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Abstract

Continual pre-training (CPT) has been widely
adopted as a method for domain adaptation
in large language models. However, CPT has
consistently been accompanied by challenges,
such as the difficulty of acquiring large-scale
domain-specific datasets and high computa-
tional costs. In this study, we propose a novel
method called Test-Enhanced Learning for Lan-
guage Model Enrichment (TELLME) to allevi-
ate these issues. TELLME leverages the Test-
Enhanced Learning (TEL) principle, whereby
the model’s training efficiency is improved us-
ing quizzes during training. It integrates this
principle with CPT, thereby promoting effi-
cient domain-specific knowledge acquisition
and long-term memory retention. Experimen-
tal results demonstrate that TELLME outper-
forms existing methods by up to 23.6% in
the financial domain and achieves a 9.8% im-
provement in long-term memory retention. The
model and TELLME dataset are available at
huggingface.co/anonymous4459.

1 Introduction

Recently released Large Language Models (LLMs)
have demonstrated exceptional performance across
various Natural Language Processing (NLP) tasks
and are widely utilized (Achiam et al., 2023; Brown
et al., 2020). However, to tailor these models to spe-
cific domains or task-specific demands, it is nec-
essary to incorporate domain-specific knowledge
through continual learning (CL). Depending on
the objective, CL approaches have been proposed
utilizing continual pre-training (CPT), instruction
tuning (IT), or reinforcement learning (RL) (Gu-
rurangan et al., 2020a; Ouyang et al., 2022; Taori
et al., 2023). Among these approaches, additional
training using CPT has been recognized as an effec-
tive method for developing domain-specific LLMs
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Figure 1: Examples of QA pairs produced with the IN-
STPT and TELLME methods. Whereas INSTPT adopts
a reading-comprehension style QA that extracts answers
directly from the context, TELLME reinforces knowl-
edge through in-depth QA.

by incorporating the intrinsic knowledge of the tar-
get domain. Nevertheless, CPT presents several
challenges: (1) acquiring a large volume of domain-
specific training data is often difficult, and (2) the
training process requires substantial computational
resources (Wu et al., 2024).

To address these issues, various methods have
been proposed to perform effective CPT by further
processing or augmenting CPT data. A noteworthy
advancement is the shift away from the conven-
tional approach, where IT is conducted sequentially
after CPT, toward methods that incorporate IT data
directly during the CPT process. This integrated ap-
proach has demonstrated promising results (Cheng
et al., 2024; Jiang et al., 2024; Ke et al., 2025). A
representative example is INSTPT, as illustrated in
Figure 1, where CPT is conducted simultaneously
with QA samples related to plain text (Cheng et al.,
2024). This approach effectively guides the models
in encoding plain text knowledge more efficiently.

The previously proposed methods share a com-
mon feature: they integrate testing into the train-
ing process, resembling the Test-Enhanced Learn-
ing (TEL) framework in educational psychol-
ogy (Roediger III and Karpicke, 2006). TEL has
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been shown to improve long-term retention by in-
corporating testing during the learning process.
However, existing approaches such as INSTPT and
pre-instruction tuning (Jiang et al., 2024) deviate
from the effective testing strategies suggested by
TEL. Research shows that open-ended explanatory
responses, rather than simple recall or multiple-
choice formats, yield stronger long-term reten-
tion (Larsen et al., 2008; Francis et al., 2020).
In contrast, the question–answering format in IN-
STPT, illustrated in Figure 1, is largely constrained
by the given text, limiting its ability to elicit inter-
nal knowledge.

Motivated by these findings, we hypothesize that
adapting TEL’s principle of intrinsic-knowledge
recall to CPT can improve both the efficiency of
knowledge acquisition and the durability of learned
representations. To test this hypothesis, we pro-
pose Test-Enhanced Learning for Language Model
Enrichment (TELLME). As illustrated in Figure 1,
TELLME extends conventional CPT by jointly train-
ing plain text with descriptive QA samples that re-
quire explanatory reasoning beyond the given con-
text. We construct 100K domain-specific TELLME

samples using GPT-4o-mini in a cost-efficient man-
ner, ensuring high question diversity to stimulate
the model’s intrinsic knowledge.

We evaluate TELLME through domain-specific
continual training and long-term retention experi-
ments. Training datasets were built for the financial
and medical domains, and additional training was
performed using models of various scales, includ-
ing LLaMA (Dubey et al., 2024) and SmolLM (Al-
lal et al., 2025). Experimental results show that
TELLME yields up to a 23.6% improvement in fi-
nancial comprehension benchmarks over CPT+IT
baselines and achieves a 9.8% gain in long-term
retention compared with standard CPT. Our main
contributions are summarized as follows:

• We introduce TELLME, a continual pre-
training framework that enhances knowledge
acquisition and long-term retention in LLMs.

• We present a cost-efficient pipeline for gener-
ating large-scale, diverse QA data for domain-
specific continual training.

• We empirically validate TELLME on finan-
cial and medical domains, demonstrating sig-
nificant gains over conventional CPT and
CPT+IT methods.

2 Related Work

In this section, we introduce the foundational con-
cepts underlying the proposed TELLME method:
(1) test-enhanced learning, (2) continual learning
in LLMs, and (3) QA-based continual learning.

2.1 Test-Enhanced Learning for Human

Test-Enhanced Learning(TEL) (Roediger III and
Karpicke, 2006), one of the domain-optimized
learning methods used by humans, is a concept
studied in cognitive psychology. Unlike the general
perception that tests merely serve as assessment
tools, TEL has been shown to actively facilitate
learning and enhance memory retention. This phe-
nomenon is known as the testing effect, and re-
search has demonstrated that it exhibits synergistic
benefits, particularly when combined with concept
mapping, which involves describing the relation-
ships between distinct pieces of knowledge (Fran-
cis et al., 2020). Additionally, studies have shown
that TEL contributes to the long-term retention of
domain-specific information.

Due to these advantages, TEL has been applied
across various domains (Butler and Roediger III,
2007; Brame and Biel, 2015). Numerous studies in
medical education have reported that exams requir-
ing short-answer or descriptive responses rather
than multiple-choice questions are more effective
in reinforcing learning (Larsen et al., 2013; Zheng
et al., 2022; Raksakietisak et al., 2024).

2.2 Continual Learning for LLMs

Domain optimization methods for LLMs primarily
leverage continual learning, which enables them to
adapt to new data distributions or domains. Within
this framework, various approaches have been ex-
plored to enhance specific domains (Xie et al.,
2024; Ke et al., 2025), tasks (Gururangan et al.,
2020b), and languages (Fujii et al., 2024), as well
as to keep models updated with newly emerging in-
formation (Lazaridou et al., 2021; Su et al., 2023).
Specific examples of domain expansion can be
found in the Appendix F.

2.3 QA-based Continual Learning for LLMs

The concepts of Test-Enhanced Learning (TEL) in
humans and additional training methods for LLMs
have recently converged in QA-based CPT. A no-
table example is the pre-instruction tuning method
proposed by Jiang et al. (2024), which integrates
plain text and QA samples into a mixed training
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process, enabling the model to learn both passages
and QA pairs simultaneously. This approach has
been reported to facilitate the efficient internaliza-
tion of knowledge from plain text during training.

Another notable study has been proposed from
the perspective of knowledge retention. Ke et al.
(2025) observed that performance degradation oc-
curs due to the loss of instruction-following abil-
ity during continual pre-training and proposed a
method that utilizes a mixture of the pre-training
corpus and the instruction-following dataset to ad-
dress this issue. Meanwhile, research has also been
conducted on enhancing specific languages through
QA-based CPT. For example, Chen et al. (2024)
proposed a CPT method targeting English and Chi-
nese, leveraging synthetic QA data to improve
model performance in the scientific domain.

Furthermore, QA-based CPT has been explored
to strengthen reading comprehension abilities.
Cheng et al. (2023, 2024) introduced INSTPT,
an instruction pre-training approach that utilizes
template-based synthetic QA data to enhance spe-
cific tasks. This method has demonstrated notable
improvements in the medical domain.

3 TELLME

Test-Enhanced Learning for Language Model En-
richment (TELLME) is a method designed to en-
hance the efficiency of knowledge acquisition and
ensure long-term retention of learned knowledge by
utilizing QA data during CPT. To implement this,
this study describes the TELLME method through
(1) recap of language modeling, (2) question-and-
answer generation from plain text, and (3) the de-
sign of a training framework.

3.1 Language Modeling
To facilitate better understanding of the proposed
TELLME, we summarize the key concepts of causal
language modeling (CLM), pre-training (PT), and
instruction tuning (IT), which constitute the funda-
mental training methods of CPT.

Causal Language Modeling (CLM) LLMs are
optimized using the CLM objective, which predicts
the next token based on the preceding context. This
objective can be formulated as follows:

LCLM(θ) = − 1

K

N∑

i=1

1(xi) logP (xi|x<i; θ) (1)

Here, θ denotes the model parameters, N is the
sequence length, xi is the i-th token, and x<i de-

Prompt
[instruction]: Generate a Q&A based on the following requirements
1. Avoid direct question about given excerpt.
2. Create question based on general domain knowledge.
3. Ensure question can be answered independently of the excerpt.
[input]:
The French banking bill prohibits high-frequency trading in (...)

Table 1: A simplified prompt example for constructing
the TELLME dataset.

notes all tokens preceding xi. The normalization
term is given by K =

∑N
i=1 1(xi), which accounts

for the total number of tokens contributing to the
loss. The indicator function 1(xi) is defined as:

1(xi) =

{
1 if i-th token included in loss
0 otherwise

(2)

Depending on the training dataset composition
and indicator function configuration, this loss func-
tion can be categorized into PT and IT.

Pre-Training (PT) The dataset used for PT con-
sists of large-scale textual corpora encompassing
extensive general knowledge. These datasets typ-
ically comprise plain text at the sentence or doc-
ument level. During PT, given an input token se-
quence x = (x1, . . . , xN ), the indicator function is
set as 1(xi ∈ x) = 1 for all tokens, ensuring that
every token contributes to the loss computation.
This enables the optimization of a probabilistic
model P (xi|x<i; θ) over the entire corpus.

Instruction Tuning (IT) In contrast, IT employs
a relatively small, structured dataset that prioritizes
learning task-specific response patterns (e.g., trans-
lation, summarization) rather than acquiring broad
knowledge. In this case, training sample x con-
sists of an input prompt p concatenated with an
output o: represented as x = (p,o). During IT,
only tokens belonging to o contribute to the loss
computation. This is implemented by setting the
indicator function such that 1(xi ∈ p) = 0 and
1(xi ∈ o) = 1, ensuring that the model learns to
generate appropriate responses while disregarding
loss contributions from the input prompt.

3.2 Dataset Curation for TELLME

As previously described, TEL has been reported to
be particularly effective when (1) the questions are
descriptive and (2) the answers require respondents
to incorporate their own opinions (internal knowl-
edge) along with factual information. Therefore, it
is preferable to design questions that allow for di-
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verse and unconstrained expression of opinions. Ac-
cordingly, we first avoided reading comprehension-
style questions that can be answered merely by
referring to the plain text. Instead, we focused on
generating QA pairs that, while related to the plain
text, address new knowledge that cannot be directly
found within the text. Table 1 provides a simple
example of a QA generation prompt constructed
based on these criteria. In the [input] of Table 1,
it is evident that the plain text pertains to a banking
bill passed in France. Based on this, and following
the rules proposed in the [instruction], a ques-
tion such as “How do high-frequency trading strate-
gies impact market volatility?” can be generated.
This question establishes a conceptual connection
(concept mapping) between “high-frequency trad-
ing” and “market volatility”, two related pieces of
knowledge that are not explicitly mentioned in the
plain text. We hypothesize that this structure en-
hance long-term memory retention of knowledge
in the respective domain.

In this study, we constructed the TELLME dataset
using the GPT4o-mini based on the proposed
prompt. Generating 100K samples with GPT4o-
mini cost approximately $12 in total. The training
data spans medical and financial domains, with
each sample containing plain text and M associ-
ated question-answer pairs. A concrete example
of the TELLME dataset is shown in Figure 1, with
detailed data samples and generation prompts pro-
vided in Appendices D and E. Finally, the gener-
ated data achieved an average score of 4.03 out of 5
in an LLM-as-a-judge quality evaluation based on
relevance, clarity, and completeness. The detailed
evaluation prompts and results for data quality as-
sessment are provided in Appendix G.3.

3.3 Adapting TEL to Continual Learning
The previously constructed TELLME dataset sam-
ples follow the structure X = (t,q,a), where t
represents the token sequence of the plain text, and
q and a correspond to the token sequences of the
questions and their respective answers. For simplic-
ity, this structure assumes M = 1. When M > 1,
the structure can be extended through QA concate-
nation as X = (t,q1,a1, . . . ,qM ,aM ).

To explicitly reflect the testing effect, we utilize
the TELLME dataset, which includes both plain
text and QA within a single sample. Specifically, in
Equation 1, we configure the indicator function as
1(xi ∈ t ∪ a) = 1, 1(xi ∈ q) = 0. This ensures
that the model is trained to predict only the plain

text and answer components while excluding the
question component q from the loss computation.

From the perspective of mixed training using
both plain text and QA samples, this method
serves as a natural extension of the conventional
CLM approach, considering the CPT and IT train-
ing paradigms. Consequently, it incorporates the
TELLME framework.

4 Experiment

In this section, we present the quantitative eval-
uation procedure and criteria for the proposed
TELLME method, and analyze the experimental re-
sults based on the following research questions: (1)
Does TELLME method acquire domain knowledge
more efficiently than existing approaches? and (2)
Is it effective for long-term memory retention?

4.1 Experimental settings

In this study, we focused on the financial and
medical domains, constructing datasets based on
the method proposed in Section 3.2 using 100k
PubMed abstracts and 100k Bloomberg financial
news articles. The experiments were conducted
with the number of QA pairs per data sample to
M = 3. Both the medical and financial domains
require specialized knowledge and have been pri-
marily used in previous studies for performance
validation based on CPT (Pezeshkpour and Hr-
uschka, 2025; Phasook et al., 2024). The evalu-
ation benchmarks for finance include FOMC (Shah
et al., 2023), NIFTY (Saqur et al., 2024), and
MMLU-F(inance). For the medical domain, eval-
uations were conducted using HeadQA (Vilares
and Gómez-Rodríguez, 2019), MedMCQA (Pal
et al., 2022), and MMLU-C(linic) (Singhal et al.,
2025). All evaluations were conducted using the
lm-evaluation-harness (Gao et al., 2024) for repro-
ducibility. Appendix A provides a detailed descrip-
tion of the benchmark datasets used for evaluation.

The evaluations were conducted using state-of-
the-art open-source LLMs with varying capabili-
ties as the base models. Specifically, experiments
were performed using Llama-{3.2-1B, 3.2-3B, 3.1-
8B} (AI@Meta, 2024) and SmolLM2-1.7B (Al-
lal et al., 2025). To assess the effectiveness of the
proposed method, we compared the performance
of the TELLME method with existing approaches
based on baseline models and four variations of the
training methods:

• + CPT: Refers to the model that has un-
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Model Finance Medicine Average
FOMC NIFTY MMLU-F AVG. HeadQA MedMCQA MMLU-C AVG.

Llama-3.2-1B 22.04 30.38 39.76 30.73 32.39 28.19 35.92 32.16 31.45
+ CPT 22.04 25.09 40.01 29.05 33.58 27.71 35.48 32.26 30.66
+ CPT+IT 24.49 27.74 38.84 30.36 29.25 26.75 33.27 29.76 30.06
+ INSTPT 28.17 27.34 37.92 31.15 29.80 27.06 33.39 30.08 30.61
+ TELLME 29.74 30.69 39.96 33.46 33.55 28.21 36.11 32.62 33.04

Llama-3.2-3B 22.04 29.41 47.47 32.97 37.93 31.80 43.15 37.63 35.30
+ CPT 22.04 20.75 47.15 29.98 38.88 31.05 41.73 37.22 33.60
+ CPT+IT 21.79 25.47 45.36 30.87 33.55 31.17 42.21 35.64 33.26
+ INSTPT 28.79 19.60 44.68 31.03 34.14 31.44 39.89 35.16 33.10
+ TELLME 26.02 27.29 48.31 33.87 38.99 32.01 43.67 38.22 36.05

Llama-3.1-8B 22.04 23.72 53.45 33.07 42.71 37.51 51.74 43.99 38.53
+ CPT 29.53 30.16 52.65 37.44 42.85 35.14 49.32 42.44 39.94
+ CPT+IT 23.51 22.40 48.33 31.41 34.06 31.99 43.82 36.62 34.02
+ INSTPT 34.40 27.30 49.25 36.99 36.98 33.71 45.29 38.66 37.83
+ TELLME 31.38 31.40 53.69 38.82 43.00 35.60 49.29 42.63 40.73

SmolLM2-1.7B 26.31 23.89 47.38 32.53 36.83 29.76 39.89 35.49 34.01
+ CPT 28.56 27.79 46.49 34.28 36.61 29.64 39.59 35.28 34.78
+ CPT+IT 26.36 30.33 47.16 34.62 36.47 29.74 40.92 35.71 35.17
+ INSTPT 28.75 33.38 45.73 35.95 36.69 29.76 39.71 35.39 35.67
+ TELLME 29.37 30.61 47.46 35.82 37.13 30.00 41.28 36.14 35.98

Table 2: Comparison of performance in the finance and medicine domains under different training methods.

dergone continual pre-training on domain-
specific texts.

• + CPT+IT: The model instruction-tuned on a
QA dataset based on the + CPT model (Yang
et al., 2024; Chen et al., 2023; Colombo et al.,
2024).

• + INSTPT: This model is trained based on the
template-based QA generation approach pro-
posed by Cheng et al. (2024). Specifically, an
average of 5.8 short-form QA pairs is gener-
ated for the finance domain, while an average
of 1.25 long-form QA pairs is generated for
the medical domain. During the subsequent
CPT, the plain text and QA datasets are con-
catenated, and the loss is computed over all
the tokens. In this case, the indicator function
in Equation 1, 1(xi ∈ X) = 1. Further imple-
mentation details regarding INSTPT can be
found in Appendix C.

• + TELLME: The model trained using the pro-
posed TELLME method. In this approach, each
sample includes both plain text and QA pairs;
however, only the plain text and answer tokens
are used when computing the loss.

Here, the CPT and IT stages of the CPT+IT model
utilized the plain text and QA samples from the
TELLME dataset, respectively. Consequently, both
the TELLME and CPT+IT models see the same total
number of tokens from the plain-text and QA data.

However, CPT+IT performs two seperated forward-
backward passes, whereas TELLME processed each
mixed sample in a single pass. Detailed information
on the models and the training hyperparameters can
be found in Appendix A.

4.2 Experiment Results

Overall Table 2 presents the performance of the
baseline, CPT, CPT+IT, INSTPT, and TELLME mod-
els in the financial and medical domains. Over-
all, the TELLME approach achieves the highest av-
erage performance. Notably, it outperformed the
commonly used CPT+IT method by 10.0%, demon-
strating a significant improvement. Given that both
TELLME and CPT+IT are trained on the same num-
ber of tokens, this result suggests that TELLME

enables more efficient learning of domain-specific
knowledge compared to existing methods. Further-
more, TELLME surpasses INSTPT by 6.3% over-
all across both the financial and medical domains,
indicating that the incorporation of open-ended,
free-form QA has a positive impact.

TELLME for Domain Adaptation How does
TELLME perform across distinct domains? The ex-
perimental results show that the TELLME method
achieves strong performance in both the finance
and medical domains, with particularly notable im-
provements in the finance domain. In the finance
domain, TELLME consistently outperformed the

1659



2000 2500 3000 3500 4000
Sequence Length

7.70

7.75

7.80

7.85

7.90

7.95

8.00

8.05

Pe
rp

le
xi

ty

2.14%

Impact of Training Variations on Perplexity
Model

SmolLM2-1.7B
+ CPT
+ CPT + IT
+ InstPT
+ TELLME

Figure 2: Perplexity comparison on the medical dataset
for different training approaches. The baseline model
shows the highest perplexity, while the proposed
TELLME achieves the lowest perplexity across all
lengths, indicating improved model performance.

baseline model across all tested models, achiev-
ing an average performance gain of approximately
9.8%. Moreover, despite the INSTPT method train-
ing on nearly twice as much QA data as TELLME,
the TELLME approach still achieved higher scores
in all models, except for SmolLM2-1.7B. Overall,
TELLME outperformed INSTPT by an average of
5.1% across all models. In the medical domain,
TELLME demonstrated an average improvement
of 0.09 points over the baseline model and outper-
formed INSTPT by an average of 2.58 points.

Perplexity in Domain Adaptation Figure 2
presents a comparison of perplexity(PPL) for five
training strategies, including the proposed TELLME

method, in the medical domain. For both training
and evaluation, plain text from the PubMed dataset
was employed, with 100k and 4k disjoint data
samples, respectively, to ensure a fair evaluation.
The results indicated that the pre-trained baseline
model (SmolLM2-1.7B), which was not subjected
to domain adaptation, exhibited relatively high PPL
across all sequence lengths. In contrast, the model
trained solely on plain text (+CPT) tended to demon-
strate lower PPL, suggesting a positive effect on
domain adaptation. However, the model that un-
derwent additional IT with QA data after plain
text training (+CPT+IT) unexpectedly exhibited the
highest PPL. This observation is interpreted as the
QA-focused fine-tuning phase conducted at the end,
diluting the plain text representational capacity. On
the other hand, the +TELLME model, which com-
bines plain text and QA within a single data sam-
ple achieved the lowest PPL across all sequence
length intervals. This suggests that, compared to
the +CPT model, the additional QA component in
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Figure 3: Performance of the finance domain after over-
writing with medicine data.

the +TELLME model exerts a positive impact on do-
main adaptation, and that TEL efficiently acquires
domain-relevant representations.

4.3 The Impact of TEL on Long-Term
Retention

We conducted two experiments using SmolLM2-
1.7B to assess the effectiveness of the TEL tech-
nique in retaining long-term domain knowledge.
Figure 3 displays a comparison between two mod-
els (CPT(F)→CPT(M) and TEL(F)→CPT(M))
in terms of training-step PPL measured on the
Bloomberg corpus (top) and performance based
on a financial benchmark (bottom). Our experimen-
tal setup compared models trained in the following
two phases:

1. First, we trained two initial models using fi-
nance domain data: one with CPT and the other
with TELLME (CPT(F) and TEL(F)).

2. Subsequently, we further trained both models
on medical domain data with CPT for 3 epochs,
yielding the final models: CPT(F)→CPT(M)
and TEL(F)→CPT(M).

In this experiment, we analyzed the long-term re-
tention of previously acquired knowledge (Finance)
by comparing the evaluation results on the target
domain (Finance) between the CPT(F)→CPT(M)
model and the TEL(F)→CPT(M) model.

Perplexity Results on Finance The top graph
in Figure 3 compares the PPL of the two models.
The evaluation was conducted on 4K samples from
the Bloomberg corpus, each with a sequence length
of 4K, using a portion of the corpus that was not
included in the training data. The experimental re-
sults show that the TEL-based model achieved a
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lower PPL than the CPT-based model, indicating
superior performance. Specifically, in terms of the
PPL increase rate, the TEL-based model exhibited
a 2.5% increase, whereas the CPT-based model
showed a 2.65% increase. Given that lower PPL
indicates greater confidence in predicting the next
token, these results suggest that the TEL-based
model maintains a higher probability of generating
content from its previously trained domain, despite
additional training in an unrelated domain. This im-
plies that compared to conventional CPT methods,
the TEL approach better preserves prior domain
knowledge even after cross-domain adaptation.

Benchmark Results on Finance The bot-
tom graph in Figure 3 compares the aver-
age performance of the TEL(F)→CPT(M) and
CPT(F)→CPT(M) models on the finance bench-
mark. Observing the range between 0 and 250
training steps, the CPT(F)→CPT(M) model ex-
hibits a notable decline in finance domain com-
prehension early in the training process on the
medical dataset. In contrast, the TEL(F)→CPT(M)
model shows more stable retention of finance do-
main knowledge, even after additional training on
medical data. As a result, while the CPT-based ap-
proach suffered a 5.72% decline in performance
relative to its initial state, the TEL-based approach
showed only a 0.94% reduction, indicating su-
perior knowledge retention. Additionally, despite
starting with an initial performance 1.53 points
higher than that of the CPT-based model, the TEL-
based model maintained its knowledge more effec-
tively throughout the training, ultimately achiev-
ing a 9.8% higher final performance (equivalent
to a 3.15-point increase) compared to the CPT-
based approach. These findings suggest that, even
when trained on an out-of-domain dataset, the
TEL method preserves the knowledge of the tar-
get domain more effectively than conventional pre-
training methods. This indicates that TEL has a pos-
itive impact on long-term retention, contributing to
greater stability in learned domain knowledge.

5 Ablation Study and Analysis

This section provides an in-depth analysis of
TELLME, focusing on performance variations
across different TEL application strategies. Ta-
ble 3 presents a comparison of model performance
across various training techniques in the finance
domain. In this table, ‘TEL’ refers to the proposed
TELLME method, and ‘Inv-TEL’ denotes a training

Model Inv-TEL CPT PIT TEL-Q/L TEL

Llama-3.2-1B 31.20 29.05 31.81 33.73 33.46
Llama-3.2-3B 31.95 29.98 33.69 33.06 33.87
Llama-3.1-8B 33.83 37.44 37.61 38.69 38.82
SmolLM2-1.7B 33.69 34.28 35.63 34.80 35.82

Average 32.67 32.69 34.69 35.07 35.49

Table 3: A performance comparison for various training
methods utilizing QA data in the financial domain.

strategy in which the input data is structured as
X = (q,a, t), where QA samples precede plain
text. In this case, the loss function is computed
in the same manner as in the TELLME approach,
where all tokens, except for the question, are treated
as targets during CPT. Additionally, ‘PIT’ included
as a comparative method, follows the approach
proposed by Jiang et al. (2024). It consists of a
two-stage training process: first, IT is conducted
using a QA dataset, and then CPT is performed on
the trained model by treating the QA dataset and
plain text data as independent samples. During this
process, the loss calculation for the questions is ex-
cluded. Lastly, ‘TEL-Q/L’ represents a variation of
the TELLME method in which the loss calculation
is applied to all tokens, including questions, during
CPT. See Appendix D.4 for experimental details.

Performance on Test QA Placement Motivated
by PIT’s approach, we tested Inv-TEL to examine
if positioning QA before plain text impacts per-
formance. As shown in Table 3, the model trained
using the Inv-TEL method exhibited a performance
that was approximately 2.82 and 0.02 points lower
than those of the TEL and CPT methods, respec-
tively. These results suggest that even when TEL is
applied, the positioning of the QA pair can signifi-
cantly affect model performance, thereby demon-
strating that the proposed TELLME method effec-
tively leverages this strategy.

Performance on QA Dataset Utilization Method
The QA data proposed in this study can be utilized
as independent samples in CPT alongside plain
text. Alternatively, QA data can be incorporated
within a single sample, along with plain text, for
training purposes. How does performance differ
when QA and plain text are treated as separate sam-
ples? As described earlier, the PIT in Table 3 repre-
sents a model trained with CPT by combining QA
and plain text as independent samples. Compared
to TEL, this model exhibited approximately 0.8
points lower performance. Ultimately, the results
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indicate that integrating QA and plain text within a
single training sample yields higher efficiency than
treating them as independent samples.

The Impact of Question Prediction Loss Would
excluding loss calculation for questions improve
model performance? As shown in Table 3, TEL-
Q/L exhibited approximately 0.42 points lower per-
formance compared to TEL. TEL-Q/L computes
the loss for all tokens, including the questions,
whereas TEL calculates the loss only for tokens
excluding the questions. These results suggest that
the proposed TELLME training method efficiently
learns and utilizes key information, ultimately lead-
ing to improved performance.

Efficiency of TELLME The CPT has a limitation
in which its training process requires substantial
computational resources. To investigate whether
TELLME can alleviate this issue, we conducted an
experiment measuring PPL with respect to train-
ing steps. The experimental results showed that
TELLME achieved the same PPL with a 1.4 times
faster compared to CPT. Further details and results
of the experiment are provided in the Appendix G.

Model Finance

FOMC NIFTY MMLU AVG.

Llama-3.2-3B 22.04 29.41 47.47 32.97
+ INSTPT 28.79 19.60 44.68 31.03
+ TELLME-(M) 24.01 30.06 45.84 33.30
+ TELLME-(S) 26.72 27.47 46.74 33.64
+ TELLME 26.02 27.29 48.31 33.87

Table 4: Performance of TELLME in financial domain
across synthesizers. (M) and (S) indicate datasets gener-
ated by Mistral and self-generated datasets, respectively.

Impact of the Synthesizer in the TELLME The
TELLME dataset was primarily constructed us-
ing the GPT4o-mini model. However, employing
such a sophisticated model in dataset construction
raises questions about whether performance im-
provements genuinely stem from the efficiency of
the proposed TELLME approach or merely reflect
knowledge distillation from a superior model. To
investigate this perspective, we conducted addi-
tional experiments using an alternative synthesizer,
specifically the Mistral-7B model utilized in the In-
stPT approach, to generate the TELLME dataset. As
shown in Table 4, the Llama-3.2-3B model trained
on the Mistral-generated dataset (TELLME-(M))
achieved an average score of 33.30, outperform-
ing the INSTPT baseline by 2.27 points in the fi-

nancial domain. Furthermore, we explored the ef-
fectiveness of self-generated datasets, where the
TELLME dataset was generated by the target model
itself (TELLME-(S)). Results indicate that the self-
generated dataset notably improved performance,
2.61 points higher than the INSTPT baseline. These
results underscore that while employing a powerful
synthesizer like GPT4o-mini yields superior perfor-
mance, the TELLME methodology remains robust
and effective even when less advanced synthesizers
or self-generated datasets are utilized.

Model BoolQ COPA HLSW. SENT. WIC Avg.

Base 0.522 0.477 0.422 0.524 0.529 0.495
CPT 0.571 0.632 0.534 0.536 0.515 0.546
TELLME-KO 0.610 0.585 0.422 0.730 0.550 0.579

Table 5: Benchmark results on KoBEST for the OLMo-
1B model and its variants fine-tuned with TELLME-KO.

Multilingual Generalization to Korean We fur-
ther investigated whether the proposed TELLME

framework generalizes beyond English. To this end,
we generated Korean TELLME data (TELLME-KO)
following the English setting. We evaluated Korean
performance using the OLMo2-1B model on the
KoBEST (Jang et al., 2022) benchmark, aiming to
assess how effectively TELLME can enhance Ko-
rean proficiency in models that originally lack any
Korean capability. As shown in Table 5, TELLME-
KO achieves a remarkable +8.4-point improve-
ment in average accuracy, with over +20-point
gains on the sentence understanding (SENT) task.
These results highlight that the proposed TELLME

framework can augment knowledge in a language-
agnostic manner. Additional experiments across
different Korean models, scales, and data genera-
tion methods are presented in Appendix G.6.

6 Conclusion

In this study, we propose the TELLME (Test-
Enhanced Learning for Language Model Enrich-
ment) technique, which offers an effective method
for continual pre-training of large language mod-
els (LLMs). This approach applies the TEL (Test-
Enhanced Learning) principle to mitigate the lim-
itations of the conventional CPT+IT method, par-
ticularly in learning target domain knowledge and
maintaining long-term memory. We introduce a
CPT method utilizing descriptive QA and a strat-
egy for efficiently constructing training data, which
have demonstrated positive experimental results
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from a domain adaptation perspective. In the fi-
nance domain, TELLME achieved up to a 23.6%
performance improvement on the finance bench-
marks compared to existing methods.

Limitations

The TELLME method proposed in this study has
the following possible limitations.

Model Size. Second, although we extended
our study to a 70B-parameter model (G.5),
the available computational budget required
parameter-efficient fine-tuning, namely Low-Rank
Adaptation (LoRA) and 4-bit quantization. These
techniques reduce memory footprint and training
time, but they also introduce additional variables,
such as rank selection and quantization noise, that
may interact with TELLME. While the preliminary
gains at this scale are encouraging, they may not
faithfully represent TELLME’s effect on a fully
dense 70B model. A systematic investigation with-
out compression, and across even larger architec-
tures, remains an important direction for future
work.

Domain Diversity. Finally, this study focuses on
finance and medicine, two domains known for their
specialized and complex content. However, this
scope does not cover the full range of real-world
applications. Expanding TELLME to additional do-
mains would require reliable benchmark datasets
and evaluation metrics, which are not always pub-
licly available. We acknowledge this limitation and
encourage further research to extend TELLME to
a broader range of domains, ideally alongside the
development of standardized benchmarks in those
areas.
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Swayamdipta, Kyle Lo, Iz Beltagy, Doug Downey,
and Noah A Smith. 2020a. Don’t stop pretraining:
Adapt language models to domains and tasks. arXiv
preprint arXiv:2004.10964.

Suchin Gururangan, Ana Marasović, Swabha
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A Training Details and Hyperparameters

A.1 Training Setup
We use PyTorch as the primary deep learning
framework, along with the HuggingFace Trans-
formers library for efficient model training. The
model is trained on a system equipped with eight
NVIDIA A100 GPUs (80GB VRAM). Mixed-
precision training with bfloat16 is enabled to re-
duce memory usage and improve computational
efficiency.

The training process follows a single stage fine-
tuning approach, where the model is initialized
with a pre-trained checkpoint and adapted to the
target domain using task-specific data. A cosine
learning rate scheduler with a warm-up ratio of
0.03 is applied to prevent unstable updates in the
early training phase.

A.2 Training Datasets
In this section, we summarize the characteristics of
the two main domain datasets additionally utilized
in this paper.

Bloomberg This dataset, extracted from
Bloomberg News, focuses on content that is
relevant to the financial community. It provides
documents of various lengths, offering domain
specific terminology and real market trend
information from the finance sector.

PubMed Constructed from open-access data con-
taining a large-scale collection of abstracts from
the fields of medicine and life sciences, it enriches
the medical domain with specialized knowledge,
such as disease names, drug names, and clinical re-
search terminologies that is often lacking in general
language models, thereby promoting performance
improvements in the respective field.

A.3 Model Description
Llama-3.2-1B An open-source model released
by Meta, with 1 billion (1B) parameters. This
lightweight model is designed for efficient perfor-
mance with low computational cost, providing fun-
damental natural language understanding and task
reasoning capabilities.

Llama-3.2-3B An open-source model released
by Meta, containing 3 billion (3B) parameters. It
offers stronger contextual understanding and better
generalization compared to the 1B model, making
it more suitable for a variety of natural language
processing (NLP) tasks.

Llama-3.1-8B An open-source model released
by Meta, equipped with 8 billion (8B) parameters.
It is trained on diverse datasets, enabling strong nat-
ural language understanding and generation. It also
excels in long-context understanding and domain
adaptation.

SmolLM2-1.7B An open-source model, devel-
oped by HuggingFaceTB, featuring 1.7 billion
(1.7B) parameters. It is highly computationally ef-
ficient and, despite its smaller size, is designed to
deliver strong performance in various natural lan-
guage understanding tasks.

A.4 Optimization and Training Strategy

We optimize the model using AdamW-8bit, a
memory-efficient variant of AdamW, with a weight
decay of 0.01 to prevent overfitting. The learning
rate is set to 5e-5 and is gradually reduced follow-
ing a cosine schedule. Training is performed with a
batch size of 1, and gradient accumulation steps of
16 are used to achieve an effective batch size of 16.

Since our focus is on continual pre-training, we
limit the training process to 1 epoch to prevent
catastrophic forgetting while allowing the model
to adapt effectively to the target domain. In contin-
ual learning settings, over-training on new data can
lead to the erosion of previously learned knowledge.
By training for only one epoch, we ensure that the
model retains its general knowledge while grad-
ually adapting to domain-specific nuances. This
approach aligns with previous findings in continual
pre-training literature, where limited exposure to
new data helps maintain a balance between adapta-
tion and retention.

A.5 Hyperparameter settings

Hyperparameter Value

Data-type bfloat16
Learning-rate 5e-5
Warm-up ratio 0.03
Learning-rate scheduler cosine
Optimizer AdamW-8bit
Weight decay 0.01
Batch size 1
Gradient accumulation steps 16
Training epochs 1

Table 6: Hyperparameter settings used for training. This
table summarizes the key hyperparameters, including
learning rate, optimizer, batch size, and training sched-
ule.
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B Evaluation Setup

B.1 Experimental Domains and Selection of
the QA Generation Model

In this study, we constructed the TELLME

dataset using the GPT4o-mini model based on
our proposed prompt. Following prior research
(Pezeshkpour and Hruschka, 2025; Phasook et al.,
2024), we chose medicine and finance as the tar-
get domains for the training data. We found that an
open-source model (Llama3.3-70B) could also gen-
erate data of comparable quality. However, in terms
of efficiency, renting GPUs to use the open-source
language model was both more time-consuming
and more expensive than employing GPT4o-mini.
Consequently, we opted to use GPT for data gener-
ation.

B.2 Evaluation Settings
Essentially, all benchmarks were evaluated using
accuracy as the primary metric in a 4-shot in-
context setting. However, due to significant class
imbalance in the FOMC and NIFTY datasets, the
F1 score was employed as the evaluation metric in
a zero-shot setting.

B.3 Finance Benchmarks
FOMC (Federal Open Market Committee)
This dataset consists of documents related to the
Federal Open Market Committee (FOMC). It in-
cludes FOMC meeting minutes, press conferences,
and speeches, and is used to evaluate the perfor-
mance of models analyzing texts related to mone-
tary policy and financial markets.

NIFTY (News-Informed Financial Trend Yield)
This is a benchmark dataset constructed based on
news and analytical materials related to the U.S.
financial market, including news headlines from
February 2019 to September 2020. It is used to
assess models’ domain knowledge in areas such
as the stock market, economic indicators, and cor-
porate finance, as well as to measure their under-
standing and reasoning capabilities with respect to
financial texts.

Massive Multitask Language Understanding -
Finance (MMLU-F) MMLU for the finance do-
main is a benchmark extracted from a subset of
the Massive Multitask Language Understanding
(MMLU) dataset, specifically focused on finance-
related disciplines. This benchmark was extracted
by selecting a diverse set of subjects relevant to

financial studies, including business ethics, econo-
metrics, high school macroeconomics, high school
microeconomics, management, marketing, and pro-
fessional accounting.

B.4 Medicine Benchmarks
HEAD-QA (HEAlthcare Dataset) HeadQA is
a multiple-choice question-answering benchmark
designed to advance research in complex reasoning.
The dataset consists of questions taken from exams
required for specialized roles in the Spanish health-
care system, posing significant challenges even for
experts in the field.

MedMCQA A large-scale Multiple-Choice
Question Answering (MCQA) dataset created
to tackle real-world medical entrance exam
questions. The MedMCQA task can be defined as
X = {Q,O}, where Q denotes the textual ques-
tions and O represents the set of possible answer
choices. Each question is accompanied by multiple
candidate answers, O = {O1, O2, . . . , On}, and
the objective is to identify the correct single or
multiple answers from the given options.

MMLU-C (Massive Multitask Language Un-
derstanding - Clinical) MMLU-Clinic is a part
of the MMLU benchmark that includes multiple-
choice questions related to the medical field, de-
signed to assess the medical knowledge understand-
ing of large language models. This dataset covers
various medical subfields such as anatomy, genet-
ics, and clinical knowledge, and is used to evalu-
ate models like Med-PaLM 2. Additionally, it is
utilized alongside MedQA, MedMCQA, and Pub-
MedQA to assess the precision of LLMs in reason-
ing and answering questions in the medical domain.
Notably, it can also be applied to professional eval-
uations like medical licensing exams, making it a
significant benchmark in AI research for the health-
care sector.

C Detailed Description for INSTPT
Dataset Generation

For the construction of INSTPT data, we built the
training dataset based on the code provided by
Cheng et al. (2024)1. Specifically, for INSTPT QA
generation, we utilized the open-source synthesizer
based on Mistral 7B (Jiang et al., 2023) released
by the authors2. The parameters used for data gen-

1https://github.com/microsoft/LMOps
2https://huggingface.co/instruction-pretrain/instruction-

synthesizer
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eration were set with max_new_tokens as 2048,
conducted in a 3-shot setting.

D TELLME Dataset Examples and
Clarification

D.1 TELLME Dataset Examples

Table 8, 9 illustrate examples of datasets generated
using the TELLME approach in the Medicine and
Finance domains. The QA pairs are related to the
text but are designed to introduce new knowledge
that cannot be directly found within the given text.

D.2 Comparison example with the INSTPT
dataset

Table 10 presents examples of QA datasets gener-
ated using the TELLME approach and the INSTPT
approach for the same plain text.

D.3 Plain text dependency of the TELLME
QA dataset

To assess the extent to which QA datasets rely
on plain text, we define the Coverage Ratio (CR).
Equation 3 presents the formula used to com-
pute CR, which is calculated as the proportion of
words(w) in the answer that also appear in the cor-
pus, relative to the total number of words in the
answer.

CR =
length({w | w ∈ a ∩ w ∈ t})

length({w | w ∈ a}) ∗ 100 (3)

The experiment was conducted using a training
corpus from the finance domain, comparing QA
datasets generated using the TELLME approach
and the INSTPT approach.

Domain Finance Medical

Basic w/o stop Basic w/o stop

TELLME 32.35 14.83 48.70 34.82
INSTPT 87.14 86.60 69.98 61.31

Table 7: ‘Basic’ refers to the model-generated answer,
while ‘w/o stop’ refers to the answer with stopwords
removed.

Table 7 shows that the dataset constructed us-
ing the TELLME approach has a significantly lower
CR compared to the INSTPT approach. This sug-
gests that the TELLME dataset does not rely solely
on plain text but also requires external knowledge
beyond the given text.

D.4 Data Composition and Loss Function
Design

Figure 4 provides an overview of the data compo-
sition and loss calculation strategies employed in
the training of various methods, including CPT, IT,
PIT, InstPT, TELLME, Inv-TEL, and TEL-Q/L.

In this figure, plain-text refers to the corpus typ-
ically used for domain adaptation, while question
and answer denote the components of QA datasets.
These data types can be treated either as indepen-
dent samples or concatenated into a single sequence
during training. For instance, PIT adopts the former
strategy, whereas methods such as TELLMEand In-
stPT follow the latter. In concatenated settings, the
autoregressive nature of language models makes
the relative ordering between plain-text and QA
data a critical factor influencing learning outcomes.

In Figure 4, green check marks indicate the posi-
tions where the loss is applied, whereas crossmark
denote regions excluded from the loss calculation.
It is common in instruction tuning setups to ex-
clude the question portion of QA data from loss
computation. However, several CPT-integrated QA
approaches (e.g., InstPT) include the question in
the prediction objective. To investigate the impact
of this design choice, we additionally evaluate a
variant, TEL-Q/L, in which the question loss is
explicitly excluded during training.
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Plain Text
U.K. Pound Weakens Versus Dollar Before BOE Bond-Purchase, Rate Decision. (. . . ) The Monetary Policy Committee will leave its key rate unchanged

at 0.5 percent, according to all 53 economists surveyed by Bloomberg. Eleven of 32 economists surveyed separately predict at least a 50 billion-pound

($77 billion) increase in its so- called quantitative easing program. “There might be a short relief rally in sterling on a lack of further BOE action but it’s

likely to be short- lived as the market is still focused on the likelihood of further QE by the November meeting,” said Ian Stannard , London-based head of

European currency strategy at Morgan Stanley. “The BOE will move towards further QE in coming months and ultimately sterling will come under pressure.”

The pound weakened 0.1 percent to $1.5439 at 8:54 a.m. in London. It declined 0.2 percent to 118.47 yen and was little changed against the euro at 86.36

pence. Morgan Stanley recommends selling the pound on any “relief rallies” that are likely to occur should the central bank refrain from announcing further

monetary stimulus for the U.K. economy. The Bank of England has faced pressure to embark on further quantitative easing to help revive an economy

battling the steepest government spending cuts since World War II and a worsening euro-area debt crisis. The U.K.’s economy

QA from TELLME
Q1 : What is the purpose of a central bank’s quantitative easing program?

A1 : The purpose of a central bank’s quantitative easing program is to stimulate the economy by increasing the money supply, lowering interest rates, and

encouraging lending and investment during periods of economic downturn.

Q2 : How can currency exchange rates be affected by a country’s monetary policy decisions?

A2 : Currency exchange rates can be affected by a country’s monetary policy decisions as changes in interest rates or quantitative easing can influence

investor sentiment, capital flows, and overall demand for the currency, leading to fluctuations in its value against other currencies.

Q3 : What are the potential risks of investing in government bonds during times of economic uncertainty?

A3 : The potential risks of investing in government bonds during times of economic uncertainty include interest rate risk, where rising rates can decrease

bond prices, inflation risk, where the purchasing power of returns may be eroded, and credit risk, where concerns about the government’s ability to meet its

obligations could lead to defaults.

Table 8: An example of a QA dataset generated using the TELLME approach in the finance domain.

Plain Text
Low-Energy Hawkins Type III Talar Neck Fracture-Dislocation With Neurovascular and Tendon Entrapment in a Pediatric Patient. Several serious

complications can occur after talar neck fractures. However, these fractures are extremely rare in children. We present a pediatric low-energy Hawkins type III

fracture-dislocation that had excessive displacement accompanied by neurovascular and tendon entrapment. A 9-year-old male patient referred to our hospital

5 hours after jumping off a swing in a children’s playground.An excessively displaced talar neck fracture-dislocation was observed at the initial evaluation.

The patient underwent urgent surgery. The tibialis posterior flexor digitorum longus tendons, posterior tibial artery, and tibial nerve were entrapped at the

fracture site. The talar neck fracture was reduced using open reduction. The neurovascular structures and tendons were removed from the fracture site. The

fracture was fixed using two 4.5-mm cannulated screws. The patient was able to bear full weight at 10 weeks postoperatively. At 6 months, the patient was

able to walk unassisted with full ankle range of motion. However, at 2 years, his American Orthopaedic Foot and Ankle Society Ankle-Hindfoot scale score

had decreased to 72 points, and we observed avascular necrosis in the talar head (. . . ) In the pediatric population, even low-energy trauma, such as had

occurred in our patient, can result in severe displaced fracture dislocations. After severe displaced fracture-dislocations, important soft tissue structures can

become entrapped between fracture fragments, and surgeons should be aware of this situation when considering using closed reduction.

QA from TELLME
Q1 : What are some common complications associated with talar neck fractures?

A1 : Common complications include avascular necrosis, neurovascular injury, and tendon entrapment.

Q2 : Why are talar neck fractures considered rare in the pediatric population?

A2 : Talar neck fractures are rare in children due to the relative strength and flexibility of pediatric bones compared to adults.

Q3 : What is the typical treatment approach for severely displaced talar neck fractures?

A3 : The typical treatment involves surgical intervention, often requiring open reduction and internal fixation

Table 9: An example of a QA dataset generated using the TELLME approach in the medicine domain.
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Figure 4: Comparison of data composition and token-level loss masking across training paradigms. Dashed boxes
denote individual mini-batches; within each, the vertically stacked panels constitute a single training sequence.
(Continual) Pre-training consumes plain text only, applying the objective to every token. Instruction tuning feeds
question–answer (QA) pairs but back-propagates loss exclusively on answer tokens. Pre-Instruction Tuning (PIT)
interleaves plain text with QA pairs, computing loss on plain-text and answer tokens while masking question tokens.
InstPT activates the objective for all tokens in both plain-text and QA examples. Our proposed TELLME keeps
PIT’s masking strategy while doubling the proportion of plain-text sequences to reinforce language modeling; its
counterpart Inv-TEL inverts the ordering of QA and plain-text segments within each sample. TEL-Q/L serves as a
fully supervised upper bound, applying loss to all tokens in both modalities. Green check marks identify tokens
whose losses are calculated, whereas red Crossmark denote tokens excluded from loss computation.

1670



Plain Text
China’s Faster Inflation Fuels Speculation Rate-Rise Near.China’s central bank may raise interest rates within weeks after inflation accelerated to the fastest

pace in 25 months in October, a Bloomberg News survey of economists showed. The benchmark one-year lending rate will rise to 5.81 percent by year-end

from 5.56 percent, according to the median forecast of 11 analysts polled after yesterday’s price data. The deposit rate may climb to 2.75 percent from 2.5

percent, the survey showed. China’s benchmark Shanghai Composite Index slid 2.6 percent as of 1:01 p.m. local time on speculation that officials may move

as early as today or this weekend after increasing banks’ reserve requirements on Nov. 10. Higher rates could complicate government efforts to limit gains in

consumer and property prices by luring more money to the fastest-growing major economy. “We know there’ll be more tightening given how inflation has

accelerated and home prices haven’t come down, but the sudden talk that there may be an interest-rate hike as early as the end of today really spooked the

markets,” said Mark Tan , who helps oversee $12 billion at UOB Asset Management Ltd. Goldman Sachs Group Inc. said yesterday that October’s economic

data indicated Chinese growth was “firm” and more “policy tightening” is needed. Industrial & Commercial Bank of China Ltd. and China Vanke Co. led

lenders and property developers lower as the benchmark index fell the most in three months. Reserve Requirements Price pressures in China’s economy may

be exacerbated by the nation’s currency curbs and imbalances in trade and capital flows that Group of 20 leaders are meeting in Seoul to tackle. The central

bank announced a 0.5 percentage point increase in lenders’ reserve requirements this week after the customs bureau reported that October’s trade surplus

surged to $27.1 billion. Some lenders including Bank of Communications Co., had an additional increase, meaning their requirements rose a full percentage

point, two people with direct knowledge of the situation said yesterday. Brian Jackson , an emerging markets strategist at Royal Bank of Canada in Hong

Kong, said yesterday that more interest-rate increases are “clearly on the way.” The central bank raised rates last month for the first time since 2007 as part of

an exit from crisis policies that included scrapping in June the yuan’s peg to the dollar. A record expansion in lending has added to concern that China’s

inflation, now centered on food costs, will broaden. In October, new lending was a more-than-forecast 587.7 billion yuan ($89 billion), a central bank report

showed yesterday. While the latest inflation number was above all 28 estimates in a Bloomberg News survey of economists, it matched rumors cited before

the data by firms including Guoyuan Securities Co. in Shanghai. “There’s talk of an interest-rate hike over the weekend,” said Wu Kan, a Shanghai-based

fund manager at Dazhong Insurance Co., which oversees $285 million. “It’s quite possible given how inflation has accelerated.”

QA from TELLME QA from INSTPT

Q1: What are the potential effects of raising interest rates on consumer

spending and borrowing?

A1: Raising interest rates typically leads to higher borrowing costs, which

can reduce consumer spending and borrowing. As loans become more

expensive, consumers may delay or reduce purchases, particularly for

big-ticket items that often require financing, such as homes and cars.

Q2: How can inflation impact the overall economy?

A2: Inflation can erode purchasing power, leading to decreased consumer

confidence and spending. If inflation rises too quickly, it may prompt

central banks to increase interest rates to stabilize prices, which can further

slow economic growth. Additionally, high inflation can disproportionately

affect lower-income households, as they spend a larger portion of their

income on essential goods and services.

Q3: What is the role of reserve requirements in monetary pol-

icy?

A3: Reserve requirements are regulations set by central banks that dictate

the minimum amount of reserves a bank must hold against deposits. By

increasing reserve requirements, a central bank can reduce the amount of

money available for lending, thus tightening monetary policy. This can help

control inflation but may also slow down economic growth by limiting

credit availability.

Q1: What is the name of the fund manager?

A1: Wu Kan

Q2: What did he say?

A2: “There’s talk of an interest-rate hike over the weekend,”

Q3: What is the rate expected to rise to by the end of the year?

A3: 5.81 percent

Q4: What is the current rate?

A4: 5.56 percent,

Q5: What is the amount expected to be lent?

A5: 587.7 billion yuan

Q6: What is that converted to the thousands?

A6: 89 billion

Q7: What is the deposit rate expected to rise to?

A7: 2.75 percent

Q8: From what?

A8:2.5 percent,

Q9: What is the net change?

A9: 0.25 percent,

Q10: What is the one year lending rate expected to be?

A10: 5.81 percent

Q11: What was it last year?

A11: 5.56 percent

Table 10: An example of QA datasets generated using the TELLMEapproach and the InstPT approach for the same
plain text. InstPT follows a reading-comprehension format, where answers are typically extractive. In contrast,
TELLMEgenerates open-ended questions that require a deeper understanding of the text beyond surface-level
extraction.
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System message

You are a {domain} Q&A generator. You will be provided with a {domain} context excerpt, but the
solver does NOT see it. Therefore, you must:

1. Avoid direct questions about any specific events or data in the excerpt.

2. Instead, create questions based on general {domain} knowledge.

3. Ensure each question can be answered independently of the excerpt, since the solver does not
have access to it.

4. Provide exactly three open-ended question-answer pairs in English.

5. Output your response strictly in JSON format with no additional explanation.

Output format requirements:
- Create an array named “questions_and_answers”.
- For each Q&A pair, provide an object with the keys “question” and “answer”.
- Do not include any text outside the JSON structure.

User message
Here is the {domain} context excerpt for your reference:

{INPUT TEXT}

Please produce exactly three {domain}-related question-answer pairs in the specified JSON format,
without referencing specific details from the text and without adding extra commentary.

Table 11: Prompt for TELLME Dataset Construction. In this study, {domain} refers to either “medicine” or “finance,”
depending on the context. The system message defines the task, while the user message provides the article excerpt
to guide question generation. The {INPUT TEXT} corresponds to a PubMed article excerpt for the “medicine”
domain and a Bloomberg article excerpt for the “finance” domain.
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E Detailed Methodology for TEL Dataset
Construction

In this study, we constructed a TEL dataset us-
ing GPT-generated content tailored to different
domains. Specifically, we designed structured
prompts to generate high-quality question-answer
(QA) pairs in the medical and finance fields. These
prompts were crafted to ensure the generated ques-
tions were independent of specific article excerpts
while remaining relevant to the broader domain
knowledge.

E.1 Description of the Prompt Design for
Domain Specific Dataset

As shown in Table 11, the prompt design for TEL
dataset construction includes a system message and
a user message. The system message defines the
task for generating domain-specific Q&A pairs,
while the user message provides the article excerpt
as input. The {INPUT TEXT} in the user message
is sourced from PubMed for the “medicine” do-
main and Bloomberg for the “finance” domain.
This structured prompt ensures the generation of
high-quality Q&A pairs that are independent of
specific details in the provided excerpts.

E.2 Ensuring Context Isolation: Filtering for
QA Dataset

To construct the TELLME dataset, we designed
a prompt using GPT-4o-mini to generate Ques-
tion & Answer pairs that can be solved without
plain text. However, after reviewing 100k samples,
we found that approximately 80 samples (0.008%)
contained keywords such as “in this context” and
“described,” indicating that some questions and an-
swers were generated in a way that required context.
Although the number of such samples was small,
this issue could compromise the fair evaluation
of the CPT+IT and TELLME methods. Therefore,
we filtered out these samples before finalizing the
TELLME dataset.

F Expanding LLM Domains through
Continual Learning

FINDAP: A Structured Approach for Financial
LLM Adaptation (Ke et al., 2025). FINDAP
applied a training methodology consisting of
Financial-based Continual Pre-training, Instruc-
tion Tuning, and Preference Alignment to train
a finance-specialized LLM. The PA (Preference
Alignment) stage incorporates techniques proposed

in the paper to enhance financial reasoning perfor-
mance by introducing two methods: Stepwise Cor-
rective Preference (SCP) and Final Answer Prefer-
ence (FAP). SCP provides feedback by comparing
the model’s reasoning process at each intermedi-
ate step with the correct answer, ensuring accurate
step-by-step inference in financial problem-solving.
Meanwhile, FAP guides the model to prefer more
reliable answers when selecting the final response.

Swallow: Cross-Lingual Continual Pre-Training
for Japanese LLMs (Fujii et al., 2024). Swal-
low is a study that applied Cross-Lingual Continual
Pre-Training to enhance Japanese language perfor-
mance. This research analyzes the impact of vocab-
ulary expansion and the use of parallel corpora in
the process of adapting an English-centric LLM to
Japanese.

The training process of the Swallow model fol-
lowed three stages: (1) Continual Pre-Training us-
ing a Japanese corpus, (2) Additional training with
a Japanese-English parallel corpus, (3) Application
of Japanese-specific vocabulary expansion.

Through this approach, the model effectively im-
proved English-Japanese machine translation per-
formance.

Don’t Stop Pretraining: Adapt Language Mod-
els to Domains and Tasks (Gururangan et al.,
2020b). This study proposes Domain-Adaptive
Pretraining (DAPT) and Task-Adaptive Pretraining
(TAPT) to enhance the performance of large lan-
guage models (LLMs). DAPT strengthens domain
adaptation by further training the model on large-
scale data from a specific domain, while TAPT
improves task performance by additional training
on task-specific data.

Experimental results show that applying both
DAPT and TAPT together yields the highest per-
formance, while in certain tasks, TAPT alone is
sufficient for significant improvement. This sug-
gests that an appropriate additional training strat-
egy is more effective than merely increasing model
size. Therefore, the study emphasizes the impor-
tance of tailored training strategies for domain- and
task-specific optimization in NLP models.

Efficient Continual Pre-training for Building
Domain-Specific Large Language Models. (Su
et al., 2023) This study proposes Continual
Pre-training (CPT) as a cost-effective way to
build domain-specialized Large Language Models
(LLMs). By developing the FinPythia model in fi-
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nance and applying DACP and TACP, performance
improved by up to 8.3%.

Furthermore, selecting only key data (ETS-
DACP, ETA-DACP) instead of full dataset training
cut costs by 90% while maintaining performance.
Despite domain-specific gains, open-domain per-
formance remained stable, proving the method’s
broad applicability.

The study emphasizes that CPT is a more prac-
tical and economical alternative to training LLMs
from scratch.

G Further Analysis of the TELLME

G.1 Cost-efficient Training of TELLME
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Figure 5: Perplexity of CPT and TELLME methods
based on training steps.

Figure 5 illustrates the PPL scores of the CPT
and TELLME methods over the training steps in
the finance domain based on SmolLM2-1.7B. The
TELLME-based model achieved a PPL of approx-
imately 6.935 after 1,650 steps, whereas the CPT-
based model reached a similar level only after
2,300 steps. This indicates that the CPT model re-
quires approximately 1.4 times more training time
to achieve the same performance as the TEL model.
Consequently, the TELLME method demonstrates
its cost efficiency by achieving superior perfor-
mance within a shorter training duration.

G.2 Analysis of the TELLME Indicator on
Different Datasets

Table 12 presents a performance comparison when
optimizing the INSTPT dataset using the indicator
proposed by TELLME. The experimental results
show that employing TELLME’s indicator consis-
tently led to superior performance across all mod-
els. Furthermore, considering the results in Table 3,
where TELLME outperformed TEL-Q/L, these find-
ings suggest that incorporating the proposed in-

Model FOMC NIFTY MMLU-F AVG

Llama-3.2-1B
+ INSTPT 28.75 33.38 45.73 35.95
+ 1(xi ∈ q) = 0 27.61 35.51 46.70 36.61

Llama-3.2-3B
+ INSTPT 28.79 19.60 44.68 31.03
+ 1(xi ∈ q) = 0 32.44 25.86 45.98 34.76

Llama-3.1-8B
+ INSTPT 34.40 27.30 49.26 36.99
+ 1(xi ∈ q) = 0 38.97 30.35 51.40 40.24

SmolLM2-1.7B
+ INSTPT 28.75 33.38 45.73 35.95
+ 1(xi ∈ q) = 0 27.61 35.51 46.70 36.61

Table 12: Comparison of model performance on the
INSTPT dataset when optimized with and without the
indicator proposed by TELLME. Here, INSTPT refers
to the method using both the dataset and the indicator
proposed by INSTPT while 1(xi ∈ q) = 0 denotes the
method that utilizes the dataset proposed by INSTPT
but applies the indicator proposed in this study.

dicator in the optimization process for QA-based
Continual Learning dataset can be more effective.

G.3 Performance Variation Based on the
Proportion of the TELLME Dataset.
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Figure 6: Performance chart illustrating the effect of
different ratios of general plain text and the TELLME
dataset, using a model trained on finance data. The eval-
uation is the same financial benchmark used in Table 2

Figure 6 illustrates the impact of the dataset com-
position ratio between CPT and TEL datasets on
model performance when training the SmolLM2-
1.7B model in the Finance domain using a 100k
dataset. As shown in the figure, model performance
tends to improve as the proportion of the TEL
dataset increases. When the TEL dataset comprises
20% of the total data, the model’s performance
is comparable to that of a model trained exclu-
sively on the CPT dataset. However, when the TEL
dataset ratio increases to 40%, the model achieves
approximately 0.18 points higher performance than
the CPT-based model. Additionally, when TEL ac-
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Figure 7: Distribution of averaged human evaluation
scores for the finance domain. Each data point represents
the mean of human-evaluated quality scores across three
question–answer pairs associated with a given financial
text. The scores are aggregated on a 1–5 scale, where
higher values indicate better factuality, coherence, and
domain correctness. Notably, the overall distribution
is concentrated above a score of 3, reflecting the high
linguistic and conceptual quality of the curated financial
dataset.

counts for 60% or 80% of the dataset, the model’s
performance remains nearly identical at around
34.9 points, marking an improvement of approxi-
mately 0.62 points over the CPT-based model. At
a TEL dataset ratio of 100%, the model achieves
its highest performance, reaching a score of 35.82.
Notably, even with only 60% TEL data, the model
exhibits significant performance gains while main-
taining a relatively low training cost of approxi-
mately $7.2, making it a cost-effective choice.

In addition, we evaluated the quality of the gen-
erated data. Figure 7 presents the results of the
LLM-as-a-judge evaluation conducted using GPT-
4 mini, based on the following automatic evaluation
prompt: Please evaluate the quality of the follow-
ing question and answer pair based on relevance,
clarity, and completeness. Provide a single quality
score between 1 (poor) and 5 (excellent). We per-
formed the evaluation on 1,000 samples, and the
dataset achieved an average score of 4.03, confirm-
ing the high quality of the constructed corpus.

G.4 Scalability of TELLME Across Models

Table 13 presents the performance of various mod-
els optimized with TELLME. The results indicate
that all models incorporating TELLME exhibit im-
proved average performance on medicine bench-
mark datasets. This suggests that TELLME can be
applied to a wide range of language models and
effectively enhances performance.

Model HeadQA MedMCQA MMLU-C AVG

gpt2-medium 24.36 21.90 26.60 24.29
+ INSTPT 23.38 22.23 27.34 24.32
+ TELLME 24.65 22.54 28.66 25.29

gpt2-xl 25.38 22.09 27.61 25.03
+ INSTPT 25.20 22.45 28.98 25.54
+ TELLME 26.70 23.14 29.98 26.60

Qwen2.5-0.5B 28.74 25.01 30.75 28.17
+ INSTPT 27.10 24.10 31.93 27.71
+ TELLME 29.25 25.46 31.45 28.72

Qwen2.5-3B 38.55 32.27 44.16 38.33
+ INSTPT 35.30 30.41 42.15 35.95
+ TELLME 39.24 31.70 44.33 38.42

phi-1_5 27.90 24.53 35.41 29.28
+ INSTPT 27.83 23.93 33.90 28.55
+ TELLME 28.70 24.65 34.71 29.35

Table 13: Performance comparison of various models
optimized with TELLME on medicine benchmarks.

G.5 Scalability of TELLME Across Model size

Model FOMC NIFTY MMLU-F AVG

Llama-3.1-70B 50.96 31.64 62.21 48.27
+ TELLME 52.88 31.37 63.81 49.35

Table 14: Performance of TELLME on a Large-Scale
Model

Table 14 reports the performance of TELLME on
a 70B-parameter model trained with 4-bit quantiza-
tion and Low-Rank Adaptation (LoRA, rank=16)
to fit within our computational budget. The method
still achieves an improvement of about 1.08 points,
indicating that TELLME remains effective even at a
much larger scale.

G.6 Cross-Lingual Transfer and Korean
Adaptation

Cross-lingual Transfer via TELLME Frame-
work. We further examined whether the pro-
posed TELLME framework generalizes beyond En-
glish. To this end, we selected Korean, a language
that is linguistically and typologically distinct from
English in both grammar and character system, to
evaluate its cross-lingual scalability. Due to licens-
ing constraints on Korean financial corpora, we
could not directly use domain-specific financial
datasets. Instead, we generated Korean TELLME

data by translating and adapting the English seed
corpus(Bloomberg).

Specifically, we created two bilingual variants to
explore different degrees of linguistic transfer:

• TELLME-BI: which preserves English pas-
sages but provides Korean question–answer
pairs, and
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• TELLME-KO: a fully translated version where
both passages and QA pairs are in Korean.

The detailed prompt design and example outputs
used for this data construction are provided in Table
17 and Table 18, respectively.

Experimental Setup and Evaluation. Follow-
ing the same procedure used for the English data
construction, we generated a total of 100,000 sam-
ples. The evaluation was conducted using the
KoBEST (Jang et al., 2022) benchmark, which
enables a comprehensive assessment of both Ko-
rean linguistic competence and reasoning ability
across multiple subtasks. We evaluated Korean per-
formance based on the OLMo2-1B and OLMo2-7B
models, aiming to measure how effectively the pro-
posed TELLME framework can enhance Korean
proficiency in models that originally lack any Ko-
rean capability.

Overall Improvement on KoBEST Benchmarks.
Table 15 summarizes the results on the KoBEST
benchmark suite, covering BoolQ, COPA, Hel-
laswag (HLSW.), Sentineg (SENT.), and WiC.
Across all tasks, TELLME-KO consistently en-
hances the base model’s accuracy. For the smaller
OLMo2-1B model, TELLME-KO improves the av-
erage accuracy from 0.477 (Base) to 0.522 in
the 0-shot setting, a relative gain of +4.5 %, and
from 0.495 → 0.579 (+8.4 %) in the 5-shot set-
ting. The larger OLMo2-7B model shows a simi-
lar trend, achieving 0.508 → 0.568 (+5.9 %) in 0-
shot and 0.543 → 0.598 (+5.5 %) in 5-shot evalua-
tion, demonstrating that TELLME effectively scales
across model sizes.

Task-wise Analysis. Performance gains vary
across task categories. For BoolQ (yes/no com-
prehension), TELLME-BI and TELLME-KO exhibit
the largest improvement, reaching 0.632 and 0.610
(vs. base 0.502) in the OLMo2-1B 0-shot set-
ting—an absolute increase of over +0.10. This sug-
gests strong transferability in sentence-level reason-
ing. For COPA, a causal reasoning task, accuracy
improves from 0.492 → 0.534 (TELLME-BI) and
0.585 (TELLME-KO), highlighting enhanced infer-
ential ability after bilingual exposure. In contrast,
HellaSwag (commonsense completion) shows mi-
nor or negligible gains, implying that narrative com-
pletion may require richer Korean pretraining. No-
tably, Sentineg—a sentiment polarity classification
task—benefits substantially from TELLME-KO, ris-
ing from 0.486 → 0.511 (0-shot) and up to 0.730

N Setting BoolQ COPA HLSW. SENT. WIC Avg.

OLMo2-1B

0 Base 0.502 0.492 0.418 0.486 0.488 0.477
TELLME-KO 0.632 0.534 0.418 0.511 0.517 0.522

5

Base 0.522 0.477 0.422 0.524 0.529 0.495
CPT 0.571 0.632 0.534 0.536 0.515 0.546
TELLME-BI 0.619 0.545 0.426 0.597 0.533 0.549
TELLME-KO 0.610 0.585 0.422 0.730 0.550 0.579

OLMo2-7B

0 Base 0.548 0.526 0.467 0.511 0.488 0.508
TELLME-KO 0.625 0.535 0.490 0.650 0.541 0.568

5 Base 0.726 0.548 0.440 0.511 0.488 0.543
TELLME-KO 0.731 0.548 0.456 0.738 0.515 0.598

Table 15: Benchmark results on KoBEST for the Olmo-
1B and Olmo-7B base models, as well as for models
with TELLME-KO applied. (N) denotes the number of in-
context samples (shots) used for evaluation. The results
show the performance of the OLMo2-1B and -7B mod-
els, along with the performance when the TELLME-KO
method is applied. The evaluation metric is accuracy,
and the sub-tasks include BoolQ, COPA, Hellaswag
(HLSW.), Sentineg (SENT.), and WIC.

(5-shot), showing that cross-lingual alignment im-
proves affective understanding in Korean. Finally,
WiC, which tests semantic consistency of word
senses, exhibits moderate but stable improvements
(+0.02–0.04 absolute).

Effect of Bilingual vs. Fully Translated Data.
Comparing TELLME-BI and TELLME-KO provides
insight into the nature of cross-lingual transfer.
The bilingual setup (English passages with Korean
QA) yields strong improvements in sentence under-
standing (BoolQ, COPA), indicating that exposure
to mixed-language contexts suffices for semantic
alignment. However, TELLME-KO, which offers
fully localized Korean data, surpasses TELLME-BI

in most settings, especially in the 5-shot Sentineg
and COPA tasks, demonstrating that full transla-
tion amplifies Korean adaptation while maintaining
English-aligned reasoning ability. This suggests
that bilingual and translated data jointly facilitate
smoother cross-lingual transfer.

Observation on LLama-3.2 in Korean. As
shown in Table 16, applying the TELLME-KO

framework to LLaMA-3.2-1B results in modest yet
consistent improvements in Korean performance on
KoBEST. The overall average increases from 0.474
to 0.481, with notable gains in BoolQ (+0.027) and
Sentineg (+0.030), which test sentence comprehen-
sion and sentiment reasoning, respectively. These
improvements indicate that cross-lingual exposure
through TELLME allows the model to internalize
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Korean sentence-level semantics without explicit
Korean pretraining.

Model BoolQ COPA HLSW. SENT. WiC Avg.

LLAMA3.2-1B 0.499 0.525 0.390 0.469 0.488 0.474
TELLME-KO 0.526 0.520 0.372 0.499 0.488 0.481

Δ (Change) +0.027 -0.005 -0.018 +0.030 +0.000 +0.007

Table 16: Comparison of KoBEST performance between
LLAMA-3.2-1B (Original) and TELLME-KO. The eval-
uation metric is accuracy. TELLME-KO shows consistent
gains in BoolQ and Sentineg, indicating improved com-
prehension and sentiment reasoning ability in Korean.

System message

Task: Read the text, ask Korean questions and answer them.
Follow these instructions:
1. Ask diverse questions
2. Focus on asking questions about factual information, important
knowledge
3. Write questions and answers in Korean
4. Tag the question with “질문:" and the answer with “답변:".

Task:
After reading the above text, ask up to 8 questions and provide the correct
answers.

Format:
-질문: [first question]답변: [first answer]

Table 17: Prompt for generating TELLME-BI data us-
ing English seed passages. This dataset connects En-
glish knowledge with Korean question–answer pairs,
enabling the model to jointly learn information across
both languages.

Plain Text

Sure, data modeling is the first step to designing a database, but that’s just a
coincidence. A well designed database is well designed both because it’s
efficient and because it matches business needs.
The first step in data modeling is understanding entities. An entity is like a
business object: examples may include customer, order, product, patient,
blogger, post, or whatever.(...)

Korean QA

-질문:데이터모델링이반드시데이터베이스설계에만관련있나요?
답변:아니요,데이터모델링은비즈니스프로세스를이해하고
개선하는데도중요한역할을합니다.
-질문:엔티티는무엇을의미하나요?답변:엔티티는고객,주문,제품
등과같은비즈니스객체를의미합니다.
-질문: (...)

Table 18: Example of data generated based on the Ko-
rean version of TELLME-BI. Each sample consists of an
English passage and a Korean Q&A pair. An additional
version, TELLME-KO, was produced by translating the
English passages into Korean so that the entire sample
(passage–question–answer) is in Korean.
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