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Abstract

Self-learning of Large Language Models (LLMs) facili-
tates their advancement towards super-intelligence by train-
ing with self-synthesized experiences. However, a critical
challenge is the amplification of hallucinations in generated
data during iterative self-learning, underscoring the need for
reliable data selection. To address this, we investigate the
mechanism of Inner Knowledge Explicitation, which involves
explicitly extracting the inner knowledge from memory of
LLMs, to concurrently improves reasoning, and enables re-
liable self-learning data selection. This paper introduces a
Self Knowledge Explicitation Learning (SKE-Learn) frame-
work, which equips the LLMs with meta-skills to explic-
itly extract, verify and utilize inner knowledge for reason-
ing. By leveraging these meta-skills, SKE-Learn establishes a
self-learning approach that ensures reliable selection of self-
synthetic data. This approach enhances performance through
iterative self-learning while mitigating the problem of hal-
lucinations. Empirical results from six benchmarks demon-
strate that Inner Knowledge Explicitation improves reasoning
by serving as a more effective prompting method. Addition-
ally, SKE-Learn, based on the verifiability of explicit knowl-
edge, shows consistent performance improvements over mul-
tiple self-training iterations, with an average performance in-
crease from 52.79% to 56.54% across all benchmarks. Fur-
thermore, Inner Knowledge Explicitation provides explana-
tion and intervention space during LLM’s generation process.

Code — https://github.com/JoeYing1019/SKE-Learn

1 Introduction

Large language models (LLMs) (OpenAl et al. 2024; Dubey
et al. 2024) have significantly advanced the field of natu-
ral language processing (NLP). However, as LLMs evolve
rapidly, the traditional approach of collecting high-quality
human annotations for model training struggles to meet
the increasing scalability demands. Therefore, self-learning
methods for LLMs (Wang et al. 2023b; Tu et al. 2024; Tao
et al. 2024) have been proposed, allowing LLMs to learn au-
tonomously from self-synthesized, large-scale training data.
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(b) Self-learning with Verifiable Inner Knowledge.

Figure 1: Illustration of (a) Direct Reasoning v.s. Inner
Knowledge Explicitation; and (b) Self-learning with Veri-
fiable Inner Knowledge.

This paradigm paves the way for automatic advancement of
LLMs towards super-intelligence. Nonetheless, synthesized
data often has the issue of hallucinations (Ji et al. 2023),
which will be amplified during iterative self-training and
leads to model collapse (Shumailov et al. 2024). Hence, re-
liable selection of self-learning data is of substantial sig-
nificance to ensure learning robustness. However, previous
methods (Huang et al. 2023; Lu et al. 2024) directly synthe-
size reasoning process, which is question-specific and chal-
lenging to verify without human annotations or more ad-
vanced models’ judgments. In contrast, as knowledge has
authorized resource for verification and is general for differ-
ent questions, its correctness is more easily to be verified as
shown in Figure 1 (a).

Inspired by human problem-solving, where relevant
knowledge is recalled from memory before reasoning,
equipping models with meta-skills to acquire, validate, and
utilize their inner knowledge could enhance reasoning and
ensure more reliable automatic data selection.



Thus, this paper aims to systematically investigate the
mechanism of “Inner Knowledge Explicitation”, focusing on
two key questions: (1) Does the explicit extraction of knowl-
edge from the inner memory of LLMs enhance their rea-
soning abilities? (2) Given that explicit knowledge is inher-
ently verifiable, can it be leveraged to automatically select
self-synthetic data for LLMs, thereby establishing a reliable
self-learning system? Specifically to Inner Knowledge Ex-
plicitation, unlike traditional approaches that directly gen-
erate answers, we require LLMs to first extract explicit in-
ner knowledge in natural language from their memory and
then utilize it for reasoning, as illustrated in Figure 1 (b).
The explicit inner knowledge not only improves reasoning
performance as a guidance but also provides explanation
for the utilized knowledge, which facilitates verification of
data quality. Furthermore, we propose a Self Knowledge
Explicitation Learning (SKE-Learn) framework, which em-
powers LLMs with meta-skills to explicitly extract, verify,
and utilize inner knowledge for reasoning, and develop a
self-learning approach using these skills for automatic re-
liable data selection. Specifically, SKE-Learn begins by ex-
tracting explicit inner knowledge from LLM’s memory. This
extracted knowledge then enhances followed reasoning pro-
cess by providing high-level guidance on concepts or prin-
ciples relevant to the given query.

Additionally, by leveraging the verifiability of explicit in-
ner knowledge, SKE-Learn improves the reliability of self-
synthetic data selection, alleviating the issue of hallucina-
tion in iterative training and concurrently enhancing model’s
meta-skills to utilize inner knowledge by establishing a
self-learning approach. The self-learning approach in SKE-
Learn comprises two stages: (1) Meta-skill Training: This
stage focuses on developing model’s meta-skills, including
the self-extraction of explicit inner knowledge, knowledge-
enhanced reasoning, and self-assessment that refers to the
ability of self-evaluating explicit inner knowledge and rea-
soning process. (2) Iterative Self-training: In this stage,
the model self-generates “question-knowledge-reasoning”
traces for training. These traces are filtered based on model’s
self-assessment ability, which assesses the truthfulness of
reasoning and explicit inner knowledge by comparing it with
real-world knowledge as a verifiable reference. This iterative
process strengthens the model’s knowledge utilization and
improves its reasoning capabilities over time.

Extensive experiments demonstrate that while LLMs
possess extensive knowledge, explicit extraction of inner
knowledge still significantly enhances their reasoning per-
formance. The self-learning approach of SKE-Learn allevi-
ates amplified hallucinations and improves model’s reason-
ing capabilities iteratively, resulting in an average perfor-
mance increase from 52.79% to 56.54% across six bench-
marks. Additionally, the Inner Knowledge Explicitation also
offers explanations and intervention space in LLM genera-
tion. Contributions of this work are as follows:

* We systematically investigate Inner Knowledge Explici-
tation and show that extracting explicit inner knowledge
from LLMs’ memory enhances reasoning performance.

* We propose a SKE-Learn framework to improve self-
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learning of LLMs, utilizing verifiable knowledge for re-
liable data selection, ultimately alleviating amplified hal-
lucinations and improving effectiveness in self-training.
Comprehensive experiments across six benchmarks re-
veal that both the Inner Knowledge Explicitation mech-
anism and the SKE-Learn self-learning approach elicit
reasoning abilities, and provide better interpretability in
model knowledge utilization.

2 Preliminary

In this section, we define the concept of Inner Knowledge
Explicitation in the scope of this paper. Specifically, Inner
Knowledge Explicitation refers to the mechanism that LLMs
explicitly output their inner knowledge relevant to given
queries in natural language. Here, we limit the knowledge
scope to the relevant concepts, theories, principles, laws, and
factual information regarding domains of given queries.

3 Methodology

In this section, we introduce the meta-skills emphasized in
SKE-Learn and the prompting method with Inner Knowl-
edge Explicitation (§3.1). Follow-up with a self-learning ap-
proach equips LLMs with meta-skills on explicitly extract-
ing, verifying, and utilizing inner knowledge, thereby en-
abling reliable self-synthetic training data selection and im-
proving model’s performance (§3.2). Figure 2 shows the
overall workflow.

3.1 Meta-skills and Prompting Method with
Inner Knowledge Explicitation

Given a question ¢ and its corresponding reference knowl-

edge k, SKE-Learn incorporates three key meta-skills:

(1) Self-extraction of Inner Knowledge, which involves

extracting relevant explicit inner knowledge k from the

model’s memory in response to g:

k = M(qvpextract)7 (l)

(2) Knowledge-enhanced Reasoning, referring to the abil-
ity generate reasoning r based on the extracted knowledge:

r= M(Qv kaPreason)v 2)

(3) Self-assessment, which is the ability to self-evaluate the
quality of the reasoning process, and inner knowledge taking
authoritative real-world knowledge as a reference:

M= Mg,k kPl 3)
M, ks 7y Pliore) (4)

where M represents model; s* and s" are scores for knowl-
edge and reasoning; Pextract> Preasons pfcore and chore are re-
lated prompts for these meta-skills.

As illustrated in Figure 2 (a), the prompting method
with Inner Knowledge Explicitation leverages the aforemen-
tioned first two meta-skills by extracting inner knowledge
and then applying it for reasoning. Similar to evidence-based
reasoning (Howick, Glasziou, and Aronson 2010; Gupta
et al. 2022), SKE-Learn enables the model to quote explicit
inner knowledge as evidence, thereby reducing hallucina-
tions and enhancing overall quality of generated outputs.

S =
s" =
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Figure 2: Tllustration of (a) prompting method with Inner Knowledge Explicitation, which first extracts inner knowledge then
applies it for reasoning; and (b) self-learning approach of SKE-Learn, comprising meta-skill training and iterative self-training.

3.2 Self-learning Approach of SKE-Learn

To further boosting model’s reasoning ability and reinforc-
ing meta-skills, we design a self-learning approach. This ap-
proach consists of two stages: meta-skill training and itera-
tive self-training as depicted in Figure 2 (b).

Meta-skill Training This stage focuses on referencing
meta-skills including self-extraction of explicit inner knowl-
edge, knowledge-enhanced reasoning, and self-assessment.
Assuming the availability of a substantial unsupervised
knowledge corpus C, we aim to construct several data col-
lections DX, DE . and D3, for different meta-skills,
the former two include instances of high-quality “question-
knowledge-reasoning” traces (i.e. ¢;, k;,7;) and the lat-
ter one additionally comprises corresponding knowledge
chunks and scores for the knowledge and the reasoning (i.e.
Ciy @i ki, i, 85, 7). As illustrated in the left part of Figure 2
(b), our process begins by sampling knowledge chunk c;
from C. The initial model M then generates a question g;
that requires reasoning about c;, and further generates asso-
ciated knowledge k; and reasoning ;.

Since MY may struggle with self-assessment in the ini-
tial phase, we draw inspiration from Zheng et al. (2023) and
leverage a more advanced model (i.e. GPT-4), 7, to evalu-
ate the knowledge %; and reasoning r; at this stage. Specif-
ically, J utilizes the knowledge chunk c; as a direct and
verifiable reference to assess the correctness and reliability
of k;. It determines whether k; accurately reflects the ques-
tion’s requirements and covers all necessary aspects, ulti-
mately assigning a score s¥ to k;. For the reasoning r;, J
evaluates its factual accuracy, logical coherence, and appli-
cation of the provided explicit knowledge, producing a score
s for r;. To mitigate the risk of knowledge distillation from
used advanced model at this stage, we have M? synthesize
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all the knowledge and reasoning traces, using the more ad-
vanced model J solely for correctness evaluation and fil-
tering. Thus, the knowledge and reasoning are originally ac-
quired by M9, the only injected capability is critical scoring.

Subsequently, we select the high-quality sets of k; and r;
based on pre-defined threshold to construct the meta-skill
trammg data DE,, for self-extraction of inner knowledge
and DL, for knowledge-enhanced reasoning, respectively.
For the meta-skills of self-assessment, a small portion of the
data Dz, is uniformly sampled from both s¥ and s? for
training. To further enhance the diversity of the questions,
we also incorporate a small number of existing questions
during this process to construct the knowledge and reasoning
process in a similar manner. Utilizing this meta-skill training
data, we then develop a new model M} __ with followed
training objective:

meta

Lieta = —E (g, 1), 108(kilg:)
o E(qiﬁki,h)~D,§m log(rilqi, ki)
—E(c; g ki i sk s DS, llog(s¥|qs, ki, i)+
log(s}|gi, ki, 7i)] (5)

Iterative Self-training. Since ./\/lmeta possesses  bet-
ter meta-skills in self-extraction of inner knowledge,
knowledge-enhanced reasoning, and self-assessment, it can
engage in iterative self-training through self-synthesizing
data and selecting high-quality ones by self-assessment ca-
pability. This process further strengthens these meta-skills
and enhances model’s overall reasoning performance.
Given an unsupervised knowledge chunk c;, we use
M. to self-synthesize “question-knowledge-reasoning”
traces, similar to the meta-skill training phase, thereby ob-
taining question ¢;, knowledge k; and reasoning process ;.



Unlike the meta-skill phase that uses a stronger model for
scoring, here we leverage the self-assessment capability of
M. to provide scores for k; and 7;, denoted as s% and
s, respectively. Then high-quality k; and r; are selected to

construct a new set of self-evolving training data DX | and

evo
Dgol , which are used to train a more proficient model, M2,
The training objective of this stage is:
Levol = K IOg(kj |Qj)

evol

—Eg, k;,r)~Dr, 108(r;lq5, kj)

—E(g; k;)~D

(6)

During this stage, we iteratively obtain models M®
trained on data synthesized by M~ The self-extracted
knowledge of M~ is validated by its self-assessment abil-
ity with ready-made authoritative references from real-world
knowledge chunks. This validation alleviates hallucinated
data being used for self-learning by establishing a more re-
liable data selection process. Moreover, since all data origi-
nates from the model itself, this process ensures both relia-
bility and automation. As a result, at each round, the model
can progressively refine its knowledge boundaries and meta-
skills from experiences of the previous round’s model, lead-
ing to iterative improvements in performance.

4 Experiments

In this section, we verify whether Inner Knowledge Explici-
tation can elicit reasoning and facilitate self-learning (§4.2),
whether knowledge injection occurs in self-learning (§4.3),
and provide detailed analyses about the meta-skills evolu-
tion, interpretability, intervention space and hallucination al-
leviation brought by Inner Knowledge Explicitation (§4.4).

4.1 Experimental Setup

Implementation  Details. We fine-tune  Llama3-
8B (Dubey et al. 2024) on 100,000 instances of Magpie
data' (Xu et al. 2024b), and derived an instruct model as
the backbone model of whole experiments, namely Llama3-
8B-Magpie. All models are trained with full parameters for
2 epochs, using batch size of 32, learning rate of 2e-5, with
100 warmup steps. In inference phase, we set all tempera-
tures as O to ensure better reproducibility. All experiments
are performed on eight NVIDIA A100-SXM4-80GB GPUs.

Comprising meta-skill training, we conduct totally four
rounds of iterative training. Following Yuan et al. (2024),
we mix a proportion of general data> and the scoring data
from the meta-skill training stage at each round to maintain
both general responsiveness and self-assessment capability.
Training data details for each round are provided in Table 1.

The unsupervised knowledge corpora are sourced from
a collection based on Wikipedia® , and the small propor-
tion of existing questions leveraged in this stage are drawn
from a dataset focused on STEM*. In meta-skill training,
we use GPT-4 with version gpt-4-0125-preview as

'The first 100,000 entries from https://huggingface.co/datasets/
Magpie- Align/Magpie-Pro-300K-Filtered.

2Sampled 25,000 instances from aforementioned Magpie data.

3https://huggingface.co/datasets/fmars/wiki_stem.

*https://huggingface.co/datasets/cfahlgren1/swti- stem-20K.
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Model | Knowledge Reasoning Scoring General
MO — ML, 5,000 5,000 4,237 25,000
M., — M? 100,35 10,135 42,37 25,000
M? = M3 23,503 22,450 4,237 25,000
M3 = M4 38,069 42,672 4237 25,000

Table 1: Training data details in our self-learning approach.

judge model. The scores for knowledge and reasoning pro-
cess both range from O to 10, with higher scores indicating
better quality. The score threshold for selecting data is 8.

Benchmarks and Evaluation Metrics. We conducted
experiments across a wide range of popular bench-
marks, including general examination benchmarks such as
MMLU (Hendrycks et al. 2021), AGIEval (Zhong et al.
2024), and ARC (encompassing ARC-E and ARC-C) (Clark
et al. 2018). Additionally, we evaluated on the comprehen-
sive reasoning benchmark BBH (Suzgun et al. 2023) and the
knowledge question-answering benchmark Natural Ques-
tions (NQ)’ (Kwiatkowski et al. 2019). All evaluation met-
rics are accuracy, with corresponding evaluation scripts de-
rived from OpenCompass (Contributors 2023).

Baselines. To verify the performance of prompting
method with Inner Knowledge Explicitation, some zero-
shot Prompting-based Approaches utilizing LLM’s in-
ner knowledge implicitly are compared, including: (1)
Zero-shot (Brown et al. 2020) generates answers directly.
(2) Chain-of-Thought (Wei et al. 2022) generates step-
by-step thoughts. (3) Plan-and-Solve (Wang et al. 2023a)
conducts planning before reasoning. (4) Rephrase-and-
Respond (Deng et al. 2023) instructs LLMs to rephrase the
question. (5) System-2-Attention (Weston and Sukhbaatar
2023) instructs LLMs to remove irrelevant information from
prompts. (6) Thread-of-Thought (Zhou et al. 2023) fea-
tures an enhanced thought inducer. (7) Analogical (Zhou
et al. 2023) automatically generates exemplars. (8) Re-
Reading (Xu et al. 2024a) repeats the question twice.

For the Self-learning Approach, we introduce a self-
learning baseline denoted as M, which is trained by typical
self-learning manner that self-synthesizes Chain-of-Thought
format “question-reasoning” trace and selects high-quality
data by solely self-rewarding on reasoning process (Yuan
et al. 2024), with an equivalent amount of data created from
all knowledge corpora used in SKE-Learn.

4.2 Main Result

The main results are demonstrated in Table 2, we can ob-
serve that:

Inner Knowledge Explicitation Elicits Reasoning Ability.
Compared to existing prompting methods that utilize knowl-
edge implicitly, SKE-Learn demonstrates superior perfor-
mance across all benchmarks, outperforming the most com-
petitive baseline (i.e., Thread-of-Thought) by an average of

>We use the standard open-domain splits as per previous stud-
ies (Lewis, Stenetorp, and Riedel 2021; Wang et al. 2024a).



Methods \ MMLU BBH ARC-E ARC-C AGIEval NQ Average
Prompting-based Approaches
Zero-shot (Brown et al. 2020) 54.81 16.82  83.46 69.28 45.93 24.04  49.06
Chain-of-Thought (Wei et al. 2022) 48.06 24.60 68.77 60.24 44.99 17.76  44.07
Plan-and-Solve (Wang et al. 2023a) 50.01 24.67  67.05 55.21 45.67 12.00 4244
Rephrase-and-Respond (Deng et al. 2023) 46.14 2246  71.38 61.69 47.97 21.94 45.26
System-2-Attention (Weston and Sukhbaatar 2023) 52.34 14.35 72.90 63.40 46.60 17.04 44.44
Thread-of-Thought (Zhou et al. 2023) 56.32 2554 87.5 71.50 44.04 23.24 51.36
Analogical (Yasunaga et al. 2024) 5432 2354 7374 61.95 42.29 2726  47.18
Re-reading (Xu et al. 2024a) 52.19 2990 81.82 70.73 48.35 21.16 50.69
SKE-Learn (M%) 5721 27.56 85.73 71.93 44.39 2989  52.79
Self-learning Approaches
Self-learning Baseline (M) 5478  25.19  82.74 71.42 45.86 19.28 49.88
SKE-Learn (M}...) 5794 3249 8594 73.46 44.85 31.44 54.35
SKE-Learn (M?) 58.90  34.17 87.21 75.85 46.42 31.58 55.69
SKE-Learn (M?3) 5945 3516  87.67 76.19 46.18 31.52 56.03
SKE-Learn (M%) 58.84 3525  89.60 76.37 47.12 32.05 56.54
Ablation Study
SKE-Learn (M) 56.70  25.57  80.68 70.82 45.90 28.73 51.40
SKE-Learn (Mg) 5742 2831 86.95 74.23 45.62 30.69 53.87
SKE-Learn (Ms.g) 57.06  26.80  86.15 73.38 45.65 29.00 53.01
SKE-Learn (Mcpr) 56.97  28.03  86.62 71.16 44.64 30.75 53.03
SKE-Learn (Mcprys+G) 56.70  26.33  80.72 65.02 43.34 24.93 49.51

Table 2: Main results across various benchmarks. The Average score represents the mean performance across all benchmarks.
Scores that are bolded indicate the highest performance among same setting.

1.43%. We attribute this improvement to the role of In-
ner Knowledge Explicitation, which enables LLMs to accu-
rately recall the necessary underlying concepts and princi-
ples. Explicitly generating these in natural language further
strengthens the understanding of this information, thereby
enhancing the subsequent reasoning process. Additionally,
we observe that the Zero-shot approach outperforms several
prompting techniques, such as Chain-of-Thought, in certain
tasks. We hypothesize that this is due to the training data
of Llama3-8B-Magpie, which primarily consists of long an-
swers with detailed analyses. As a result, the Zero-shot out-
puts, which also include detailed explanations, resemble a
variant of Chain-of-Thought prompting. This similarity may
make the Zero-shot approach even more effective, given its
closer alignment with the training data format.

Self-learning Framework Iteratively Improves Perfor-
mance. Compared to the self-learning baseline M, which
was trained on a large set of QA pairs, the meta-skill training
model (M?') demonstrates a 4.47% improvement in aver-
age performance while utilizing 90% less training data. Sub-
sequent iterative training yields even greater performance
gains. The SKE-Learn self-learning framework shows con-
tinuous improvement across all benchmarks when compared
to the non-trained model (M?), with consistent performance
enhancements throughout all training rounds. Specifically,
the meta-skill training stage (M.,) leads to an average
score increase of 1.56%, while the fourth training iteration
(M*) achieves an average improvement of 3.75% compared
with MO. Notably, results on certain tasks, such as BBH,
exhibit a substantial enhancement of 7.69% after completing
the entire self-learning process. These findings suggest that
self-learning, based on Inner Knowledge Explicitation, ef-

fectively enhances the model’s reasoning performance. Fur-
thermore, the incorporation of self-assessment and the veri-
fiability of explicit knowledge ensures a more reliable data
selection process, thereby further boosting the performance
of self-learning.

4.3 Ablation Study

We conduct a comprehensive ablation study to verify to what
extent the potential knowledge injection affects final perfor-
mance of self-learning. Our analysis focuses on the effects
of (1) newly sampled general data, (2) externally sourced
scoring data from GPT-4, and (3) referenced unsupervised
knowledge corpus. Specifically, we use our backbone model,
Llama3-8B-Magpie, to establish baselines: (1) Mg, fine-
tuned on scoring data; (2) Mg, fine-tuned on sampled gen-
eral data; (3) M., fine-tuned on both scoring and sampled
general data; (4) Mcpr, continually pre-trained on Llama3-
8B using 103,096 chunks of knowledge chunks accumulated
throughout self-learning process; and (5) Mcpris+g, Which
evaluates combined effect of all data by fine-tuning Mcpr
with both scoring and sampled general data.

The ablation results, presented in the Ablation Study part
of Table 2, reveal that incorporating these three types of ex-
ternal data leads to only marginal improvements. Nonethe-
less, all baseline models that trained on these data still per-
form worse than our first round training model (M ...). This
suggests that the observed performance gains are not due
to knowledge injection, but rather stem from the develop-
ment of meta-skills in acquiring, verifying, and utilizing ex-
plicit inner knowledge, which are progressively reinforced
through a high-quality self-learning process.
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4.4 Analysis

To deepen understanding of Inner Knowledge Explicita-
tion and SKE-Learn, we answer the following questions:
(1) How do meta-skills evolve throughout iterative self-
training? (2) Can explicit knowledge serve as an explanation
of final performance? (3) Can explicit knowledge offer op-
portunities for intervening in generation process? (4) How
does our self-learning approach alleviate hallucination?
Answer 1: Meta-Skills Improve Through Self-Learning.
To investigate the development of meta-skills during it-
erative self-learning, we randomly select 500 data points
from six benchmarks, and collect the generated knowledge
and reasoning process at each iteration, resulting in a to-
tal of 15,000 data points (3,000 per iteration). Then these
data are evaluated for quality using GPT-4 via LLM-as-a-
Judge prompting (Zheng et al. 2023), in alignment with the
meta-skill training stage. As shown in Figure 3 (a), self-
learning significantly enhances both knowledge and reason-
ing quality scores. Notably, the knowledge quality score
stabilizes after the meta-skill training, indicating that the
model has effectively learned to extract accurate knowledge
during this phase. As a result, subsequent training using
self-synthesized data, which does not incorporate external
knowledge, will not further enhance knowledge quality sig-
nificantly. However, the reasoning quality score continues to
improve, suggesting that the model’s capacity to utilize inner
knowledge is progressively refined through self-learning.
Answer 2: Inner Knowledge Explicitation Brings Inter-
pretability. Intuitively, if a model can accurately extract and
apply its inner knowledge to perform knowledge-enhanced
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reasoning, its final performance should be closely related
to the quality of inner knowledge and reasoning. To assess
whether Inner Knowledge Explicitation contributes to inter-
pretability, we evaluate the relevance between the quality of
the knowledge/reasoning and the model’s final performance
using the aforementioned GPT-4 score data. Specifically, we
calculate the following relevance scores:

Z?:l ﬂ[[(ri) = 1,57{'C >=28

+ [Iry = 0,87 < 8]

Rk:: Zn 1 ) (7)
i=1
t LIy =187 >=8]+ [I(r,) =0,s; <8
R, — iz ey = ]1 ey I ®
i=1

where R, and R, are the relevance scores between the qual-
ity of knowledge/reasoning and final performance; I,.,) rep-
resents the final result of correct (1) or wrong (0); 1[x] is 1 if
its required condition z is satisfied, otherwise 0. As shown in
Figure 3 (b), the relevance between knowledge and final per-
formance suggests that explicit knowledge provides a partial
explanation for the correctness or error in model response.
Moreover, this relevance score improves with iterative train-
ing, indicating that the interpretability of explicit knowledge
enhances over time. Additionally, Figure 3 (c) demonstrates
that the relevance between knowledge-enhanced reasoning
and final performance also strengthens during self-learning.
We attribute this to the reason that the process of quoting
explicit knowledge in knowledge-enhanced reasoning will
make model’s reasoning more trustworthy.

Answer 3: Inner Knowledge Explicitation Facilitates In-
terventions in the Generation Process. Enhancement of
meta-skills on knowledge utilization enables the model to



Question: How many three-digit positive integers are there?  (A) 899

(B) 900

(©) 1000 (D) 999

Knowledge and reasoning from M?:

Knowledge: (1) A three-digit positive integer is an integer between 100 and 999, inclusive. (2) The number of three-digit positive integers is equal to the number of
ways to choose 3 digits from 9 digits (0-9, excluding 0 as the first digit) and arrange them in a specific order.

Reasoning: Based on knowledge 1, a three-digit positive integer is an integer between 100 and 999, inclusive. Based on knowledge 2, we need to choose 3 digits
from 9 digits and arrange them in a specific order. The number of ways to choose 3 digits from 9 digits is equal to 9 X 9 X 9 = 729. The number of ways to arrange
3 digits in a specific order is equal to 3! = 6. Therefore, the total number of three-digit positive integers is therefore 729 x 6 = 4356. The answer is therefore D: 999.

Knowledge and reasoning from M*:

Knowledge: (1) A three-digit positive integer is an integer between 100 and 999, inclusive. (2) The number of integers in a given range can be calculated by

subtracting the smallest value from the largest value, plus 1.

Reasoning: Based on knowledge 1, a three-digit positive integer is an integer between 100 and 999, inclusive. Based on knowledge 2, the number of three-digit
positive integers can be calculated by subtracting the smallest three-digit integer (100) from the largest three-digit integer (999), plus 1. The answer is B. 900.

Table 3: A case that completes by models before and after self-learning.

better adjust their outputs by giving modified correct knowl-
edge. Thus, this improves the chance of knowledge inter-
vention. In this study, we simulate this intervention by em-
ploying more stronger LLMs to generate the corresponding
knowledge. Specifically, we use Llama3-70B-Instruct and
GPT-4 for this purpose, integrating their knowledge into our
model. As illustrated in Figure 4, results indicate that knowl-
edge derived from more powerful models improves perfor-
mance. This demonstrates that explicit knowledge can act
as an interface for modifying the model’s reasoning process.
By providing diverse knowledge inputs, the model’s reason-
ing can be adjusted accordingly. Additionally, iterative train-
ing shows that results based on knowledge from different
models all consistently improve, suggesting that the meta-
skills of knowledge-enhanced reasoning are progressively
enhanced through iterative self-learning.

Answer 4: Inner Knowledge Explicitation alleviates am-
plified hallucinations. To investigate whether our self-
learning approach mitigates amplified hallucinations, we
present a case study illustrated in Table 3. Given the same
question, the model before self-learning (M?) incorrectly
hallucinates a flawed method for calculating the number of
three-digit positive integers, leading to erroneous reasoning.
However, after iterative self-learning, the refined model M
generates a correct calculation method and effectively ap-
plies this knowledge to arrive at the accurate answer. This
demonstrates that our self-learning approach successfully
leverages the verifiable nature of knowledge for reliable data
selection, thereby reducing amplified hallucinations.

5 Related Work

Prompting-based methods for LLMs. Zero-shot prompt-
ing has been extensively investigated to enhance reason-
ing abilities in LLMs. Some strategies focus on improv-
ing LLMs’ comprehension of the given query (Deng et al.
2023; Xu et al. 2024a). Other approaches explicitly gener-
ate the reasoning thoughts within LLMs (Wei et al. 2022;
Zhou et al. 2023). Additionally, certain methods assign spe-
cific roles to the LLMs within the prompt (Zheng, Pei, and
Jurgens 2023; Wang et al. 2024b). In contrast to these tech-
niques, which leverage the inner knowledge of LLMs im-
plicitly, our approach focuses on the explicit extraction of
this inner knowledge from LLMs’ memory, and find that this
approach can enhance model’s reasoning performance.
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Self-learning methods for LLMs. Self-learning meth-
ods that enable LLMs to autonomously learn from self-
generated experiences are rapidly advancing, with a crucial
aspect of the selection of high-quality data. Some studies
rely on external metrics selection (Singh et al. 2024; Qiao
et al. 2024; Ulmer et al. 2024), while others use internal
consistency measures or model-inherent criteria to achieve
similar goals (Huang et al. 2023; Yuan et al. 2024; Lu et al.
2024). Different from these approaches, our work takes a
distinct approach by utilizing the verifiability of explicit
knowledge to improve data quality verification, alleviating
amplified hallucinations.

Knowledge-enhanced methods for LLMs. Knowledge-
enhanced approaches have been extensively explored to im-
prove the capabilities of LLMs. Some studies focus on re-
trieving knowledge from external sources using Retrieval-
Augmented Generation (RAG) techniques to enhance LLM
performance (Li, Yuan, and Zhang 2024; Fatehkia, Lucas,
and Chawla 2024; Wiratunga et al. 2024). Other research has
demonstrated that incorporating external knowledge from
more advanced LLLMs can improve commonsense reason-
ing (Liu et al. 2022; Fu et al. 2023). In contrast to these
methods that rely on external knowledge, SKE-Learn lever-
ages self-extracted inner knowledge from the LLM’s own
memory to enhance reasoning performance.

6 Conclusion

In this paper, we investigate the Inner Knowledge Explic-
itation mechanism, which explicitly extracts inner knowl-
edge from the memory of LLMs. To this end, we propose
a Self Knowledge Explicitation Learning (SKE-Learn)
framework that enhances LLMs’ meta-skills to explicitly
extract, verify and utilize inner knowledge for reasoning.
Leveraging the verifiability of explicit knowledge, SKE-
Learn establishes a self-learning approach that ensures the
reliable selection of self-synthetic data, thereby mitigating
amplified hallucinations and enhancing the effectiveness of
self-training. Experimental results across six benchmarks
demonstrate that Inner Knowledge Explicitation elicits rea-
soning capabilities of LLMs. SKE-Learn allows LLMs to
iteratively self-improve, achieving an average performance
increase from 52.79% to 56.54% across all benchmarks.
Moreover, the explicit knowledge provides explanation and
intervention space during LLM’s generation process.
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