relevant knowledge and (ii) a model that generates a response
addressing the question, either through selection [52, 70, 13] or abstractive summariza-
tion of the top-selected answers [18, 12, 37]. In particular, recent summarization-based
approaches, e.g., GenQA [18, 12, 37], are highly susceptible to hallucination due to the
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absence of special treatment of irrelevant candidates, which commonly appear among
the top-ranked options. As a result, the generated answer may seem plausible but could
be factually incorrect [20, 76, 75, 64, 58, 54, 47, 46]. Even though its original goal is to
generate more natural answers, GenQA [18, 12, 37] can be considered as a method to
ground LLMs for QA as it decodes an answer from the concatenation of both question
and answer candidates. This approach, however, requires good answer candidates and
careful finetuning to reduce hallucinations.

We propose, instead, a novel generation-based approach that leverages the emerging
language reasoning capabilities of Large Language Models (LLMs) [41] to enhance
quality of generated answers. In particular, KARP is designed to mitigate the reliance
on oracle data by making use of the context, such as all choices in multiple-choice QA,
instead of a correct answer alone, i.e., the correct choice. The experiments demonstrated
that our proposed framework for KARP is highly resilient to noisy input data, and bring
about broader application across different QA tasks.

Fine-tuning Strategies for LLMs Several fine-tuning strategies have been specifically
proposed for large language models (LLMs). These strategies can be broadly categorized
into two groups: architecture-centric and data-centric. (i) Architecture-centric fine-tuning
aims to improve the model’s robustness and adaptability by modifying hyper-parameters
across layers. Gradual unfreezing [16] is one example, involving sequential fine-tuning
of model layers to prevent catastrophic forgetting and better adapt to downstream tasks.
Layer-wise learning rate decay [41] is another example, where different learning rates
are assigned to various layers to enable more refined adaptation to the target task.
(ii) Data-centric fine-tuning, on the other hand, concentrates on leveraging data from
different sources or intermediate tasks to enhance model performance. Sequential fine-
tuning [14, 13] involves training the model on intermediate tasks before the final target
task, improving its performance on the latter. Combining several related datasets for
multi-task fine-tuning has also been shown to improve performance on the target task
[32]. Our work is related to data-centric fine-tuning. In particular, we propose a novel
strategy specifically designed for the question answering context. By leveraging both
external knowledge and intrinsic parametric knowledge of LLMs, our approach aims to
enhance the quality of generated answers in QA tasks.

5 Conclusion

In this paper, we presented a novel framework powered by large language models (LLMs)
for KARP. To that end, we proposed an efficient fine-tuning strategy for KARP that
leverages (i) the emergent language reasoning abilities of LLMs and (ii) general question
answering advances, including modelings and resources. Our experimental results show
that KARP improves the state of the art in general QA tasks and outperforms vanilla
fine-tuning of LLMs in a dataset-parity setting. This research highlights the significance
of leveraging the intrinsic parametric knowledge of LLMs rather than relying solely on
conventional sequence-to-sequence fine-tuning, in order to improve their performance in
question answering tasks.



Efficient Fine-tuning Large Language Models 15

References

1. Bai, Y., Jones, A., Ndousse, K., Askell, A., Chen, A., DasSarma, N., Drain, D., Fort, S.,
Ganguli, D., Henighan, T., et al.: Training a helpful and harmless assistant with reinforcement
learning from human feedback. arXiv preprint arXiv:2204.05862 (2022)

2. Bao, J., Duan, N., Yan, Z., Zhou, M., Zhao, T.: Constraint-based question answering with
knowledge graph. In: Proceedings of COLING 2016, the 26th international conference on
computational linguistics: technical papers. pp. 2503–2514 (2016)

3. Bao, J., Duan, N., Zhou, M., Zhao, T.: Knowledge-based question answering as machine
translation. In: Proceedings of the 52nd Annual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers). pp. 967–976 (2014)

4. Bird, S., Klein, E., Loper, E.: Natural language processing with Python: analyzing text with
the natural language toolkit. ” O’Reilly Media, Inc.” (2009)

5. Callison-Burch, C., Osborne, M., Koehn, P.: Re-evaluating the role of Bleu in machine
translation research. In: 11th Conference of the European Chapter of the Association for
Computational Linguistics. pp. 249–256. Association for Computational Linguistics, Trento,
Italy (Apr 2006)

6. Chen, D., Fisch, A., Weston, J., Bordes, A.: Reading wikipedia to answer open-domain
questions. arXiv preprint arXiv:1704.00051 (2017)

7. Chen, D., Yih, W.t.: Open-domain question answering. In: Proceedings of the 58th annual
meeting of the association for computational linguistics: tutorial abstracts. pp. 34–37 (2020)

8. Clark, P., Etzioni, O., Khot, T., Sabharwal, A., Tafjord, O., Turney, P., Khashabi,
D.: Combining retrieval, statistics, and inference to answer elementary science ques-
tions. Proceedings of the AAAI Conference on Artificial Intelligence 30(1) (Mar 2016).
https://doi.org/10.1609/aaai.v30i1.10325

9. Cuturi, M.: Sinkhorn distances: Lightspeed computation of optimal transport. Advances in
neural information processing systems 26 (2013)

10. Devlin, J., Chang, M.W., Lee, K., Toutanova, K.: BERT: Pre-training of deep bidirectional
transformers for language understanding. In: Proceedings of the 2019 Conference of the North
American Chapter of the Association for Computational Linguistics: Human Language Tech-
nologies, Volume 1 (Long and Short Papers). pp. 4171–4186. Association for Computational
Linguistics, Minneapolis, Minnesota (Jun 2019). https://doi.org/10.18653/v1/N19-1423

11. FitzGerald, J.G.M., Ananthakrishnan, S., Arkoudas, K., Bernardi, D., Bhagia, A., Bovi, C.D.,
Cao, J., CHADA, R., Chauhan, A., Chen, L., Dwarakanath, A., Dwivedi, S., Gojayev, T.,
Gopalakrishnan, K., Gueudre, T., Hakkani-Tür, D., Hamza, W., Hueser, J., Jose, K.M., Khan,
H., Liu, B., Lu, J., Manzotti, A., Natarajan, P., Owczarzak, K., Oz, G., Palumbo, E., Peris,
C., Prakash, C.S., Rawls, S., Rosenbaum, A., Shenoy, A., Soltan, S., Harakere, M., Tan,
L., Triefenbach, F., Wei, P., Yu, H., Zheng, S., Tur, G., Natarajan, P.: Alexa teacher model:
Pretraining and distilling multi-billion-parameter encoders for natural language understanding
systems. In: KDD 2022 (2022)

12. Gabburo, M., Koncel-Kedziorski, R., Garg, S., Soldaini, L., Moschitti, A.: Knowledge transfer
from answer ranking to answer generation. In: Proceedings of the 2022 Conference on Empir-
ical Methods in Natural Language Processing. pp. 9481–9495. Association for Computational
Linguistics, Abu Dhabi, United Arab Emirates (Dec 2022)

13. Garg, S., Vu, T., Moschitti, A.: Tanda: Transfer and adapt pre-trained transformer models for
answer sentence selection. Proceedings of the AAAI Conference on Artificial Intelligence
34(05), 7780–7788 (Apr 2020). https://doi.org/10.1609/aaai.v34i05.6282
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