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Abstract

Large language models (LLMs) augmented
with retrieval systems have significantly ad-
vanced natural language processing tasks by
integrating external knowledge sources, en-
abling more accurate and contextually rich re-
sponses. To improve the robustness of such
systems against noisy retrievals, Retrieval-
Augmented Fine-Tuning (RAFT) has emerged
as a widely adopted method. However, RAFT
conditions models to generate answers even
in the absence of reliable knowledge. This
behavior undermines their reliability in high-
stakes domains, where acknowledging un-
certainty is critical. To address this issue,
we propose Divide-Then-Align (DTA), a post-
training approach designed to endow RAG
systems with the ability to respond with "I
don’t know" when the query is out of the
knowledge boundary of both the retrieved
passages and the model’s internal knowledge.
DTA divides data samples into four knowledge
quadrants and constructs tailored preference
data for each quadrant, resulting in a curated
dataset for Direct Preference Optimization
(DPO). Experimental results on three bench-
mark datasets demonstrate that DTA effectively
balances accuracy with appropriate abstention,
enhancing the reliability and trustworthiness of
retrieval-augmented systems. Code is available
at: https://anonymous.4open.science/r/Divide-
Then-Align

1 Introduction

Large language models (LLMs) have achieved re-
markable success across various NLP tasks (Rad-
ford et al., 2019; Brown et al., 2020; Bubeck et al.,
2023; OpenAl, 2022). However, these models are
constrained by their pretraining knowledge, which
may become outdated or insufficient for domain-
specific queries (Jiang et al., 2023; Shuster et al.,
2021). Retrieval-Augmented Generation (RAG)
(Izacard and Grave, 2021; Lewis et al., 2020) ad-
dresses this limitation by combining LLMs with
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Figure 1: Knowledge Boundary of RAG. A query can be
divided into four quadrants based on the model’s para-
metric knowledge boundary (KBparam) and the knowl-
edge boundary of the retrieval passages (KB,). The
queries that fall into XX should be answered with "I
don’t know" instead of generating potentially hallucina-
tory answers.

retrieval systems that access external knowledge
sources (Pasca, 2019; Jin et al., 2019) to provide
more accurate and contextually rich responses.

Despite its promise, RAG faces significant chal-
lenges due to the limitations of current retrieval
systems. In practice, retrieval systems often fail to
return entirely accurate passages, resulting in noisy
contexts that can contain irrelevant, conflicting, or
misleading information (Yoran et al., 2024; Fang
et al., 2024; Cuconasu et al., 2024). Yoran et al.
(2024); Fang et al. (2024); Liu et al. (2024b) pro-
pose Retrieval-Augmented Fine-Tuning (RAFT)
to mitigate this issue, which involves fine-tuning
LLMs with a combination of retrieved contexts,
both relevant and noisy, encouraging the models to
learn robustness to noisy inputs.

While RAFT has shown improvements in model
performance, it introduces a critical drawback:
RAFT conditions the model to answer questions
even when the retrieved contexts are entirely
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noisy. This behavior poses a significant risk for
deploying LLMs in real-world applications, partic-
ularly in high-stakes domains like medical (Raja
et al., 2024), legal (Reji et al., 2024), and financial
(Yepes et al., 2024) fields. As shown in Figure 1,
the knowledge boundary of RAG systems is the
union of the model’s parametric knowledge bound-
ary and the retrieval knowledge boundary. When
faced with queries for which neither the model’s
parametric knowledge contains sufficient infor-
mation to answer the query (X), nor can useful
information be found in the retrieved passages
(¥), an ideal LLM should respond with "I don’t
know'' instead of generating potentially halluci-
natory answers. However, our experiments reveal
that RAFT models do not have this critical ability.
Even when explicitly prompted to respond with "I
don’t know". In such scenarios, the models tend
to overfit to the training paradigm and generate
hallucinatory answers.

To address this limitation, we propose Divide-
Then-Align (DTA), a systematic post-training ap-
proach to enhance RAFT models. DTA operates
in two key stages: @ Divide: First, we divide
data samples from three benchmark datasets (Natu-
ral Questions, TriviaQA, and WebQuestions) into
four quadrants based on whether the answers lie
within the LLM’s parametric knowledge boundary
and the retrieval knowledge boundary. This divi-
sion is crucial as different knowledge quadrants
require distinct strategies for preference data con-
struction. @ Align: For each category, we carefully
construct preference data by specifying appropri-
ate chosen and rejected responses based on the
knowledge boundary division. This results in a
curated training set of 10,000 preference samples.
We then employ Direct Preference Optimization
(DPO) (Rafailov et al., 2024) to endow the model
with the ability to acknowledge uncertainty with
"I don’t know" responses while maintaining the
high accuracy achieved through RAFT training.
To rigorously evaluate our approach, we develop a
comprehensive knowledge quadrants based eval-
uation framework with nine metrics that assess
both the model’s overall performance and its ability
to abstain from answering when queries fall outside
both knowledge boundaries. Through careful anal-
ysis across different quadrants, we demonstrate the
effectiveness of our approach in balancing accuracy
with principled abstention behavior.

Our contributions can be summarized as follows:

® Problem Identification: We first divide the RAG
samples into four quadrants based on whether
the answers lie within the LLM’s parametric
knowledge boundary and the retrieval knowledge
boundary. And we find that the RAFT model
is not able to abstain from answering when the
rag sample is out of both the LLM’s parametric
knowledge boundary and the retrieval knowledge
boundary.

® Proposed Solution: We propose DTA, a system-
atic approach that constructs quadrant-specific
preference data (10,000 samples) and leverages
DPO to enable principled abstention behavior
while preserving model performance.

® Experimental Validation: We evaluate our
method on three widely used datasets, demon-
strating its effectiveness in improving model reli-
ability and trustworthiness.

2 Preliminary

2.1 Knowledge Boundary of RAG

Let D denote the knowledge corpus. Letr : Q —
‘P be the retrieval function that maps a query g to
relevant passages P C D, where Q is the query
space and P is the passage space. We use M : Q X
P — A to represent the LLM function that takes
both the query and passages as input and generates
an answer from the answer space .A. Let golden :
Q — A be the function that maps a query to its
ground truth answer, which represents the correct
response that should be generated for the query.
Let C' (M (q, P)) denote the correctness evaluation
function.

For honest alignment of RAG systems, it’s cru-
cial to determine whether a query q lies within or
outside the system’s knowledge boundary KB, ;.
Ideally:

* If g € KB;4g, the model should generate the
correct answer other than IDK.

* If q ¢ KB,4, the model should abstain from
answering.

2.2 Knowledge Quadrants

To better evaluate the knowledge boundary of RAG
systems, we consider that KB, is composed
of two fundamental components: the parametric
knowledge boundary of the LLM (KBparam) and
the knowledge boundary of the retrieval passages
(KB,.). Formally:



KBparam = {q € Q| C(M(q,0)) = True} (1)
KB, ={qe Q|3Ipecr(q:
contains(p, golden(q)) = True}  (2)

The overall knowledge boundary of the RAG
system can be characterized as:

KBrag = KBparam UKB;

This formulation captures that a query can be an-
swered correctly if it falls within either the model’s
parametric knowledge or can be answered using
retrieved information.

Then we can divide the samples into quadrants
based on KBparam and

Vv : ¢ € KBparam N KB,
vX :q € KBparam \ KB,
Xv :q e KB, \ KBparam
Xx :q ¢ KBparam U KB,

The details of the description of the four quad-
rants can be found in the Appendix A.

3 Methodology

3.1 Knowledge Quadrants Division

To divide queries into the four knowledge quadrants
defined in Section 2, we need to determine whether
a query q belongs to KBparam and/or KB,.. We
use three widely-used question answering datasets:
Natural Questions (Kwiatkowski et al., 2019a),
TriviaQA (Joshi et al., 2017a), and WebQuestions
(Berant et al., 2013a).

Determining ¢ € KBp.ram To determine whe-
ther a query lies within the model’s parametric
knowledge boundary (¢ € KBparam), we sample
N answers {aj,...,an} from the model without
any retrieved context by evaluating C'(M(q,0))
with different random seeds. If the proportion
of correct answers in these N samples exceeds
a threshold

% 1[C(a;) = True] > §

=1

0=

we consider ¢ € KBparam (V). Otherwise, we
consider ¢ ¢ KBparam (X).

To determine whether a response is correct,
we directly using lexical matching, which checks
whether the golden answers appear in the responses
gnerated by the model. According to the results
shown in (Wang et al., 2024), applying lexical
matching yields a consisitency rate of approxi-
mately 90% when compared to human evaluation.
Therefore, we deem the lexical matching to be
a good enough way to determine whether the re-
sponse is correct.

Determining ¢ € KB, To determine whether a
query lies within the retrieval knowledge boundary
(¢ € KB,), we use GPT-40 (gpt-40-2024-08-06)
to evaluate whether the retrieved passages contain
or directly imply the correct answer. We prompt
GPT-40 with a specialized evaluation prompt (see
Appendix F) that returns a binary score indicating
whether the context sufficiently supports the an-
swer. If GPT-40 determines the context contains or
implies the correct answer (score = 1), we consider
q € KB, (v). Otherwise, we consider ¢ ¢ KB,
().

3.2 Preference Data Construction

Based on the knowledge quadrants, we construct
preference data for each quadrant as follows:

For v/, we can directly use the ground truth as
the chosen response and use IDK as the rejected
response.

For ¢/ X samples, we select the ground truth as

the chosen response, while constructing two types
of rejected responses: (1) incorrect answers gener-
ated by the LLM when exposed to noisy context,
demonstrating the model’s vulnerability to noisy in-
formation; and (2) "I don’t know" responses, which
are overly conservative given the model’s inherent
knowledge.

For X+ samples, the ground truth serves as the
chosen response, paired with three categories of
rejected responses: (1) incorrect answers result-
ing from the model’s failure to utilize the golden
information in the context; (2) incorrect answers
generated by the LLM without any context to sup-
press the wrong parametric knowledge; and (3) "I
don’t know" responses, which indicate an inability
to leverage available context.

For XX samples, where neither source contains
reliable information, we designate "I don’t know"
as the chosen response. The rejected responses
comprise: (1) incorrect answers generated by the
LLM without any context, (2) incorrect answers
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Figure 2: The pipeline of knowledge quadrants division and preference dataset construction. GT denotes the ground
truth answer; IDK represents “I don’t know” response; WA1 and WA?2 are wrong answers generated by the LLM
(WA = Wrong Answer); “If Wrong” indicates the condition where the model generates an incorrect response.
The symbol “>” indicates a preference relationship where the left option is preferred over the right option. The
preference construction (right) shows how different response types (GT, IDK, WA1, WA2) are ranked based on the
knowledge quadrant the query falls into. KBparam means the LLM’s parametric knowledge boundary and KB,

means the retrieval knowledge boundary.

generated by the LLM with noisy context, and (3)
the ground truth itself, as generating correct an-
swers without supporting evidence may encourage
unfounded speculation.

I don’t know Response Our refusal to answer
template is:

This question is beyond the scope of my
knowledge and the references. I don’t know
the answer.

We use "I don’t know" to refer to this template
in the paper.

3.3 Post training using DPO

In this section, we introduce how to post-train the
RAFT model to enable it with the ability to abstain
from answering.

After the preference data is constructed, we em-
ploy a multi-objective training approach combining
three different losses.

DPO Loss We utilize the standard DPO loss to
learn from preference pairs of chosen and rejected
responses. This helps the model learn to distin-

guish between preferred and non-preferred outputs.
Given a chosen response y. and a rejected response
y, for a query ¢ and retrieved context r(q), the
DPO loss is defined as:

Lppo = —logo(7(re(q,r(q), ye) — 10(q,7(q),yr))) (3)

where 79(q,7(q),y) represents the log probabil-
ity of generating response y given query g and
retrieved context r(q) under the model parameters
0, T is the temperature parameter, and o is the
sigmoid function. Note that this reward score is de-
rived from the same language model being trained,
eliminating the need for a separate reward model.

SFT Loss Our empirical observations show that
DPO training tends to focus on reducing rejected
response rewards rather than improving the quality
of the chosen response. To address this limitation,
we incorporate supervised fine-tuning loss on the
chosen responses to explicitly enhance the model’s
ability to generate preferred outputs:

T

Lser = — Y _logpo(ytla. r(a),vs") (@)
t=1

where y! represents the ¢-th token of the chosen
response, and 7T is the length of the response.



Knowledge Quadrant Classification Loss We
add a value head on top of the last token’s hidden
state to predict which knowledge quadrant (0-3) a
query belongs to. This classification task serves as
an auxiliary objective that helps the model develop
better awareness of its knowledge boundaries and
improve its ability to determine when to abstain
from answering. The classification loss is defined

as:
3

Lelass = — Z yx log pg(k | Q) (%)
k=0
where ¥y, is the one-hot encoded ground truth la-
bel for the knowledge quadrant, and py(k|q) is the
predicted probability for quadrant k.
The final training objective is a weighted combi-
nation of these three losses:

Liotal = Lpro + BESFT + ')/ﬁclassa (6)

where 3, and +y are hyperparameters controlling the
contribution of each loss component.

4 Experiments

4.1 Datasets

We evaluate our approach on three standard open-
domain question answering datasets: Natural Ques-
tions (NQ) (Kwiatkowski et al., 2019b), TriviaQA
(Joshi et al., 2017b), and WebQuestions (WebQ)
(Berant et al., 2013b). For each dataset, we fol-
low the setting of (Fang et al., 2024) and employ
the retrieval model DPR (Karpukhin et al., 2020)
as our retriever, which retrieves 3 passages from
wikipedia for each query.

To evaluate the model’s ability to make appropri-
ate abstentions, we also divide each sample in the
test sets into four quadrants based on knowledge
boundaries(V'v/, ¥V X, Xv/, XX). The details the
test set are presented in Appendix D.

4.2 Baselines

We evaluate our approach against three categories
of baselines: (1) RAFT models that focus on han-
dling retrieval noise (RAAT (Fang et al., 2024),
Ret-Robust (Yoran et al., 2024), ChatQA (Liu
et al., 2024b)), (2) calibration-based methods that
detect potential hallucinations (P(True) (Kadavath
et al., 2022), Logits (Guerreiro et al., 2023)) and
(3) two widely-used baselines like in-context learn-
ing (ICL (Wei et al., 2022)) and self-Consistency
(Wang et al., 2022). Details of these baselines can
be found in Appendix C and G.2.

4.3 Evaluation Metrics

To systematically evaluate the performance of our
method, we propose a comprehensive evaluation
framework based on the knowledge quadrant di-
vision. The framework consists of four main as-
pects: Overall Quality (OQ), Answer Quality (AQ),
Retrieval Handling (RH), and Abstention Quality
(AbQ). Across these aspects, we define 9 distinct
metrics that thoroughly assess different dimensions
of model performance. The details and formula-
tions of these metrics are presented in Table 1.

4.4 Main Results

Main experimental results are shown in Table 2.
Our post-training strategy DTA achieves the best
performance on three llama architectures. Notably,
it achieves Acc (64.1, 64.8, 65.5), F1 (64.6, 66.6
65.8), AF1(63.3, 59.9, 64.7), surpassing baseline
methods by significant margins. Critically, DTA
uniquely balances robust answer generation with
precise abstention, addressing a key limitation of
existing approaches.

While RAFT variants (RAAT, Ret-Robust,
ChatQA) can improve answer quality of base
model, they uniformly fail to abstain properly. As
designed, RAFT models effectively enhance the
model answer quality. In addition, following its
training approach, RAAT did a good job of using
golden contexts to generate correct answers. Ret-
Robust can resist the most noisy retrieval and gen-
erate high-quality responses using model’s knowl-
edge. However, they all struggle with abstain qual-
ity. In both RAAT and Ret-Robust, none of the
test queries can be abstained. ChatQA has the abil-
ity to refrain from some queries, but the quality
is far from satisfactory. Post-hoc techniques, in-
cluding two calibration methods (P(true), Logits)
and consistency, are applied to RAFT models to
enhance abstain quality but impair the ability to
use model knowledge. And their answer quality is
also affected, which is not good for the overall per-
formance. ICL only improves the abstain quality
when the RAFT model has the ability to abstain,
but the improvement is not significant.

In stark contrast, DTA achieves highest AF1 with-
out compromising answer quality. DTA did this by
structurally aligning model behavior with knowl-
edge boundaries, enabling reliable and self-aware
QA systems. However, our method falls short in
terms of the DR and CUR metrics, which is related
to the trade-off with abstention. When appropri-



Category | Metric | Formula | Description
Overall
Quali ty Accuracy |Vﬁ(|l‘// Uu‘l// L:xx )LQ()‘QX ‘ Ratio of correct answers plus proper abstentions to total queries
v . S
‘ Recall ‘ ‘ ‘T/(VU‘;VU;X ‘ ) Ratio of correct answers to all queries in KBrag
Answer
.. VNV VUV XUXV)) .
Quality ‘ Precision ‘ VX Ratio of correct answers to attempted answers
‘ Fl ‘ 2-Prec-Rec The hs : an of ision and recall
Prec T Rec ‘ e harmonic mean of precision and reca
. VYV X e . .
Retrieval ‘ Denoise Rate ‘ 7“/ | Ability to ignore noisy retrieval
Handling v
‘ Context Utilization Rate ‘ ‘ \;x| l ‘ Ability to utilize golden information
‘ Abstain Recall ‘ ‘O‘;x‘ l ‘ Ratio of correct abstentions to all queries in X'
Abstain
Quality ‘ Abstain Precision ‘ % ‘ Ratio of correct abstentions to all abstentions

Abstain F1

2:-AbPrec-AbRec
AbPrec+AbRec

The harmonic mean of abstain precision and abstain recall

Table 1: Evaluation Metrics based on the knowledge quadrant division. Let # denote correct answers, ¥ denote
incorrect answers, and O denote abstentions ("I don’t know" responses). For any category (e.g., V' X), |¥ NV X|

represents the count of correct answers within the /X category.

ately enhancing the model’s abstention capability
to promote the growth of overall quality, a signifi-
cant portion of the /X and X+ data is also rejected.
On the contrary, a significant reduction in the pro-
portion of XX during training leads to a notable
surge in both DR and CUR scores. Further discus-
sion is shown in hyperparamter experiments.

An interesting observation is that the Original
LLM achieves remarkably high DR scores. While
RAFT models are specifically trained to utilize
context and rely more heavily on retrieved passages
for generating answers, recent research (Tan et al.,
2024; Bi et al., 2024) suggests that base models
tend to prioritize their parametric knowledge while
being less dependent on provided context. Since
all contexts in the DR category are noisy, excessive
reliance on context would only lead to degraded
performance.

To better understand the impact of knowledge
quadrant division, we conducted experiments using
single knowledge boundaries (KB, or KBparam)
instead of the full quadrant approach. For these
experiments, we used ground truth answers when
queries fell within the knowledge boundary and
abstention responses when queries fell outside it,
while keeping all other hyperparameters identical
to DTA. As shown in Table 4, using single knowl-
edge boundaries led to notably worse performance
across metrics, demonstrating the importance of
our fine-grained quadrant-based approach for prop-
erly modeling RAG system knowledge boundaries.

4.5 Ablation Study

We conducted comprehensive ablation experiments
to analyze the contribution of each component in
our DTA framework based on the DTA results of
RAAT. The results in Table 3 demonstrate the im-
portance of each component from multiple aspects:

Training Objectives Without DPO loss, the
model shows significantly degraded performance
in answer quality (Rec drops from 63.7% to 38.8%)
while maintaining high abstention rates (ARec:
78.6%). However, the abstain precision decreases
substantially from 61.7% to 43.1%. This indicates
that although the RAG system learns to abstain, it
becomes overly cautious and lacks confidence in
answering queries that it should be able to handle.
Without SFT loss, the model exhibits a dramatic
decline in overall quality (Acc drops from 63.7%
to 38.8%) and severely degraded abstention quality
(AF1 drops from 63.3% to 6.7%). These results
validate our hypothesis that the SFT loss plays a
crucial role in teaching the model how to make ab-
stention. The removal of classification loss shows
relatively minor impact across metrics, with slight
decreases in both answer quality (F1 drops from
64.6% to 63.4%) and abstention quality (AF1 drops
from 63.3% to 62.6%). This suggests that while
knowledge quadrant classification serves as a help-
ful auxiliary task, it is not critical to the model’s
core capabilities.



0Q AQ RH ADbQ

Model Name Acc Rec Prec Fl DR CUR ARec APrec AFI
Llama-2-7b

Original 422 64.1 422 509 858 499 0.00 0.00 0.00

RAAT 46.2 170.2 462 557 763 61.7 0.00 0.00 0.00

+ P(true) 45.0 650 46.0 53.8 689 574 6.71 32.1 11.0

+ Logits 492 588 505 543 69.8 470 30.9 45.1 36.6

+ Consistency | 51.4 69.0 50.7 58.5 82.1 58.8 16.3 584 254

+ ICL 46.8 712 468 56.5 844 602 0.00 0.00 0.00

+ DTA 64.1 6377 655 64.6 689 528 65.0 61.7 63.3
Llama-2-13b

Original 48.1 663 48.1 558 82.1 40.7 0.00 0.00 0.00

Ret-Rrobust 51.6 71.0 51.6 59.8 90.0 44.5 0.00 0.00 0.00

+ P(true) 509 56.0 585 572 748 29.7 375 33.6 354

+ Logits 53.6 70.0 53.6 60.7 879 434 10.0 529 169

+ Consistency | 53.9 71.8 54.0 61.7 89.6 464 6.30 52.5 11.2

+ ICL 520 71.6 52.0 603 89.1 46.6 0.00 0.00 0.00

+ DTA 648 679 653 66.6 76.8 455 56.7 63.5 59.9
Llama-3-8b

Original 439 620 439 514 76.0 420 0.00 0.00 0.00

ChatQA 46.1 609 450 51.8 545 46.8 10.2 71.8 17.8

+ P(true) 50.1 452 556 499 462 29.1 619 42,6  50.5

+ Logits 46.6 578 46.8 51.7 51.0 4438 19.3 449 27.0

+ Consistency | 46.5 61.0 46.7 529 587 46.6 11.3 440 18.0

+ ICL 433 550 414 472 503 40.7 15.1 754 25.1

+ DTA 655 645 67.2 658 628 489 679 61.8 64.7

Table 2: Main results on the benchmark consisting of three datasets.

0OQ: Overall Quality (Acc: Accuracy);

AQ: Answer Quality (Rec: Recall, Prec: Precision); RH: Retrieval Handling (DR: Denoise Rate, CUR: Context
Utilization Rate); AbQ: Abstain Quality (ARec: Abstain Recall, APrec: Abstain Precision, AF1: Abstain F1).

Knowledge Boundary Components Removing
v/ samples from training leads to decreased per-
formance across all metrics, particularly in context
utilization (CUR drops to 43.9%), highlighting the
importance of learning from samples where correct
information is available in the context. Without
v/ X samples, the model shows reduced ability to
handle retrieved information (DR: 47.9%), indicat-
ing that exposure to noisy samples during train-
ing is crucial for developing robust retrieval han-
dling capabilities. Without X+ samples, the model
shows an interesting trade-off: while the denoise
rate (DR) improves to 72.1%, the context utiliza-
tion rate (CUR) drops to 45.6%. This suggests that
without training on samples where the model needs
to rely on retrieved context, it becomes overly con-
servative with retrieval usage, preferring to rely on

its parametric knowledge even when helpful con-
text is available. This leads to degraded overall
accuracy (58.6%), highlighting the importance of
these samples for teaching the model when to effec-
tively leverage retrieved information. Without ¥
samples, the model completely loses its abstention
capability (AbQ metrics all 0.0) while showing
artificially high recall (73.3%) and DR (84.5%),
indicating that training with examples where ab-
stention is appropriate is essential for developing
proper abstention behavior.

Wrong Answer Types The impact of removing
wrong answer types (w/o WA1, w/o WA?2) reveals
an interesting trade-off in model behavior. Without
the suppression of wrong answers, the model be-
comes more inclined to generate responses rather
than abstain, leading to higher recall (68.8% for



| 0Q AQ RH AbQ
Model Name ‘ Acc Rec Prec Fl DR CUR ARec APrec AFI1
DTA ‘ 64.1 6377 655 646 689 528 65.0 61.7 633
w/o DPO 524 388 67.8 494 521 287 786 43.1 557
w/o SFT 37.1 546 36.5 438 589 452 350 76.6 6.7
w/o CLS 63.1 635 633 634 639 536 624 62.7 62.6
wlo v/ 570 546 59.0 56.7 57.1 439 615 539 575
wlo v/ 61.7 534 673 595 479 445 717 557 649
w/o X 586 585 59.8 59.1 721 456 58.7 56.5 57.6
w/o X 48.2 733 482 582 845 640 0.00 0.00 0.00
w/o WAL 61.8 68.8 59.0 635 753 58.8 484 712 57.6
w/o WA2 61.5 662 59.1 624 685 564 524 68.2 593
w/o WATUWA2 | 58.2 685 53.8 603 71.7 594 385 80.6 52.1
Table 3: Ablation results.
| 0Q AQ RH AbQ
Knowledge Boundary ‘ Acc Rec Prec F1I DR CUR ARec APrec AFI1
DTA 64.1 6377 655 646 689 528 650 61.7 633
KB, 589 494 629 553 434 417 773 547  64.1
KBparam 458 326 426 369 393 231 71.1 49.0 58.0

Table 4: Experimental results on different knowledge boundary.

w/o WAL, 66.2% for w/o WA2) and improved re-
trieval handling metrics. However, this increased
response rate comes at the cost of precision, drop-
ping from 65.5% to around 59%, as the total num-
ber of attempted answers grows significantly. The
model’s abstention capability is also compromised,
with lower abstention recall but higher abstention
precision, indicating more conservative use of "I
don’t know" responses. These results demonstrate
that wrong answer samples play a crucial role in
training by helping the model establish appropri-
ate decision boundaries between answering and
abstaining, ultimately contributing to better overall
performance when both types are included.

4.6 Hyperparameter

Experiments are conducted on preference dataset
size, multi-objective loss weights and IDK-ratio for
the preference dataset. The experimental results
are shown in Appendix E.

5 Conclusion

In this paper, we propose a novel framework
for honest alignment of retrieval-augmented lan-

guage models based on knowledge boundary quad-
rants. We first identify that the knowledge bound-
ary of RAG systems consists of two fundamental
components: the parametric knowledge boundary
(KBparam) and the retrieval knowledge boundary
(KB,.). Based on this insight, we divide RAG sam-
ples into four knowledge quadrants. To address the
critical limitation of RAFT models regarding their
inability to abstain from answering when queries
fall outside both knowledge boundaries (XX), we
construct a comprehensive preference dataset that
captures the desired behavior for each quadrant.
Using this dataset, we employ DPO training with
a multi-objective approach combining DPO loss,
SFT loss, and knowledge quadrant classification
loss to align the model’s behavior with the knowl-
edge boundary constraints. Furthermore, we in-
troduce a systematic evaluation framework with 9
metrics to assess both response quality and absten-
tion capabilities. Experiments conducted on three
benchmark datasets demonstrate that our approach
effectively improves the model’s ability to make
appropriate abstention decisions while maintaining
strong performance on answerable queries.



Limitations

While our work presents a promising approach for
honest alignment of RAG systems, following limi-
tations should be noted:

Knowledge Boundary Determination Our
method for determining whether a query belongs to
KBparam relies on sampling from the base model
without context, which is used by a lot of previ-
ous works (Xu et al., 2024a; Cheng et al., 2024).
However, this approach may not perfectly capture
the true parametric knowledge boundary, as model
performance can vary across different prompting
strategies. And we think this is a potential research
direction for future work.

Specific Domain : Our evaluation focuses on
three general-domain open QA datasets (NQ, Triv-
1aQA, WebQ). While these datasets provide a good
foundation for testing, they may not fully repre-
sent the challenges and nuances specific to special-
ized domain applications. The effectiveness of our
approach in highly specialized domains requires
further investigation.

Ethical Considerations

Our work improves the refusal capability of RAG
systems to reduce the risk of generating harmful or
incorrect information. Nevertheless, the model may
still produce low-quality or hallucinated responses,
when faced with ambiguous or out-of-distribution
queries. Additionally, since our model has not
undergone safety alignment, it may still generate
inappropriate content when faced with adversarial
or malicious queries.
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A The Details of the Knowledge
Quadrants

vV represents the most ideal but trivial scenario,
where both the model’s parametric knowledge and
retrieved passages contain the correct information.

v X occurs when ¢ € KBparam but ¢ ¢ KB,
indicating that while the model has the necessary
parametric knowledge, the retriever fails to find
relevant passages. In such cases, retrieval is unnec-
essary and the model should rely on its parametric
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knowledge. Many adaptive RAG methods (Jeong
et al., 2024; Asai et al., 2024) focus on identifying
and handling this scenario.

X/ represents the core scenario that RAG sys-
tems are designed to handle, where ¢ € KB, but
q¢ ¢ KBparam. Here, while the model lacks the
necessary parametric knowledge, the retrieved pas-
sages contain the correct information. However,
even with the correct information present in the
retrieved passages, the model may fail to utilize it
effectively due to issues such as "lost in the middle"
(Liu et al., 2024a).

RAFT acctually enhances the RAG system’s an-
swer accuracy across both /X and X+ scenarios
by addressing their distinct challenges: For ¢/
RAFT teaches the model to rely on its parametric
knowledge when retrieved passages are noisy. For
Xv: RAFT helps the model better utilize infor-
mation from retrieved passages. So the RAFT get
some emprical success in a some previous work
(Fang et al., 2024; Yoran et al., 2024; Zhang et al.,
2024b; Liu et al., 2024b).

In the XX case (¢ ¢ KBparam U KB;), neither
the model’s parametric knowledge nor the retrieved
passages contain the correct information. In such
case, the model should ideally abstain from answer-
ing to maintain faithfulness and avoid hallucination.
However, current RAFT-trained models are condi-
tioned to always generate an answer, even when
the query is out of KB,,s. This leads to an overly
aggressive response pattern that prioritizes answer
generation over honesty, potentially producing mis-
leading or entirely fabricated responses. While
RAFT approaches may improve surface-level met-
rics like answer accuracy, it fundamentally compro-
mises the system’s reliability and trustworthiness.
In this work, we specifically focus on addressing
this critical gap by developing methods that enable
models to recognize when a query falls outside
of KB, and appropriately respond with "I don’t
know". This capability is essential for deploying
RAG systems in high-stakes applications where the
cost of hallucination and misinformation can be
severe.

B Related works

B.1 Retrieval-Augmented Generation

RAG (Lewis et al., 2020; Borgeaud et al., 2022;
Izacard and Grave, 2021; Zhang et al., 2024b) is
a widely adopted paradigm for augmenting large
language models (LLMs) with external knowledge.
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By integrating a retrieval system, RAG enables
models to access and utilize external knowledge
sources during generation, overcoming the limita-
tions of static, parameterized knowledge in LLMs.
This approach has shown significant promise in
tasks requiring factual accuracy, domain-specific
knowledge (Zhang et al., 2024b), and up-to-date
information (Li et al., 2024). Despite its advan-
tages, the effectiveness of RAG heavily depends
on the quality of the retrieved passages. Current re-
trieval systems often fail to guarantee complete rel-
evance, introducing noisy contexts into the genera-
tion process. To address this challenge, Retrieval-
Augmented Fine-Tuning (RAFT) (Zhang et al.,
2024b; Fang et al., 2024; Liu et al., 2024b) has
been proposed. RAFT fine-tunes models with a
mixture of retrieved contexts, including both clean
and noisy passages, encouraging robustness to im-
perfect retrieval results.

However, RAFT-trained models exhibit a crit-
ical limitation: they are conditioned to answer
queries even when provided with entirely noisy
contexts. This over-reliance on retrieved informa-
tion increases the risk of generating hallucinated
or misleading responses, especially in high-stakes
applications. Our work builds on this understand-
ing by addressing the overlooked issue of enabling
RAFT-trained models to acknowledge uncertainty
and respond with “I don’t know” when appropriate.

B.2 Honest Alignment in Large Language
Models

Honesty is a foundational principle in aligning
large language models (LLMs) with human val-
ues. It requires models to accurately express their
knowledge, recognize their limitations, and avoid
misleading users when uncertain. Honesty encom-
passes two critical components: self-knowledge
and self-expression. Self-Knowledge refers to
the model’s ability to discern what it knows and
doesn’t know, enabling it to explicitly admit uncer-
tainty (e.g., responding “I don’t know”) when nec-
essary. This capability is crucial for mitigating hal-
Iucinations and ensuring model reliability in high-
stakes applications. Current methods to improve
self-knowledge include: Training-free approaches:
These leverage predictive probabilities (Duan et al.,
2024), prompting strategies (Zhou et al., 2023; Ka-
davath et al., 2022; Zhao et al., 2024) (e.g., Chain-
of-Thought reasoning), and sampling/aggregation
techniques to elicit calibrated confidence from mod-
els (Tian et al., 2023; Guo et al., 2017; Xiong et al.,
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2024). While effective in some contexts, these
approaches often struggle with free-form genera-
tion and require significant computational overhead.
Training-based approaches: Methods such as super-
vised fine-tuning and reinforcement learning aim
to teach models to abstain from answering uncer-
tain queries or provide confidence scores alongside
responses (Yang et al., 2023; Zhang et al., 2024a;
Jiang et al., 2024; Zhou et al., 2023; Gao et al.,
2024; Xu et al., 2024b; Stengel-Eskin et al., 2024).
However, these works only consider the LLM’s
parametric knowledge boundary, and ignore the
knowledge boundary of the retrieval system.

Our work builds on these foundations, endow-
ing the retrieval-augmented models with the ability
to acknowledge uncertainty under noisy contexts
based on the preference training on the four knowl-
edge quadrants.

Comparison with the existing works: Most of
the current raft work (Yoran et al., 2024; Fang et al.,
2024; Liu et al., 2024b) and rag work (Asai et al.,
2023; Lewis et al., 2020) try to improve the model’s
ability on the accuracy of response and ignore the
faithfulness of the response. And we have shown
that the success of the current raft work is built
on the sacrifice of the faithfulness of the response.
The model actually becomes an aggressively om-
niscient model. Cheng et al. (2024); Feng et al.
(2024); Xu et al. (2024a) align the model to abstain
when the model can not answer the query. These
work actually only focus on the knowledge bound-
ary of the LLM itself. But in the RAG scenario, the
knowledge boundary is actually the combination
of the LLM knowledge boundary and the retrieval
knowledge boundary. Song et al. (2024); Thakur
et al. (2024) align the model to refuse answer when
the retrieved passages are noisy. But they ignore the
knowledge boundary of the LLM itself. Our work
is the first work that simultaneously considers
the knowledge boundary of the LLM itself and
the retrieval knowledge boundary and aligns the
model to refuse answer only when the query is out
of the both knowledge boundaries.

C Baseline Methods

We compare our approach against several state-of-
the-art baselines and corresponding Llama family
base models.

Base Models:

e Llama2-7B (Touvron et al., 2023): A member



of Llama2 family with 7 billion parameters,
which is released in July 2023.

Llama2-13B (Touvron et al., 2023): A mem-
ber of Llama2 family with 13 billion parame-
ters, which is released in July 2023.

Llama3-8B (Meta-Al, 2024): A member
of Llama3 family with 8 billion parameters,
which is released in April 2024.

RAFT Models:

* RAAT (Fang et al., 2024): A model that em-
ploys adaptive adversarial training to handle
three types of retrieval noises (relevant, irrel-
evant, and counterfactual). During training,
it dynamically selects the most challenging
noise type based on the model’s current per-
formance and uses multi-task learning to en-
hance noise awareness.

Ret-Robust (Yoran et al., 2024): A model that
trains with a mixture of relevant and irrelevant
retrieved contexts. For each training example,
it retrieves either top-1, low-ranked, or ran-
dom passages with equal probability to teach
the model when to use or ignore retrieved in-
formation.

ChatQA (Liu et al., 2024b): A two-stage in-
struction tuning approach that outperforms
GPT-4 on retrieval-augmented generation and
conversational QA tasks. It first performs
supervised fine-tuning to enhance basic in-
struction following capabilities, then conducts
context-enhanced instruction tuning specifi-
cally for dialogue QA and RAG tasks.

Calibration Methods: These methods use post-
hoc techniques to predict whether the retrieved pas-
sages are relevant to the question or if the model is
likely to hallucinate, which can trigger a refusal to
answer.

* P(True) (Kadavath et al., 2022): Uses prompt-
based evaluation to assess the correctness of
model generations, leveraging the observation
that LLMs are relatively well-calibrated in
self-evaluation tasks.

* Logits: Implements various methods from
previous studies (Guerreiro et al., 2023; Kada-
vath et al., 2022; Varshney et al., 2023; Huang
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Dataset ‘ (4 (4 X X
LLaMA-2-7B

NQ 204 40 2,125 1,241
TriviaQA | 2,225 1,109 4,391 3,588
WebQ 202 76 882 872
LLaMA-2-13B

NQ 451 105 1,877 1,172
TriviaQA | 3,669 1,978 2,809 2,652
WebQ 258 105 826 843
LLaMA-3-8B

NQ 442 122 1,887 1,159
TriviaQA | 3,229 1,721 3,387 2,976
WebQ 224 94 860 854

Table 5: Statistics of the test set across different model
architectures and datasets. The columns show the distri-
bution of samples across the four knowledge quadrants.

et al., 2023) that aggregate output token prob-
abilities or logits to score LLM confidence for
error detection.

We also include two widely-used baseline ap-
proaches:

* ICL: We implement in-context learning us-
ing a prompt template with three carefully cu-
rated demonstration examples: one showing
appropriate abstention for out-of-knowledge-
boundary queries, and two showcasing correct
answer generation for in-boundary queries.
This balanced demonstration set helps the
model learn both when to answer and when to
abstain.

Consistency (Wang et al., 2022): Uses the
consistency of the model’s responses to deter-
mine whether it should abstain from answer-
ing.

D Dataset Statistics

We determine whether a query belongs to the
LLM’s parametric knowledge (KBparam) based
on the performance of vanilla model (LLaMA-2-
7b, etal.), and evaluate retrieval knowledge (KB,)
based on whether the top-3 retrieved passages con-
tain the correct answer. This division approach
allows us to analyze both the RAFT model’s im-
provements over the base model across different
knowledge quadrants and its abstention capabilities.
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After division, we randomly select 3000 queries
from three datasets to evaluate all methods.

To balance the model’s ability to answer ques-
tions and abstain when appropriate, we introduce
a hyperparameter called IDK-ratio, which controls
the proportion of training examples where the pre-
ferred response is "I don’t know" (IDK). Specifi-
cally, IDK-ratio determines the fraction of XX sam-
ples in the training set. Importantly, we maintain
the natural distribution of queries across all four
quadrants in the test set without any manipulation,
ensuring evaluation reflects real-world conditions
and provides a more generalizable assessment of
model performance.

Table 5 shows the distribution of test queries
across the four knowledge quadrants. A substantial
portion of queries fall into the XX quadrant. This
represents a critical scenario where models should
abstain from answering, yet traditional RAFT ap-
proaches force a response. The distribution high-
lights why defining KB, through the combina-
tion of both KBparam and KB, is crucial. Relying
solely on KB, (Liu et al., 2024b; Song et al., 2024)
would incorrectly exclude ¥/X queries from the
model’s knowledge boundary (for example, 1,978
TriviaQA queries for LLaMA-2-13B where the
model has parametric knowledge). Similarly, us-
ing only KBparam (Cheng et al., 2024; Feng et al.,
2024; Xu et al., 2024a) would mistakenly omit X+
queries (such as 2,125 NQ queries for LLaMA-
2-7B) that RAG systems can effectively handle
through retrieval. Our dual-boundary approach en-
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ables more precise identification of true knowledge
gaps (XX cases) where abstention is warranted,
while allowing optimal knowledge source selection
in other cases.

E Hyper-parameter experiments

Multi-Objective Loss Adjusting the weights
of the multi-objective loss significantly impacts
model’s overall quality. As shown in Figure 4, in-
creasing the weight of the SFT loss generally leads
to steady improvements, which is in line with our
hypothesis. The experiments confirm that SFT ef-
fectively assists in aligning with the chosen data,
demonstrating strong auxiliary alignment effects.
Meanwhile, the classification loss (CLS) is not
without merit; it plays a critical role when com-
bined with the SFT loss, achieving optimal perfor-
mance within the weight range of 0.5 to 0.7. This
highlights the synergistic interplay between the two
loss components under balanced configurations.

Data Size Statistics in Figure 3 show that 5k
DPO preference data achieves competitive perfor-
mance in terms of overall quality(OQ Acc), answer
quality(AQ F1), and abstain quality(AbQ F1). Re-
ducing data to 20% sharply degrades the outcomes,
which indicates the significance of sufficient train-
ing data. However, when data size grows to 10k,
it seems increased noise-potentially introduced by
scaling without rigorous quality control-lead to per-
formance degradation. This pattern emphasizes
the importance of the quality of data in preference
optimization.
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Figure 4: Experiments across multi-objective loss
weights. (DPO data size=5k, IDK ratio=0.7)

IDK Ratio Varying the ratio of IDK-labeled data
reveals a nuanced and interesting trade-off. Higher
ratios (0.1-0.7) intuitively improve AbQ F1 as the
model learns to master the ability to abstain. How-
ever, too much IDK chosen data can lead to overly
abstention resulting in decrease in overall abstain
quality. Answer quality increases in sync with ab-
stain quality showing an interesting balance. As
the IDK ratio increases, the quality of correct re-
sponses does not decline significantly compared
to the sharp rise in the model’s refusal to answer.
While the recall decreases as a result of fewer cor-
rectly answered questions, this way improves the
precision of correct responses, ultimately enhanc-
ing the overall F1. However, when the model be-
gins to overuse IDK (e.g., at extremely high ratio),
this strategy ceases to work, as excessive abstention
undermines correct answer coverage and utility. In
addition, both DR and CUR scores consistently
decrease as the IDK ratio increases, primarily due
to the reduction in the proportion of /X and X
training data. The results suggest that moderate
IDK ratios strike an optimal balance between pre-
cision and robustness, while aggressive reliance on
IDK triggers diminishing returns.

F Prompts

F.1 Context Evaluation Prompt

The following prompt is used to evaluate whether
a context contains or implies the correct answer to
a query:
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You are an expert at evaluating whether a
context contains the correct answer to a ques-
tion. You should:

1. Check if the given answer can be found
or directly implied by the context

2. Return a score of 1 if the context contains
or directly implies the answer

3. Return a score of 0 if the context does not
contain or support the answer

4. Provide a brief explanation for your deci-
sion

Respond in the following JSON format:

{

"score": O or 1,

"n,on

"explanation":

}

your explanation here"

G Implementation Details

G.1 Our Method Implementation

For our proposed approach, we train the model
for 3 epochs using a cosine learning rate scheduler
with an initial learning rate of 5e-5 and a warmup
ratio of 0.1. The 3 and ~y are set to 1.0 and 0.5 re-
spectively for all experiments. The training process
employs the Paged AdamW optimizer with 32-bit
precision and a weight decay of 0.05. To balance
computational efficiency and memory constraints,
we set the batch size to 16 per device with 2 gra-
dient accumulation steps, allowing for effective
training on larger datasets while maintaining mem-
ory efficiency. The threshold ¢ used for KBparam
to sample N (= 10) responses is 1.0. Moreover, ex-
periments are conducted on NVIDIA A100 GPUs
with 80G of memory. Fixed random seed of 0
is used and the experimental results are reported
within a single run. The versions of the libraries
used in this work are as follows: accelerate ver-
sion 0.34.2, transformers version 4.46.3, trl version
0.12.1 and vllm version 0.6.1.post2. And the dpo
training process costs approximately 6 GPU hours.

G.2 Baselines Implementation

We implement several baseline detection methods
for comparison:

* P(True): Following Kadavath et al. (2022),
we prompt the LLM to evaluate the correct-
ness of its own answer. The prompt presents
the original question and the model’s pro-
posed answer, asking for a binary True/False
classification. We experiment with multiple
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Figure 5: Experiments across IDK ratio. (DPO data size=5k, loss weights 5=1.0, v=0.5)

confidence thresholds (0.3, 0.5, 0.7, 0.9) to
determine the optimal cutoff for each experi-
mental setting.

Question: [Question]

Proposed Answer: [Predictions]
Is the proposed answer:

(A) True

(B) False

The proposed answer is:

Logits: We implement three baselines using
different logprob statistics of the output to-
kens: minimum (Min), mean (Mean), and last
token (Last). The Min baseline, which uses
the minimum logprob across all output tokens,
is the only one reported in the paper as the
other two approaches proved ineffective at en-
abling model abstention. We experiment with
multiple logtis thresholds (-2.0, -1.0, 0.0) to
determine the optimal cutoff for each experi-
mental setting.

Self-Consistency: We generate multiple re-
sponses (n=10) for each question and measure
consistency among the generated answers.
The system proceeds with answering if the
most frequent response receives more than 5
votes; otherwise, it abstains. This approach
helps identify cases where the model exhibits
high uncertainty through response variability.

* ICL: We implement in-context learning us-
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ing a prompt template with three carefully cu-
rated demonstration examples: one showing
appropriate abstention for out-of-knowledge-
boundary queries, and two showcasing correct
answer generation for in-boundary queries.
This balanced demonstration set helps the
model learn both when to answer and when to
abstain.

H

Llama2-7B and Llama2-13B are released under
the Meta Llama 2 Community License Agreement.
Llama3-8B is released under the Meta Llama 3
Community License Agreement. All of them are
accessible for academic usage and consistent with
their intended use.

And three open-domain QA datasets, Natural
Questions (NQ), TriviaQA, and WebQuestions
(WebQ) are publicly available for academic re-
search purposes, which is also consistent with their
intended use.
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