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Abstract

Retrieval-Augmented Generation (RAG) offers
an effective solution to the issues faced by
Large Language Models (LLMs) in hallucina-
tion generation and knowledge obsolescence by
incorporating externally retrieved knowledge.
However, existing methods lack effective con-
trol mechanisms for integrating internal and ex-
ternal knowledge. Inspired by human cognitive
processes, we propose Parenting, a novel frame-
work that decouples, identifies, and purpose-
fully optimizes parameter subspaces related to
adherence and robustness. Specifically, Parent-
ing utilizes a key parameter mining method that
combines forward and backward propagation
signals to localize subspaces representing dif-
ferent capabilities. Then, Parenting employs
a type-tailored tuning strategy, applying spe-
cific and appropriate optimizations to different
subspaces, aiming to achieve a balanced en-
hancement of both adherence and robustness.
Extensive experiments on various datasets and
models validate the effectiveness and general-
izability of our method. Our code is available
at https://github.com/Nostradamus4869/
Parenting.

1 Introduction

Large Language Models (LLMs) have demon-
strated exceptional capabilities, achieving state-of-
the-art performance on various tasks (Brown, 2020;
Chowdhery et al., 2023; Bubeck et al., 2023; Xu
et al., 2025; Ma et al., 2025; Feng et al., 2023,
2025). Despite their success, they still face no-
table challenges, particularly in generating halluci-
nations and dealing with outdated knowledge (Gao
et al., 2023). Retrieval-Augmented Generation

“Equal contribution.
Corresponding author.

(RAG) has emerged as a promising approach to
mitigate these issues (Peng et al., 2023; Ren et al.,
2023; Lewis et al., 2020; Jiang et al., 2024a). By in-
tegrating external information relevant to a specific
query, RAG enhances the generative process with
supplementary non-parametric knowledge. How-
ever, typical RAG frameworks lack effective con-
trol mechanisms for managing internal and external
knowledge (Li et al., 2023a), which presents two
main challenges: First, the conflicts between exter-
nal knowledge and the internal memory of LLMs
can, in certain cases, prevent the model from effec-
tively following external evidence to produce accu-
rate responses (Wu et al., 2024b; Li et al., 2023a).
Secondly, the inherent imperfections of retrieval
mechanisms mean that the retrieved contexts might
include irrelevant noises (Creswell et al.), which
can mislead the LLMs, leading to degraded perfor-
mance (Fang et al., 2024; Xu et al., 2024a).

To address the above issues, some approaches
optimize knowledge selection in the RAG process
through carefully designed prompts (Zhou et al.,
2023). However, such methods do not fundamen-
tally improve LLLMs’ ability to integrate external
knowledge, leading to suboptimal outcomes in cer-
tain situations. Other methods focus on altering the
behavioral patterns of LLMs through training tech-
niques such as instruction tuning (Li et al., 2023a;
Fang et al., 2024; Xu et al., 2024a). Neverthe-
less, they lack differentiation in supervisory signals,
leading to significant learning variance. On the one
hand, an excessive emphasis on adhering to context
can lead models to pay attention to noisy informa-
tion. On the other hand, prioritizing resistance to
noise might cause models to overlook critical evi-
dence present within the context (Wu et al., 2024a).
In summary, how to establish an effective control
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mechanism for managing both internal and exter-
nal knowledge within RAG remains an unresolved
problem.

The human brain is comprised of multiple func-
tional regions, each tasked with distinct cogni-
tive and physiological roles, with some regions
being integral to handling complex tasks (Hawry-
lycz et al., 2012). For example, the mirror neuron
system enhances learning through observation and
imitation (Rizzolatti and Craighero, 2004), while
the hippocampus plays a crucial role in retrieving
knowledge from stored memories to solve prob-
lems (Olton et al., 1979). Inspired by this, a natural
question arises:

Can we pinpoint specific subspaces in LLMs’
parameter space linked to adhering to contex-
tual evidence (adherence) and resisting contex-
tual noise (robustness), akin to how the human
brain localizes different cognitive functions?

To answer this question, inspired by Feng et al.
(2024b) on identifying key parameters and inte-
grating knowledge from different tasks to alleviate
catastrophic forgetting in continual learning, we in-
troduce a new perspective, as illustrated in Figure 1,
that aims to decouple and identify parameter sub-
spaces related to adherence and robustness. By
designing tailored tuning strategies for these dif-
ferent subspaces, we seek to achieve better control
over model behavior. Although seemingly straight-
forward, implementing this intuition faces these
challenges: (C1) How to precisely quantify the cor-
relation between parameters and two capabilities?
(C2) How to optimize the entangled subspace that
is difficult to decouple?

To address these challenges, we propose a frame-
work named Parenting, which leverages Parameter
Decoupling and Tailored Tuning to optimize the
internal and external knowledgie control mecha-
nisms of Retrieval-Augmented Language Models
(RALMs), while boosting both adherence and ro-
bustness without compromise. Specifically, ad-
dressing challenge C1, Parenting utilizes a key
parameter mining method. By constructing a spe-
cialized probing dataset, Parenting measures each
parameter’s contribution to specific behaviors by
combining the activation levels of pre-trained pa-
rameters under various inputs with gradient trajec-
tories observed during the backpropagation pro-
cess. Subsequently, through interactive analysis
of the parameter importance distribution for dif-
ferent behaviors, we identify two mutually exclu-
sive parameter subspaces: the adherence subspace
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Figure 1: Formal exposition of our critical ideas. In-
spired by human cognitive processes, we aim to decou-
ple and localize parameter subspaces linked to distinct
abilities, enabling effective behavior control through
tailored tuning.

(analogous to the mirror neuron system) and the
robustness subspace (similar to the hippocampus),
along with an entangled subspace that is challeng-
ing to decouple. Addressing challenge C2, Parent-
ing adopts a type-tailored tuning strategy, applying
specific optimizations for different subspaces. Ini-
tially, for the entangled subspace, which consists
of parameters critical to both adherence and robust-
ness—similar to the prefrontal cortex in humans,
which is responsible for perceiving the external en-
vironment (Puig and Gulledge, 2011)—Parenting
employs a novel document extraction task to rein-
force training, thereby enhancing both adherence
and robustness simultaneously. Concurrently, Par-
enting employs a boundary-controlled fine-tuning
strategy to prevent contradictory supervision sig-
nals from contaminating the adherence and robust-
ness subspaces. To summarize, we highlight our
contributions as follows:

* We propose a novel insight from the perspective
of parameter space to achieve fine-grained decou-
pling and fine-tuning optimization of adherence
and robustness in RALMs.

* We propose a key parameter mining method and
a type-tailored tuning strategy, which effectively
harmonize and enhance the supervisory signals
representing adherence and robustness.

* We conduct extensive experiments across multi-
ple models and datasets, and the results demon-
strate that our approach not only achieves a bal-
ance and enhancement of model performance,
but also enhances its adaptability and robustness
when facing out-of-distribution (OOD) data.
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2 Related Work
2.1 Retrieval-Augmented Language Models

RALMs integrate external knowledge bases, allow-
ing the generation process of LLMs to be adjusted
based on the most up-to-date and relevant docu-
ments or knowledge (Guu et al., 2020). The classic
“Retrieve-Read” framework leverages the initial in-
put as a query to retrieve relevant information from
an external corpus. The retrieved knowledge is
then integrated into the input and incorporated into
the model’s generation process (Gao et al., 2023;
Fan et al., 2024b). For instance, kKNN-LM (Khan-
delwal et al., 2019) retrieves external memory us-
ing k-nearest neighbors. To prevent confusion
and resource waste caused by excessive retrieval,
FLARE (Jiang et al., 2023), Self-RAG (Asai et al.),
and DRAGIN (Su et al., 2024) combine LLMs’
own information needs to determine when to re-
trieve and what queries to generate. Although these
approaches are effective, they still face challenges
such as confusion caused by conflicts between inter-
nal and external knowledge, as well as misleading
effects from external noise (Mallen et al., 2023).

2.2 Addressing Noisy Contexts and
Internal-External Knowledge Conflicts

After retrieving external knowledge, effectively in-
tegrating it with the internal knowledge of LLMs
is essential for enhancing the quality of the final
output response (Fan et al., 2024b). On the one
hand, retrieval algorithms cannot achieve complete
accuracy, and therefore RALMs will inevitably
introduce task-irrelevant noises (Creswell et al.).
To address the above issue, SA-RetRobust (Yoran
et al.) enhances the noise robustness of LLMs by
introducing an additional fine-tuning step. Info-
RAG (Xu et al., 2024a) and RAAT (Fang et al.,
2024) design unsupervised training and adaptive
adversarial training strategies, respectively. On the
other hand, models tend to become confused when
there is conflict between external knowledge and
the internal memory of LLMs (Wu et al., 2024b),
particularly when the external factual evidence is
incoherent or semantically incomplete (Tan et al.,
2024; Xie et al.). To address the aforementioned
challenge, prompt-based methods improve LLMs’
faithfulness to context through carefully designed
prompting strategies (Zhou et al., 2023). IR-
CAN (Shi et al., 2024a) identifies and reweights
adherence-specific neurons. Decoding-based meth-
ods measure differences in output probabilities be-

tween conditions with and without context (Shi
et al., 2024b; Jin et al., 2024a). KAFT (Li et al.,
2023a) focuses on constructing specific instruction-
tuning datasets. PH3 (Jin et al., 2024b) miti-
gates knowledge conflicts by pruning negative at-
tention heads using the path patching technique.
KnowPO (Zhang et al., 2025) guides the model to
avoid errors in knowledge selection by construct-
ing a knowledge conflict dataset and incorporating
preference optimization training.

3 Task Formulation

3.1 Task Definition of RALMs

Given a natural language query ¢ as input, a stan-
dard RALMs typically employs a retriever to re-
trieve a set of documents D = {dy, ..., d;} from
an external knowledge base C, where k is the
window size of the retrieval process. Then, dur-
ing the inference process, the retrieved context D
is concatenated with the query ¢ and is fed into
LLM O to generate the answer ansg, denoted
as ansg = O (q||D). Besides, LLMs will use
their parametric knowledge o = © (g) to answer
such query without retrieved context. We refer
to the evidence that can assist in answering g as
dgoiden- Next, we define a relevance label y to in-
dicate whether D contains this evidence (i.e., if
dgolden € D, then y = 1; otherwise, y = 0).
Following Li et al. (2023a), our goal is to enable
the fine-tuned LLM ©' to derive answers based on
retrieved context when it contains valid evidence,
even if this evidence conflicts with its internal mem-
ory (we refer to such situations as conflicting con-
texts.). Conversely, when the retrieved context
contains only semantically similar yet irrelevant
noise (consistent with Yoran et al., we define them
as irrelevant contexts), the model should detect
the flaws in the context and rely on its internal
knowledge to respond. This not only effectively
prevents the model from confidently producing in-
correct answers due to noisy input, but is also more
user-friendly than consistently refusing to answer:

e))

anSgolden, ify =1
ansgr = ,
© {a, ify=0

where ansgoigen s the correct answer from dgojgen -

3.2 Definition of Parameter Units

Knowledge organization within LLMs can be de-
scribed as independent, modular regions, where
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Figure 2: The overview of our proposed Parenting.

distinct matrices are typically regarded as funda-
mental units for knowledge storage (Wang et al.,
2024a, 2023a). Therefore, in this paper, we de-
fine the fundamental structural elements that store
skills, termed “parameter units”, as individual ma-
trices within the model. During full parameter
fine-tuning, the matrices of the Multi-Head Self-
Attention (MHA) and the Feed-Forward Neural
Network (FFN) are regarded as basic parameter
units. When employing Parameter-Efficient Fine-
Tuning (PEFT) techniques (Ma et al., 2024; Lin
et al., 2024) to accelerate training, we consider ma-
trices A and B in LoRA (Hu et al.) as separate
basic parameter units. A subspace is composed of
multiple parameter units. The model © with n pa-
rameter units is denoted as £ = {e1,...,e,}. The
notations used throughout this paper are provided
in Appendix A.2.

4 Methodology

Parenting includes four components:

¢ Dataset Construction, which constructs two su-
pervised fine-tuning (SFT) datasets to stimulate
the adherence and robustness of LLMs.

* Key Parameter Mining, which measures param-
eter importance by combining forward activa-
tions with gradient trajectories.

* Subspace Localization, which identifies and lo-
cates different types of subspaces.

* Type-Tailored Tuning, which designs specific
and appropriate fine-tuning strategies for each
type, aiming to achieve a balanced enhancement
of adherence and robustness.

Figure 2 presents a detailed overview of our pro-
posed Parenting framework, with subsequent sub-
sections detailing each component.

4.1 Dataset Construction

To elicit adherence and robustness of LLMs,
we design two datasets derived from SQuAD?2.0
dataset (Rajpurkar et al., 2018), a reading com-
prehension dataset encompassing multiple general
domains, with a substantial corpus of documents
and associated question answering (QA) tasks. We
first extract the LLMs’ parametric knowledge «
using probes for each SQUAD2.0 question. No-
tably, SQuAD2.0 employs manual annotations to
indicate whether a document provides an answer to
a specific question. Based on these annotations, we
construct a SFT dataset S, that promotes adherence
and another dataset .S, that enhances robustness.

For dataset S,, we begin by selecting ground
truth answers and corresponding evidence docu-
ments from SQuAD?2.0 that conflict with the para-
metric knowledge a.. Following Li et al. (2023a),
we further introduce fictional answers and related
documents to effectively expand the dataset. .S,
can be represented as S, = {(¢},D!,ans’) |
i = 1,2,...,mg}, where m, denotes the num-
ber of samples in S,. The cross-entropy loss on
this dataset is denoted as £,. For dataset .S,., re-
garding the context, we select the manually anno-
tated irrelevant noise documents from the dataset.
We expect the model to indicate that the con-
text lacks the clues necessary to answer the ques-
tion and to generate its original parametric knowl-
edge a, the cross-entropy loss on which is de-
noted as £,. Similarly, S, can be represented as
Sy ={(¢t,D}yansk) |i=1,2,...,my}.

4.2 Key Parameter Mining

The original pre-trained parameters across differ-
ent layers store and process information in distinct
ways, which influences their functionality and the
types of tasks they are best suited for (Chuang et al.,
2023; Meng et al., 2022). Therefore, we propose
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using the layer-wise activation levels of the origi-
nal pre-trained parameters across various inputs to
inform traditional gradient-based sensitivity calcu-
lations, in order to assess the overall contributions
of different parameters to adherence and robust-
ness, as follows:

Forward activation probability computation.
In the Transformer architecture, the FFN layer func-
tions as a key-value unit capable of storing knowl-
edge (Meng et al., 2022) and is closely tied to the
model’s responses to different inputs (Gurnee et al.,
2024), which can be formalized as follows:

B = (swish(ﬁfwf) ® ﬁjvj> Wi, @

where Wf € RIxX4d /i ¢ Rix4d gpd WJ2 €
R4 are parameters, b/ € R% and h/ € R? rep-
resent the hidden states of a specific token at the
j-thlayer (j € {1,...,1}) after processing through
MHA and FFN, respectively. d is the dimension of
the hidden states. SwiGLU is an activation func-
tion that has been widely adopted in recent LLM
architectures (Touvron et al., 2023; Bai et al., 2023).
In SwiGLU, the positive activation output of the
Swish function indicates that the corresponding
neurons are activated, thereby influencing the fi-
nal prediction outcome through forward propaga-
tion (Nair and Hinton, 2010). Inspired by Tang
et al. (2024), we evaluate the sensitivity of the
original pre-trained parameters to different abil-
ities by calculating the expected positive activation
outputs of neurons when faced with different in-
puts, ie., Cr = {(¢’, DL) | (¢, D%, ans) € S, }
and C, = { (¢}, DY) | (g%, D, anst) € Sy}

Pl =E (I(Swish(WW) > 0)[ C.), ()

where Swish (iﬂ Wf )
value of the k-th neuron in the j-th layer. I is the
indicator function, and the * denotes either ad-
herence (symbolized by a) or robustness (sym-
bolized by r). Next, we calculate the average acti-
vation probability ]51 of all FFEN neurons within a
single layer to measure the sensitivity of the origi-
nal pre-trained parameters across different layers
concerning adherence and robustness:

represents the activation

=5 Py P=E o

4d k=1 Z;:l exp (pi)
Gradient-based sensitivity and uncertainty cal-
culation. To quantify the sensitivity of param-
eters to training loss, we calculate the product

of gradients and weights for all trainable parame-
ters (Molchanov et al., 2019; Zhang et al., 2022):

I*(wuv) - ‘wuv . kuuﬁ*’- (5)

This metric approximates the impact on the loss
when a specific parameter is set to zero (Molchanov
et al., 2019). However, it tends to exhibit high
variance due to random sampling and the complex
dynamics of the training process. To mitigate this
issue, we consider integrating sensitivity smoothing
and uncertainty quantification (Zhang et al., 2023):

Tit) (wuv) :aljitil)(wu'u) + (1 - Ofl)lit) (wuv),
T (wu) =020 (wun) + (1 — a2) ©6)
IO (W) = T (e,

where 0 < ay, s < 1 are smoothing factors, and
t is the iteration number.

Importance score calculation and aggregation.
Subsequently, we use py, obtained from the for-
ward propagation, as a layer-specific clue to guide
the sensitivity computation based on the gradient
trajectory. Inspired by the computational approach
in Zhang et al. (2023), we introduce a multiplicative
operation that combines the activation levels of the
original pre-trained parameters under different in-
puts with the smoothed sensitivity and uncertainty.
The final importance score for each parameter in
terms of adherence or robustness (x € {a,r}) is
computed as follows:

git) (wuv) = ﬁi . Tit) (wuu) . ﬁit) (wuu)7 (N

where j represents the layer containing the param-
eter wy,. To assess the overall contribution of each
parameter unit to model performance, we calculate
the average importance of each individual parame-
ter within the parameter unit:

di da

1 _
() = i DD 5 (wa), ®)

u=1v=1

where Z, (e) measures the overall importance of all
parameters within each parameter unit, with higher
values indicating greater importance. As a result,
for model ©, which consists of n parameter units,
we can obtain the distribution of importance scores
Z.(€) € R™ for adherence or robustness.

4.3 Subspace Localization

We then conduct an interactive analysis of impor-
tance distribution across different behaviors, decou-
pling and identifying various types of subspaces.
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We employ the Z-score, a common statistical mea-
sure (Altman et al., 2017), to standardize impor-
tance scores for adherence and robustness:

Zu(e) = (Tle) =) foe, O

where Z,(e;) is the standardized importance score
of the i-th parameter unit for adherence or robust-
ness, (i« is the mean score, and o, is the standard
deviation. Based on {Z, (e;) | i € {1,...,n}},
we identify and locate four types of subspaces:

1. Entangled Subspace. This subspace consists
of parameter units that are crucial for both adher-
ence and robustness, and we assume it represents
the model’s ability to perceive and analyze context
(queries and external knowledge). Specifically, we
select parameter units with Z-scores greater than 1
for both adherence and robustness:

562{6i|za(ei)>1 A Z,.(ei)>1;i€{1,.4.

i}

(10)
2. Adherence Subspace. This subspace is com-
posed of parameter units that are important for ad-
herence but not for robustness. It relates to the
model’s ability to solve problems by replicating
and summarizing contextual information:

Cac ={ei | Zal(ei) >1 N Zp(es) <L;ie{1,...,n}}.
1)

3. Robustness Subspace. This subspace com-
prises parameter units that are crucial for robust-
ness but less significant for adherence. It is associ-
ated with the model’s capacity to solve problems
by retrieving internal memories:
Era={ei| Zr(ei) >1 N Za(es) <1l;i€{l,...,n}}.
12)
4. Other Subspaces. These subspaces consist
of all remaining parameter units outside the three

previously mentioned subspaces, representing the
other capabilities of LLMs, denoted as &,.

4.4 Type-Tailored Tuning

After decoupling and identifying key subspaces
related to knowledge control, we develope specific
and appropriate fine-tuning strategies tailored to
each subspace.

4.4.1 Document Extraction Task

To more effectively optimize the entangled sub-
space, we design a document extraction dataset
S. ={(¢%, D% ansl) | i = 1,2,...,m.}. Specif-
ically, we curate documents from the SQuAD2.0

dataset, gathering three types of documents for
each question: relevant documents that contain the
question’s answer, noise documents that are on the
same topic, and noise documents from different
topics, simulating a variety of retrieval context sce-
narios. In this document extraction task, we present
the mixed context of the question along with the
three types of documents as input and expect the
LLMs to identify the specific document types and
accurately restate their content. We denote the
cross-entropy loss on S as L.. To simultaneously
enhance adherence and robustness, we train &£, us-
ing a combination of Sy, S;., and S,:

Z, (&) =E[Z. (&) | ei € &E],
exp (2. (€c))
exp (24 (E2)) + exp (Zr (Ec))’
Lew =01 (Ya X La+7r X Lr) + (1 =61) Le,

Ve = 13)

where 0 < d; < 1 acts as a reweighting factor be-
tween the original task and the added task. We de-
termine the weights of the two loss terms adaptively
by calculating expected Z-scores for adherence and
robustness on &,.

4.4.2 Boundary-Controlled Fine-Tuning

To prevent contradictory supervision signals from
contaminating the adherence and robustness sub-
spaces, we propose a boundary-controlled fine-
tuning strategy:

¢ Adherence Subspace. For &£,,., we ensure that it
remains unaffected by gradients related to robust-
ness, allowing the LLMs’ adherence capabilities
to be fully optimized:

Low = 01La+(1—6)Lc. (14

* Robustness Subspace. For &, we ensure that
it remains unaffected by gradients related to ad-
herence, thereby enabling a breakthrough in en-
hancing robustness:

Ly = 0L, + (1 — 51)50. (15)

Additionally, we maintain the initialized weights
of &, to prevent divergence from pre-trained
weights, preserving the other capabilities of LLMs.
We present the detailed algorithm of Parenting in
Appendix A.1.

S Experiment

5.1 Experimental Setup

Datasets. We construct the Parenting training
dataset based on SQuAD2.0 (Rajpurkar et al.,
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2018). The test datasets comprise the following
three types: (1) SQuAD2.0-Eval. Following Li
et al. (2023a), we further simulate complex re-
trieval scenarios using annotation information from
SQuAD2.0 to more effectively evaluate the adher-
ence and robustness of RALMs, resulting in the
creation of SQuAD2.0-Eval. (2) Open-source
RAG datasets: RGB (Chen et al., 2024) and
KNOT (Liu et al., 2024) are two general-domain
QA datasets designed to evaluate LLMs’ ability to
effectively utilize retrieved information while with-
standing various imperfections in the retrieval pro-
cess. (3) Domain-specific dataset: CMB (Wang
et al., 2024b) is a multi-task QA dataset in the med-
ical domain, comprising 269,359 questions across
various categories and disciplines. Due to quantity
constraints, we randomly sample 4,000 questions
for testing. Further details about the datasets are
provided in the Appendix A.3.

Baselines. We evaluate Parenting against the fol-
lowing widely-used and state-of-the-art RAG base-
line methods: Base Model (Base) responds to
queries by leveraging external knowledge, func-
tioning as the fundamental retrieve-read frame-
work (Gao et al., 2023). We choose LLaMA2-
7B-Chat (Touvron et al., 2023) and Qwen1.5-14B-
Chat (Team, 2024) as the base models and in-
vestigate the improvements introduced by Parent-
ing. Prompt-based Method (Prompt) (Zhou et al.,
2023) utilizes a carefully designed prompt strategy
to enhance adherence. COT-VE (Zhao et al., 2023)
guides LLLMs to edit potentially incorrect or out-
dated rationales using external knowledge. KAFT
(Li et al., 2023a) enhances the adherence and ro-
bustness of LLMs by constructing a specific fine-
tuning dataset. CAD (Shi et al., 2024b) reduces
the model’s reliance on internal knowledge through
contrastive decoding. RAAT (Fang et al., 2024)
improves the noise robustness of LLMs through
adaptive adversarial training. IRCAN (Shi et al.,
2024a) enhances the adherence of LLMs by detect-
ing and boosting adherence-related neurons.

It is worth noting that the baseline method KAFT
is implemented by training all subspaces using the
full training dataset uniformly. To ensure the fair-
ness of experimental comparisons, for the training-
based baseline methods KAFT and RAAT, we con-
struct training datasets based on the same source
data as Parenting, following the strategies out-
lined in their original methods. As for the IRCAN
method, which relies on a specific dataset to iden-

tify context-aware neurons, we likewise use the
same dataset to conduct the corresponding neuron
detection task.

We also compare Parenting with three reduced
variants to conduct ablation studies:

* Parenting;_ removes layer-level clues based on
forward activations when mining key parameters.

* Parenting,_ trains &, £z, and &, using three
datasets (Sg, Sy, and S;) simultaneously.

* Parenting,_ removes the document extraction
task during type-tailored tuning.

Metrics. In line with Li et al. (2023a), we evalu-
ate the adherence and robustness of RALMs using
two distinct metrics. For adherence, we supplement
LLMs with conflicting contexts from the test set
as additional knowledge and measure the propor-
tion of cases where the LL.Ms follow the conflict-
ing evidence to generate their responses, denoted
as R 4. Regarding robustness, we use irrelevant
contexts from the test set as supplementary knowl-
edge and measure the proportion of cases where
the model successfully avoids extracting answers
from these irrelevant contexts, which is denoted
as Rp,. Higher values of R 44 and R, indicate
better adherence and robustness, respectively.

More implementation details and experimental
results are provided in Appendix A.5, A.6, A.7,
A.8, A9, A.10, A.12, and A.13.

5.2 Experimental Results
5.2.1 Main Results

Table 1 displays the performance of Parenting com-
pared to baseline methods across three datasets.
Overall, our proposed Parenting excels on all
backbone models and datasets, significantly sur-
passing current state-of-the-art methods. This
highlights the effectiveness of Parenting in fine-
grained decoupling in parameter space and its cus-
tomized fine-tuning capabilities. From Table 1, we
can also observe several insights. Firstly, methods
that rely on LLMs’ basic interaction capabilities at
the prompt level, such as Prompt and CoT-VE, of-
ten depend indiscriminately on external knowledge
due to LLMs’ limited noise recognition capabilities.
Secondly, IRCAN and RAAT emphasize adherence
and robustness respectively, and each inevitably
sacrifices another key capability when integrating
knowledge. Additionally, a notable phenomenon is
that, compared to the baseline, Parenting achieves
a more balanced improvement in both adher-
ence and robustness. This is because we avoid
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LLM LLaMA2-7B-Chat Qwenl.5-14B-Chat

Method  Dataset SQuAD RGB KNOT SQuAD RGB KNOT
Metric Raq Rpo | Raa Rpro | Raa Rro | Raa Rpro | Raa Rpro | Raa Rro
Base |44.20 16.40[68.00 29.50[45.09 20.54[59.71 21.37[68.50 34.00[52.73 22.69
Prompt [46.40 9.50 [69.50 17.50 [43.74 15.01|63.69 18.29|78.00 32.50|53.19 16.77
COT-VE |47.45 17.20|68.50 31.00|46.39 21.27|64.23 25.94|66.00 38.00|55.42 24.59
Baselines  KAFT 3415 18437150 30.50 |47.09 22.92|75.55 28.00 |82.50 39.50 |56.23 25.94
CAD (4572 8.80 [70.00 16.00 [44.14 12.79|64.98 17.20|72.00 28.50 |53.14 14.79
RAAT  [39.25 40.73|49.50 41.00|25.09 35.58|60.30 40.61|71.50 42.50|46.87 37.92
IRCAN [53.17 13.50[72.50 20.00 [46.51 16.50|76.24 16.15|82.00 30.50 |55.21 17.45
" Ours  Parenting |69.24 44.8579.50 45.50 | 67.42 42.82|80.47 47.58|84.50 46.50|73.27 43.34
””” Parenting, | 66.15 39.78 [77.00 40.00 | 64.35 37.63|78.06 42.25|83.50 42.50 |67.87 40.91
Ablation Parenting, |55.90 20.70|73.50 31.50|49.26 23.05|77.28 30.92|83.00 41.50|58.73 27.36
Parenting, | 62.57 36.71|75.50 37.50 |60.55 34.98|77.59 38.24|83.00 42.50|64.13 37.28

Table 1: Performance comparisons (%) on SQuAD2.0-Eval (SQuAD), RGB, and KNOT. The best performance is in

boldface and the best results among the baselines are underlined.

LLaMA2-7B  Qwenl.5-14B
Raa  Rro Raq Rrgo

Base 5428 20.17 59.07 21.39
Parenting 75.79 48.21 79.63 45.55

Method

Table 2: Performance comparisons (%) on CMB.

contaminating key parameters with conflicting su-
pervisory signals during the fine-tuning process.

5.2.2 Ablation Study

To fully understand the contribution of each com-
ponent in Parenting to the overall performance,
we conducted ablation studies. As shown in Ta-
ble 1, the performance decline of Parenting;_ com-
pared to Parenting indicates that the hierarchical
clues provided by forward activations are essen-
tial for precisely locating parameters closely re-
lated to adherence and robustness. The superior
performance of Parenting over Parenting, and
Parenting, _ demonstrates that our proposed type-
tailored tuning strategy effectively mitigates the
negative impact of conflicting supervision signals
on the model’s behavior, allowing for the full opti-
mization of both adherence and robustness.

5.3 Analysis
5.3.1 Generalization Analysis

To demonstrate the strong generalization capability
of Parenting beyond general-domain training sets,
we conduct experiments on the medical benchmark
CMB (Wang et al., 2024b). By utilizing medi-
cal triples and documents from the Huatuo-26M
dataset (Li et al., 2023b) to build supplementary

70 Parentingp - on SQuAD2.0-Eval 70 Parenting on SQuAD2.0-Eval
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Figure 3: Analysis of the behavioral patterns of Parent-
ing (Right) and Parenting,  (Left) under varying data
ratios (on SQuAD2.0-Eval with LLaMA2-7B-Chat).

medical context, we create a dataset to evaluate the
medical knowledge utilization of LLMs, based on
4,000 CMB questions. As shown in Table 2, LLMs
trained with Parenting in a general domain con-
tinue to demonstrate superior knowledge selection
capabilities when transferred to specific vertical
domains. These results further validate the gener-
alization ability and effectiveness of Parenting.

5.3.2 Behavioral Tendency Exploration

To gain a more intuitive understanding of Parent-
ing’s ability to balance adherence and robustness,
we explore the behavioral patterns of Parenting and
Parenting,  under different ratios of supervised
data. Specifically, for the two types of supervi-
sion signals that are challenging to balance due
to their contradictory nature, we randomly select
two training subsets, S5%* and S%*, from S, and
S, respectively, with [S5U0| = |S5¥b| = |S,|/2.
Within these subsets, we continuously adjust the
ratio between these two signals, denoted as R =
|S5ub| /| S5ub|. When R > 1, we keep |S5%°| con-
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Importance distribution for robustness

Importance distribution for adherence

Figure 4: Visualization of parameter importance dis-
tributions Z,(£) and Z,.(€) for adherence (Left) and
robustness (Right) in LLaMA2-7B-Chat.

stant, and when R < 1, we keep |S$“°| constant.
As shown in Figure 3, as I increases, the adherence
of the LLM fine-tuned with Parenting steadily rises,
while its robustness remains stable. Conversely, as
R decreases, the robustness of the LLMs improves,
with adherence remaining largely unchanged. How-
ever, in the case of Parenting,_, there is a tug-of-
war between adherence and robustness, where an
increase in the proportion of one signal results in
a significant decline in the other, preventing full
optimization of both capabilities. This indicates
that separating the conflicting supervision signals
allows for a more balanced optimization of adher-
ence and robustness.

5.3.3 Visualization of Parameter Units

Figure 4 visualizes the distribution of parameter
unit importance for adherence and robustness in
LLaMA2-7B-Chat. We can observe the param-
eter units (entangled) within the Entangled Sub-
space (purple boxes). It also highlights the pa-
rameter units (adherence-specific) in the Adher-
ence Subspace (the red box) and those (robustness-
specific) in the Robustness Subspace (the blue box).
Additionally, we observe that adherence-specific
units are primarily located in the middle and upper-
middle layers. This aligns with findings from stud-
ies Chuang et al. (2023) and Dai et al. (2022),
which indicate that these layers play a significant
role when LLMs copy information from inputs.
Robustness-specific units are mainly found in the
upper layers, with a few in the middle layers. This
is consistent with the study Chuang et al. (2023),
suggesting that internal factual knowledge is typ-
ically encoded in the higher layers of LLMs. We
also note that entangled parameter units are pre-
dominantly located in the middle to lower-middle
layers, aligning with the study Fan et al. (2024a).

5.4 Noise Recognition Capability

To further validate the effectiveness of our frame-
work in enhancing the context-awareness of LLMs,

Method SQuAD RGB
LLaMA2-7B-Chat 5549  63.50
KAFT 59.24  65.00
RAAT 6248  67.00
Parenting 69.89  72.50

Table 3: Performance comparisons of Parenting with
other RAG methods (all utilizing the same LLaMA?2-
7B-Chat backbone) on the noise identification task. All
results are reported in accuracy (%).

we construct a noise identification experiment on
the SQuAD2.0-Eval and RGB datasets to evaluate
the model’s ability to analyze the association be-
tween queries and external knowledge. In detail,
for each question, we select a topic-relevant docu-
ment based on the dataset’s annotation information.
This document may either provide supporting evi-
dence or serve as a noise document that does not
answer the question. We then prompt LLMs to
classify the type of document. The dataset con-
tains a balanced number of labels for both evidence
and noise categories, and accuracy is used as the
evaluation metric for this task. We focus on the
comparison between Parenting and two existing
frameworks: KAFT and RAAT. The results in Ta-
ble 3 show that Parenting stands out among the eval-
uated frameworks, particularly surpassing RAAT,
which is specifically designed to enhance noise ro-
bustness. This result highlights the effectiveness
of Parenting in enhancing the context-awareness
capabilities of LLMs.

6 Conclusion

In this work, we propose a novel and versatile
RAG knowledge integration framework, dubbed
Parenting, which optimizes LLMs’ knowledge se-
lection through parameter decoupling and tailored
tuning, thereby establishing an effective control
mechanism for both internal and external knowl-
edge. Parenting first performs a fine-grained anal-
ysis and decoupling of adherence and robustness
in the parameter space using a key parameter min-
ing method. It then applies a type-tailored tuning
strategy to systematically and thorough optimize
behavior-specific parameters. Experimental results
across multiple datasets and models consistently
demonstrate the effectiveness of Parenting.
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Limitations

Despite the promising results obtained in our work,
it is important to acknowledge its limitations.

On the one hand, we inevitably encountered
some errors where the model failed to adhere to
conflicting external knowledge, particularly on the
KNOT dataset, which requires knowledge-based
reasoning. According to the original setup of the
dataset (Liu et al., 2024), we observed that the vast
majority of these errors fell under the KNOT-I cate-
gory, which requires implicit reasoning: the model
must independently decompose the question, infer
a plausible reasoning path, and derive the answer
based on conflicting knowledge. We believe this is
primarily due to the current limitations of LL.Ms
in actively integrating internal and external knowl-
edge for reasoning. In the future, we plan to explore
the inclusion of more diverse datasets and inves-
tigate finer-grained parameter unit partitioning to
further enhance the model’s reasoning capabilities.
First, within the Parenting framework, we treat
an individual matrix in LLMs as a parameter unit,
yet this granularity may still introduce redundancy
within the matrix. There could be a possibility to
further refine the model’s capability segmentation,
such as decomposing the product of two low-rank
matrices in LoRA into even finer units (Wang et al.,
2023b; Feng et al., 2024a), which might enhance
model performance. Additionally, the construction
of our training dataset solely relied on resources
from SQuAD?2.0. Although we have demonstrated
the generalized capabilities of the Parenting fine-
tuned model across multiple benchmark datasets,
there is still room for improvement. In the future,
we plan to gather a more diverse array of high-
quality datasets, aim to launch a more effective
version of Parenting, and establish a broader and
more varied benchmark to assess the knowledge
integration abilities of RALMs.

On the other hand, although we focus on the
reader phase (where LLMs utilize knowledge to
answer questions) and enhance model robustness
through instruction tuning, which has been empiri-
cally validated as effective, the overall performance
of RAG systems remains constrained by interfer-
ence from low-quality documents. This issue is
particularly pronounced when content is sourced
from external platforms such as the web, where
poor-quality materials can significantly degrade
generation quality. Addressing this challenge re-
mains non-trivial. To mitigate this issue, we plan

to explore training a discriminator capable of iden-
tifying low-quality documents and incorporating
its results into the prompt. Additionally, we will
consider calibrating the uncertainty of LLMs and
using it as a clue for evaluating document quality.
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Appendix

Algorithm 1 Training Algorithm of Parenting

Input: Training dataset S,, Sr, and S,; total probing iter-

ations Tprop; total training iterations 73,; initial LLMs
: for x € {a,r} do
:  for B in mini-batches of C. do
Calculate and store the activation value.
end for )
Calculate expected activation value p? , via Eq. (3).

Obtain the sensitivity p’ through aggregation, for j €
{1,...,1} viaEq. (4).

end for

: for x € {a,r} do

fort=1,...,Tyr0p do
Sample a mini-batch from S, and compute the gra-
dient VL.;

11: Compute the sensitivity I, (wy.) for each parame-
ter via Eq. (5);

12 Update the importance score §§t)(ww) for each
parameter via Eq. (6) and (7);

13:  end for

14:  Obtain the importance distribution Z, (£) through ag-

gregation.
15: end for
16: Obtain &, .., and &, respectively using Eq. (10), (11),
and (12).

17: fort =1,...,T% do

18:  Update &. by optimizing L. based on Eq. (13);

19:  Update &, by optimizing L, based on Eq. (14);

20:  Update &, by optimizing L, based on Eq. (15);

21: end for

Output: The fine-tuned LLMs ©’.

A.1 Parenting Algorithm Framework

The detailed implementation of Parenting algo-
rithm can be found in Algorithm 1.

A.2 Notations

The notations in this paper are summarized in Ta-
ble 4.

A.3 Dataset Details

SQuAD2.0 (Rajpurkar et al., 2018) is a reading

comprehension dataset encompassing multiple
general domains, consisting of questions posed
by crowdworkers on a set of Wikipedia articles,
where the answer to every question is a segment
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Notation Definition
€] Initial LLMs
e’ LLM:s fine-tuned using Parenting
e A single parameter unit in the model
& The set of parameter units in the model,
E={e1,e2,...,en}
Internal parametric knowledge of ©
***** g~~~ [ Tpuinatosl language query -
D The set of retrieved documents for g,
D = {dy,da,...,dr}
dgolden Evidence required to answer query ¢
y Relevance label indicating whether
the retrieved documents contain evidence
C External knowledge base
ansgolden Correct answer derived from dgoiden
" 7 7S, | SFT dataset promoting adherence
Sr SFT dataset promoting robustness
Se Document extraction dataset
Lix € {a,r,c} | Cross-entropy loss on S,
Loz Loss for the adherence subspace
Lo Loss for the robustness subspace
Ly Loss for the entangled subspace
pl Expected activation probability of layer j
I./U.(wyy), | Sensitivity / Uncertainty score for
x € {a,r} parameter w,,, based on gradients
S (W) Final importance score for parameter wy.
Z.(€) Distribution of importance scores
Z.(e;) Standardized importance score of the
i-th parameter unit
- Entangled subspace
Eaz Adherence subspace
Erz Robustness subspace
&, Other subspaces

Table 4: Notations for Parenting

of text, or span, from the corresponding reading
passage, or the question might be unanswerable.
Following the methodology outlined in Sec-
tion 4.1, we construct S, and .S, using the
SQuAD?2.0 dataset, with each containing 6,000
entries, and each entry consisting of a single doc-
ument. For S,, the document serves as either
evidence or as a resource that could help produce
a fabricated answer conflicting with the model’s
internal knowledge. During the process of ex-
panding the dataset, we use GPT-4 to generate
fictional answers that deviate from the true an-
swers. We then replace all occurrences of the
true answers in the evidence documents with
these fictional ones to effectively augment the
dataset. This is because the essence of knowl-
edge conflict lies in the conflict itself, rather than
in correctness (Li et al., 2023a). For S, the doc-
ument consists of manually annotated irrelevant
noise. Following the methodology described in
Section 4.4.1, we develop S, which comprises
12,000 data entries. Each entry includes four
documents: one document relevant to the ques-
tion’s answer (both correct and fabricated), one
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noise document on the same topic, and two noise
documents from entirely different topics.
Following (Li et al., 2023a), we create the eval-
uation set SQuAD2.0-Eval to simulate complex
retrieval scenarios. We construct two types of
contexts: conflicting contexts and irrelevant con-
texts. In line with the typical chunk-size used in
RAG tasks (Shi et al., 2023), we set the number
of documents in each context to four. For the
conflicting context, we select one document re-
lated to the same topic and two documents from
different topics, all based on semantic similarity
(We utilize the widely adopted and advanced bge-
reranker-large (Xiao et al., 2023) model.). We
ensure that none of these documents can provide
an answer to the question. These are then paired
with an evidence document that directly conflicts
with the internal knowledge of the LLMs. To pre-
vent bias arising from the order of documents, we
randomize the order of evidence within the con-
text. For the irrelevant context, we differentiate
the documents by difficulty level. The more chal-
lenging documents, manually annotated, include
two topic-related but unanswerable documents;
the less challenging are randomly selected, con-
sisting of two topic-unrelated documents. These
four documents are then shuffled to form the ir-
relevant context.

RGB (Wang et al., 2024b) serves as a bench-
mark to evaluate LLMs’ ability to effectively
utilize retrieved information and withstand vari-
ous retrieval-related flaws, covering both English
and Chinese languages. RGB provides question-
answer pairs annotated with counterfactual and
noisy knowledge. Consistent with our approach
in constructing SQuAD2.0-Eval, we build an
evaluation dataset with more complex contexts
based on the original corpus.

KNOT (Liu et al., 2024) is a benchmark specit-
ically designed for studying the resolution of
knowledge conflicts. It categorizes questions
into three types based on the reasoning capabili-
ties required to reconcile conflicting information.
Consistent with our methodology in constructing
SQuAD?2.0-Eval, we further enrich this founda-
tion by incorporating noisy contexts, and creating
an evaluation dataset with more complex scenar-
ios to test performance.

CMB (Wang et al., 2024b) is a medical open-
source query dataset, which are designed for
multi-task Q&A, encompass single and multiple-
choice questions in the medical field (Jiang et al.,



2024b). The CMB dataset utilizes qualifying ex-
ams as a data source in the four clinical medicine
specialties of physicians, nurses, medical techni-
cians, and pharmacists, with a total of 269,359
questions. Given the extensive size of the CMB
dataset, we randomly sample 4,000 questions
for testing. The medical domain concerns hu-
man health and life safety (Yang et al., 2023; Xu
et al., 2023a; Ma et al., 2023; Xu et al., 2023b,
2024b). Developing language models capable of
understanding and applying medical knowledge
is of great significance for advancing the intel-
ligence of healthcare services. Consistent with
our approach for constructing the SQuAD2.0-
Eval, by utilizing medical triples and documents
from the Huatuo-26M dataset (Li et al., 2023b)
to build supplementary medical context, we cre-
ate a dataset to evaluate the medical knowledge
utilization of LLMs. Specifically, we construct
conflicting knowledge and contexts with origi-
nal questions and answers, as well as irrelevant
contexts. We do not require LLMs to complete
multiple-choice questions but to directly answer
the questions.

A.4 Prompts used in Parenting

In this section, we provide a detailed display of all
the prompts used.

* Extract parameter knowledge The following
prompt extracts world knowledge acquired dur-
ing the pretraining phase of LLMs.

Prompt A.4.1

This is a question about {7opic}. Please
answer the question {Question q}. Please
provide a direct answer without analysis.
If you are unsure or do not know the an-
swer, please respond with ‘I don’t know’.

¢ Construct fabricated (counterfactual) answers
The following few-shot prompt is used to gener-
ate fabricated answers using GPT-4 that deviates
from the realistic answer, which we require to be
as plausible as possible.

Prompt A.4.2

Please generate speciously plausible but
incorrect answer to the question. Provide
only the false answers; do not reiterate the
queries.

Question: What is the capital of France?
Answer: Paris. Fake answer: Lyon.
Question: What is the highest mountain
in the world? Answer: Mount Everest.
Fake answer: Lhotse.

... 7 more examples . ..

Question: Who is the founder of Mi-
crosoft? Answer: Bill Gates. Fake an-
swer: Steve Jobs.

Question: {Question q} Answer: {Realis-
tic Answer ansgoden } Fake answer:

* Guide LLMs to integrate knowledge The
following prompt guides LLMs to integrate
both external retrieved knowledge and internal
parameter-based knowledge, serving as the input
framework for the training sets S, and S, as
well as for all evaluation sets.

Prompt A.4.3

[Instruction] As a knowledge-based
QA expert, you will provide professional
responses based on user’s question, uti-
lizing any supplemental knowledge pro-
vided to enhance the quality of your re-
sponse. If the supplemental information
is irrelevant to the question, rely on your
own expertise to formulate an answer. If
you are unsure about the answer, please
respond with ‘I don’t know’.

[Supplemental Knowledge] {Context
D}

[Question] {Question q}

[Answer]

* Document Extraction The following prompt
guides LLMs to identify specific document types
and accurately restate their content.
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Prompt A.4.4

[Instruction] Based on the topic, ques-
tion, and supplementary knowledge pro-
vided below, assess the relevance of the
supplementary knowledge to the question
and classify it.

Output the document that is relevant to the
topic and supports answering the question.
or [Output the document that is relevant
to the topic but does not directly assist
in answering the question.] or [Output
the document that is unrelated to both the
topic and the question.]
[Topic] ({Topic}
[Supplemental Knowledge]
D}
[Question]
[Answer]

{Context

{Question q}

J

* Noise recognition The following prompt directs
LLMs to classify document types, serving as the
input framework for the noise identification ex-
periment described in Section 5.4.

Prompt A.4.5

[Instruction] Based on the question
and document provided below, assess
whether the document assists in answer-
ing the question. If the document contains
the answer to the question, output the evi-
dence; otherwise, output noise.

[Supplemental Document] {Docu-
ment dy, }
[Question] {Question q}

[Evaluation Result]

A.5 Implementation Details

We employ two different parameter-level language
model architectures: LLaMA2-7B-Chat (Touvron
et al., 2023) and Qwenl.5-14B-Chat (Team, 2024).
For both models, we utilize parameter-efficient
fine-tuning techniques, specifically LoRA, to ex-
pedite the training process. We use PyTorch li-
brary to implement all the algorithms based on
the open-source HuggingFace transformers (Wolf,
2019) codebase, on an Ubuntu server equipped
with 4 NVIDIA A100 GPUs with 80GB memory.
For Parenting, we set the hyperparameters «; and
avg in Equation (6) to 0.85, and set d; in Equations
(13), (14), and (15) to 0.5.

During the probing phase (i.e., the key parameter
mining stage described in Section 4.2), we use a
learning rate of le-4, a batch size of 16, a cutoff
length of 1024, and run the process for 1 epoch.

In the training phase, for LLaMA2-7B-Chat:
Training was conducted with a learning rate of le-
4, a batch size of 16, a cutoff length of 1024, and 3
epochs. Additionally, LoRA adjustments were im-
plemented with settings including a rank of 8, alpha
of 16, and a dropout rate of 0.05, specifically tar-
geting the modules [o_proj,q_proj,k_proj,v_proj].
For Qwen1.5-14B-Chat: Training was conducted
with a learning rate of 5e-5, a batch size of 8, a
cutoff length of 1024, and 3 epochs. LoRA settings
were rank = 8, alpha = 16, dropout = 0.05, targeting
modules [o_proj,q_proj,k_proj,v_proj].

For testing, settings included temperature = 0.02,
top_p =0, top_k = 1, max new tokens = 512.

Additionally, we carefully tuned the hyper-
parameters of baselines according to the sugges-
tions in the original paper, in order to achieve their
optimal performance.

A.6 General Task Performance

Targeted optimization for RAG scenarios may un-
intentionally have side effects on the general ca-
pabilities of LLMs. To comprehensively evaluate
the impact of Parenting, we conducted systematic
assessments across six widely-used benchmarks,
measuring its performance on various general tasks,
including multitask language understanding, logi-
cal reasoning, and factuality. These benchmarks in-
clude ARC (Clark et al., 2018), HellaSwag (Zellers
et al., 2019), MMLU (Hendrycks et al.), Wino-
grande (Sakaguchi et al., 2021), GSM8K (Cobbe
et al., 2021), and Truthful QA (Lin et al., 2022).
Following the setup in Shi et al. (2024a), we also
used the Eleuther AI LM Evaluation Harness !
for evaluation. For the ARC, HellaSwag, MMLU,
Winogrande, and GSM8K benchmarks, a 5-shot
approach was applied, whereas a zero-shot setup
was used for evaluating TruthfulQA. For evaluation
metrics, we use acc_norm for ARC and HellaSwag;
acc for Winogrande, MMLU, and Truthful QA; and
strict exact_match for GSM8K, aligning with the
Open LLM Leaderboard.

The experimental results in Table 5 demon-
strate that through key parameter mining and type-
tailored tuning strategies, Parenting can signifi-
cantly enhance adherence and robustness with

"https://github.com/EleutherAl/lm-evaluation-harness
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Models ARC HellaSwag MMLU TruthfulQA Winogrande GSMS8K Average

Original ~ 51.84  77.55 47.99 46.32 71.63 2216 5292

LLaMA2-7B-Chat  pyrenting  51.95  77.57 45.96 46.35 71.66 2133 5247
Original  60.39 8243 64.49 53.14 78.38 6827  67.85

Qwenl.5-14B-Chat  parenting 6042 82.03 64.58 53.10 78.44 68.12 6778

Table 5: Results of general abilities of LLMs on six widely-used benchmarks.

SQuAD RGB
1,009

Raga  Rro Raa Rgo
0.15 65.57 40.12 78.00 42.50
0.35 66.49 4231 79.50 43.50
0.55 67.62 4328 78.00 44.50
0.85 69.24 4485 79.50 45.50
0.95 67.01 42.51 7850 43.00

Table 6: Performance comparisons of Parenting (us-
ing LLaMA2-7B-Chat as the backbone model) across
SQuAD?2.0-Eval and RGB with different o values con-
figured.

5 SQUAD RGB
1

Rjga  Rro Raa Rpro
0.1 6156 3693 69.50 36.50
0.3 68.12 44.71 80.00 44.00
0.5 6924 4485 7950 45.50
0.7 6894 43.14 79.50 44.50
0.9 6357 37.54 7550 37.50

Table 7: Performance comparisons of Parenting (us-
ing LLaMA2-7B-Chat as the backbone model) across
SQuAD2.0-Eval and RGB with different d; values con-
figured.

minimal impact on the general capabilities of
LLMs. In some cases, Parenting even led to slight
performance improvements. These findings pro-
vide fresh insights and inspiration for the broader
applicability of Parenting in diverse scenarios.

A.7 Sensitivity Analysis for Hyperparameters

Our proposed Parenting framework primarily in-
cludes two key hyperparameters: the smoothing
hyperparameter «, used in Equation (6) to calculate
importance scores during backpropagation, and the
reweighting hyperparameter 91, applied in Equa-
tions (13), (14), and (15) to balance the original
tasks with the newly introduced tasks. We aim to
explore how different settings of these hyperpa-
rameters affect the performance of Parenting on

Models Match Rate
LLaMA2-7B-Chat 1.36%
Qwen1.5-14B-Chat 1.89%

Table 8: The match rate between LLMs’ parameterized
answers and conflicting answers after training.

the SQuAD?2.0-Eval and RGB datasets, with tests
conducted using the LLaMA2-7B-Chat backbone
model. As shown in Table 6, we observe that the
optimal value for « is 0.85. If the « is set too
low, both adherence and robustness experience a
decline, indicating that the identification of impor-
tant parameters is affected by random sampling
and the complex dynamics of the training process.
Additionally, the results in Table 7 indicate that ¢,
values within a normal range have minimal impact
on performance. Conversely, overly small §; val-
ues can diminish the effectiveness of tasks aimed at
enhancing model adherence and robustness. On the
other hand, excessively large §; values may under-
mine the positive effects of our proposed document
extraction task. Overall, the model maintains rel-
atively stable performance under most conditions,
indicating a low sensitivity to changes in hyperpa-
rameters.

A.8 Detection of Unnecessary Memorization

Introducing question-answer pairs and conflicting
knowledge contexts (especially fictional knowl-
edge and answers) into the training data presents a
potential risk of the model developing unnecessary
memory retention. We employ prompts that do
not provide supplementary knowledge to extract
the parameterized knowledge of LLMs fine-tuned
with Parenting. The results in Table 8 demonstrate
that the model retains almost none of the conflict-
ing knowledge. This further confirms that Parent-
ing effectively guides and optimizes the behav-
ior patterns of LLMs across various contexts,
without embedding specific knowledge into the
model.

11660



Importance distribution for adherence Importance distribution for robustness

o I L L L LT DR
SAROEIIIEII PP FS ST VTSI LS PHFS

Layer Number Layer Number

Figure 5: Visualization of parameter importance dis-
tributions Z,,(£) and Z,.(€) for adherence (Left) and
robustness (Right) in Qwen1.5-14B-Chat.

A.9 Additional Visualization Analysis

In Figure 5, we visualize the distribution of pa-
rameter unit importance for adherence and robust-
ness in Qwenl1.5-14B-Chat. Our observations align
well with those detailed in Section 5.3.3. Further-
more, in the Qwenl.5-14B-Chat model, we ob-
serve an increase in both entangled parameter units
and robustness-specific units. This finding aligns
with existing research (Jin et al., 2024a; Xie et al.),
which indicates that as language models grow in
size, their capability to leverage internal memories
for problem-solving also improves. Such enhanced
reasoning abilities further augment LLMs’ capacity
to perceive external contexts effectively.

A.10 More Diverse Evaluations

To further validate the generalizability of our ap-
proach to more complex real-world tasks, we
perform additional experiments on the TempRea-
son (Tan et al., 2023) and MuSiQue (Trivedi et al.,
2022) dataset based on LLaMA2-7B-Chat.

* TempReason (Tan et al., 2023) contains three
levels of time-related questions.It spans a time
range from 634 to 2023 and includes a total of
52.8K question-answer pairs. We use this dataset
to evaluate whether LLMs can select the most
recent knowledge when confronted with conflict-
ing answers from different timestamps. This is
crucial for evaluating their performance in sce-
narios where knowledge bases are continuously
updated.

* MuSiQue (Trivedi et al., 2022) is a challenging
multi-hop question answering dataset designed
to test the ability of LLMs to reason across all
supporting facts in a given context to arrive at cor-
rect answers for complex questions. It contains
24,814 question-answer pairs, with questions in-
volving 2 to 4 hops of reasoning.

The results in Table 9 indicate that our method

effectively supports real-world applications in
dynamic scenarios and demonstrates strong gen-

Method TempReason MuSiQue

Base 20.90 43.71
KAFT 28.70 58.72
Parenting 31.40 61.35

Table 9: Performance comparisons of Parenting with
other RAG methods (all utilizing the same LLaMA?2-
7B-Chat backbone) on complex real-world tasks. All
results are reported in accuracy (%).

Models SQuAD KNOT
Raa Rro Rad Rro
Claude-3.5 68.29 29.76 63.85 28.49
GPT-4 69.16 2821 64.24 27.56
Parenting  80.47 47.58 73.27 43.34

Table 10: Performance comparisons of Parenting (using
Qwenl.5-14B-Chat as the backbone model) with closed-
source LLMs Claude-3.5 Sonnet and GPT-4.

eralization capability for more complex tasks.

A.11 Comparison with Closed-Source LLMs

To further validate the effectiveness of our ap-
proach, we conduct experiments on the SQuAD2.0-
Eval and KNOT datasets, using the closed-source
LLMs Claude-3.5 Sonnet?> and GPT-4 (Achiam
et al., 2023) for comparison. The experimental re-
sults are shown in Table 10. Although these closed-
source LLMs demonstrate strong performance, our
proposed Parenting (based on Qwen 1.5-14B-Chat)
still exhibits superior knowledge control and selec-
tion capabilities when faced with complex retrieval
contexts.

A.12 Training Overhead and Computational
Efficiency

From the perspective of network propagation, the
proposed Parenting method mainly consists of two
phases: key parameter mining and type-tailored
tuning. We provide additional details regarding
the workload involved in constructing the training
dataset, as well as the training time and memory
usage during the probing (key parameter mining)
and training (type-tailored tuning) phases, and the
number of training tokens.

From results in Table 11, we can observe that,
under otherwise identical conditions, Parenting, de-
spite introducing an additional probing stage com-
pared to baseline KAFT, actually results in shorter

Zhttps://www.anthropic.com/news/claude-3-5-sonnet
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Method Probing phase

Training phase Number of tokens

Time Memory usage Time Memory usage
KAFT / / 1.4%h 68.3GB 32.7M
Parenting 154s 68.3GB 1.03h 68.3GB 33.5M

Table 11: Computational cost of Parenting and the baseline KAFT on LLaMA2-7B-Chat.

Which animal is the
fastest on land?

[Doc1] The cheetah is
considered the fastest land
animal, reaching speeds of
up to 70 miles per hour over
short distances.
[Doc2—noise] The
pronghorn antelope, native
to North America, can
reach speeds of 55 miles
per hour, making it one of
the fastest land animals.
Based on extra knowledge,
the cheetah is the fastest
land animal. [CORRECT]
Based on extra knowledge,
the pronghorn antelope is
the fastest land animal.
[WRONG]

Question

Documents

Parenting
Answer

KAFT
Answer

Table 12: Case study comparing the baseline KAFT and
Parenting.

training times and faster network convergence.
This suggests that our proposed strategy of "de-
coupling parameters first, then performing tailored
tuning" effectively prevents conflicting supervisory
signals from interfering with each other, thereby
improving training efficiency and accelerating the
process. Additionally, the total number of train-
ing tokens in our approach is comparable to that
of KAFT, with no additional computational over-
head. Furthermore, during the inference phase, the
trained model performs with no difference in infer-
ence speed compared to the original base model.

A.13 Case Study

In this section, we provide a case study to visu-
ally demonstrate the effectiveness of Parenting. As
shown in Table 12, the two external knowledge
documents we provided are semantically highly
similar to the question. However, the noise docu-
ment does not contain a direct answer, as it only

describes the ranking of antelope speed using the
term "one of", without providing a precise answer.

The baseline KAFT method treats adherence and
robustness as analogous instruction-following posi-
tive examples. This approach introduces contradic-
tory signals during instruction-following training,
leading to increased learning variance and imped-
ing the effective acquisition of both capabilities. As
a result, KAFT fails to comprehensively analyze
the relevance between the context and the question
at a fine-grained level, making it more susceptible
to noise interference, ultimately leading to incor-
rect answers.

In contrast, Parenting effectively addresses the
balance between adherence and robustness by de-
coupling and identifying parameter subspaces asso-
ciated with each capability. By designing special-
ized tuning strategies for these distinct subspaces,
Parenting ensures that both adherence and robust-
ness are fully optimized. As a result, it can ef-
fectively leverage evidence to generate the correct
answer.
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