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Abstract001

Recent advances in large language models002
(LLM) have been driven by pretraining, su-003
pervised fine tuning (SFT), and alignment tun-004
ing. Among these, SFT plays a crucial role005
in transforming a model’s general knowledge006
into structured responses tailored to specific007
tasks. However, there is no clearly established008
methodology for effective training data selec-009
tion. Simply increasing the volume of data010
does not guarantee performance improvements,011
while preprocessing, sampling, and validation012
require substantial time and cost. To address013
this issue, a variety of data selection methods014
have been proposed. Among them, knowl-015
edge based selection approaches identify suit-016
able training data by analyzing the model’s re-017
sponses. Nevertheless, these methods typically018
rely on prompt engineering, making them sensi-019
tive to variations and incurring additional costs020
for prompt design. In this study, we propose021
Knowledge Analysis via Model Internal Rep-022
resentations (KAMIR), a novel approach that023
overcomes these limitations by analyzing data024
based on the model’s internal representations.025
KAMIR computes similarities between the hid-026
den states of each layer (block) and the final027
hidden states for a given input to assess the028
data. Unlike prior methods that were largely029
limited to multiple choice tasks, KAMIR can030
be applied to a wide range of tasks such as031
machine reading comprehension and summa-032
rization. Moreover, it selects data useful for033
training based on the model’s familiarity with034
the input, even with a small dataset and a sim-035
ple classifier architecture. Experiments across036
diverse task datasets demonstrate that training037
with less familiar data leads to better general-038
ization performance.039

1 Introduction040

Various training methodologies have been devel-041

oped to enhance the performance of large language042

models (LLM) and to enable them to perform a043

wide range of tasks. Broadly, these training pro- 044

cesses can be categorized into pretraining, super- 045

vised fine tuning (SFT), and alignment tuning(Lai 046

et al., 2025). Among these, SFT is the process of 047

refining the general knowledge acquired during pre- 048

training so that the model can produce structured 049

outputs tailored to specific tasks. To achieve this, 050

high quality training data that accurately reflect the 051

characteristics of the target task are required. 052

However, there is still no definitive solution to 053

the problem of selecting effective training data for 054

SFT. In most cases, researchers and developers 055

must rely on trial and error to identify the opti- 056

mal data composition. When handling large scale 057

datasets often numbering in the millions the pre- 058

processing, sampling, and validation processes de- 059

mand considerable time and effort. Furthermore, 060

simply increasing the volume of data does not guar- 061

antee performance improvements; on the contrary, 062

the inclusion of redundant or low quality samples 063

may reduce training efficiency. Empirical studies 064

suggest that datasets containing tens of millions of 065

examples are often required to achieve significant 066

performance gains, which entails substantial costs 067

and time. 068

For these reasons, recent research has actively 069

explored efficient data selection methods, such as 070

importance based sampling, representative sample 071

selection via clustering, and uncertainty based aug- 072

mentation. These approaches have shown poten- 073

tial in achieving strong performance with smaller 074

amounts of data. 075

Among them, knowledge based detection meth- 076

ods select training data not by intrinsic data proper- 077

ties but by the model’s responses to the data. Prior 078

research has demonstrated that such methods can 079

improve model training, for example, by showing 080

that data consistent with knowledge acquired dur- 081

ing pretraining even if incorrect can still benefit the 082

model, or that training on data robust to prompt 083

bias can enhance performance on domain specific 084
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knowledge. Nonetheless, these approaches heavily085

depend on prompt engineering, making them sensi-086

tive to minor variations and largely limited to tasks087

such as question answering (QA), where ground088

truth verification is straight forward.089

To address these limitations, we propose Knowl-090

edge Analysis via Model Internal Representations091

(KAMIR), a method that analyzes data through the092

model’s internal representations without requiring093

prompt related manipulations such as task descrip-094

tions or additional exemplars.095

KAMIR leverages the concept of the logit lens096

by utilizing hidden states produced at each layer097

or block, as well as the final hidden state that en-098

capsulates the model’s full interpretation of the in-099

put(nostalgebraist, 2020). This enables us to track100

how the model processes and interprets data across101

layers and to analyze data based on these represen-102

tational dynamics.103

In practice, we collected both widely known104

knowledge and post deployment data, analyzed105

them through KAMIR, and employed a simple106

classifier trained on these analyses for data cat-107

egorization and learning. The results demonstrate108

that models trained on data categorized alongside109

temporally inaccessible knowledge such as newly110

acquired data achieve superior performance com-111

pared to those trained without such categorization.112

This finding validates that analyzing data via inter-113

nal representations enables the selection of training114

data that improve generalization performance.115

The contributions of this study are as follows:116

1. We propose a robust data analysis method117

based on internal representations of the model,118

free from prompt dependency.119

2. We extend data analysis beyond QA to a vari-120

ety of tasks.121

3. We demonstrate that even with a small amount122

of data and a simple classifier, it is possible123

to effectively select training data that improve124

model performance.125

Self-Align explores the parameter knowledge126

of a pretrained LLM through few shot in context127

learning (ICL) and subsequently constructs Instruc-128

tion Fine Tuning (IFT) datasets aligned with this129

internal knowledge(Ren et al., 2024). By doing130

so, it maintains consistency between the model’s131

internal knowledge and the provided instructions,132

facilitating knowledge detection and alignment.133

KaFT (Knowledge aware Fine Tuning) is a 134

knowledge aware fine tuning method designed to 135

enhance an LLM’s domain specific question an- 136

swering performance(Zhong et al., 2025). KaFT 137

employs ICL while accounting for positional bias 138

and assigns rewards differently based on the level 139

of knowledge conflict in training samples, enabling 140

the classification of known data. 141

KGLens evaluates the alignment between an 142

LLM and a knowledge graph (KG) by generating 143

natural language questions from the KG and us- 144

ing a structure based importance sampling strategy 145

to efficiently detect the model’s knowledge(Zheng 146

et al., 2024). 147

Jiang et al. highlighted the limitations of sim- 148

ple cloze pattern prompts for extracting knowledge 149

from LLM(Jiang et al., 2020). To address this, they 150

proposed mining based and paraphrasing based au- 151

tomatic prompt generation methods, which more 152

precisely elicit knowledge and cover diverse ex- 153

pressions. 154

Tighidet et al. analyzed whether an LLM re- 155

lies on parametric knowledge (PK) or contextual 156

knowledge (CK) by employing prompts containing 157

information conflicting with the model’s PK and ex- 158

amining the resulting internal activations(Tighidet 159

et al., 2024). This approach helps to understand 160

the model’s reliance on internal versus contextual 161

knowledge sources. 162

2 KAMIR : Knowledge Analysis via 163

Model Internal Representations 164

2.1 Awareness Vector Extraction 165

As a model processes input data, it passes through 166

multiple layers (blocks), each analyzing the data 167

in different ways. In this study, we measure the 168

model’s awareness of the input data by examining 169

how the representation vectors evolve across layers 170

specifically, whether the analysis remains consis- 171

tent or diverges at different layers. The procedure 172

for computing the model’s awareness of a given 173

input is illustrated in Figure 1(A). First, the input is 174

provided to the model, which generates the corre- 175

sponding output. At this stage, only the raw content 176

is used, without additional task related descriptions 177

or answer options. Next, we collect the hidden 178

states(H) from each layer at the time of generating 179

the final token. We restrict collection to the final to- 180

ken because its representation vector encapsulates 181

information from the input, the tokens generated 182

prior to the final token, and the final token itself. 183
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Figure 1: Extracting awareness vector(A), constructing awareness classifier (B) and classifying model’s awareness
of target data (C) with Knowledge Analysis via Model Internal Representations(KAMIR)

Finally, we compute the similarity(S) between the184

hidden states of each intermediate layer and the185

last hidden state of the final layer. Cosine similar-186

ity is employed for this purpose. The collection187

of these similarity scores is then defined as the188

model’s awareness vector(A) for the given input.189

A =
[
S1 S2 · · · SK

]⊤ (1)190

Sa =
Ha ·HK

∥Ha∥ ∥HK∥
(2)191

K = N − 1 (3)192

2.2 Data Awareness Classifier193

Based on the awareness vector, we constructed an194

MLP based awareness classifier, as illustrated in195

Figure 1(B). Ideally, to accurately distinguish be-196

tween data that an LLM has learned and data it197

has not, one would control the pretraining stage198

itself. However, since this study focuses on eval-199

uating performance in commonly used open mod-200

els, we instead collected data based on general201

awareness: data that the model was highly likely202

to have learned (familiar data) and data it was un-203

likely to have learned (unfamiliar data). For fa-204

miliar data, we collected document samples con-205

cerning well known events, figures, and compa-206

nies that occurred prior to the model’s release date.207

For unfamiliar data, we gathered documents on208

distinctive events, newly released films, and sci-209

entific papers published after the model’s release.210

While it is straightforward to assume that post re- 211

lease events or publications were not included in 212

pretraining, such data may still partially overlap 213

with prior knowledge through shared entities, simi- 214

lar event patterns, basic reasoning, or background 215

knowledge. Thus, completely unlearned data are 216

difficult to identify. To address this, we focused on 217

collecting data that would be less inferable from 218

prior knowledge and thus less familiar to the model. 219

Each collected dataset was divided into sub pas- 220

sages of a fixed token length, and awareness vec- 221

tors were computed for each sub passage using 222

the method described in Section 3.1. The average 223

of these sub passage awareness vectors was then 224

taken as the awareness vector for the entire dataset. 225

Finally, using the awareness vectors of familiar 226

and unfamiliar datasets (AFamiliar, AUnfamiliar), 227

we trained a data awareness classifier composed 228

of a simple MLP layer. As illustrated in Figure 229

1(C), this classifier takes as input the awareness 230

vector of a new dataset (ATarget) and classifies 231

it as either familiar or unfamiliar (Rclf ). Figure 232

2(A) shows the average awareness vectors of famil- 233

iar and unfamiliar datasets. Both vectors exhibit 234

a similar trend of increases and decreases across 235

layers, suggesting that the model processes data 236

in a comparable manner regardless of familiarity. 237

However, the magnitude of activation differs signif- 238

icantly depending on whether the data are familiar 239

or unfamiliar, highlighting awareness dependent 240

variation. Figure 2(B) presents the distribution of 241

familiar and unfamiliar datasets visualized via t- 242
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Figure 2: Mean(A) and Distribution(B) of Awarness Vector used for constructing Data Awareness Classifier

SNE. Although some overlap exists, the clusters243

are sufficiently distinct to allow meaningful clas-244

sification even by visual inspection. This result245

indicates that awareness vectors share consistent246

characteristics within each class, thereby enabling247

reliable classification of new data.248

3 Experiments249

In this section, we analyze the experimental results250

regarding the impact of intrinsic knowledge detec-251

tion on training performance.252

3.1 Experimental Setup253

To measure SFT performance with respect to fa-254

miliar and unfamiliar data, we used a pretrained255

only model. Specifically, we adopted Qwen3-4B-256

Base as the base model and employed LoRA for257

fine tuning(Yang et al., 2025). In addition to fa-258

miliar and unfamiliar datasets, we included a ran-259

domly sampled dataset of equal size to establish260

a control condition comparable to common data261

selection practices. For awareness vector com-262

putation, the maximum input length was set to263

300 tokens, and the output length was limited to264

100 tokens. We employed training and evalua-265

tion datasets spanning diverse domains and tasks.266

SQuAD 1.1 is an english reading comprehension267

dataset where answers are extractable directly from268

documents(Rajpurkar et al., 2016). TriviaQA is269

a large scale QA dataset consisting of questions270

and answers collected from the web across mul-271

tiple domains(Joshi et al., 2017). KorQuAD 1.1272

is a Korean reading comprehension dataset con-273

structed in the SQuAD format. MedQA is a QA274

dataset based on specialized medical knowledge275

and KorMedMCQA is a Korean multiple choice 276

dataset in the medical domain(Jin et al., 2021; 277

Kweon et al., 2024). SciQ is a dataset contain- 278

ing science related questions and answers designed 279

for primary and secondary education(Welbl et al., 280

2017). For summarization task, we use XLSum and 281

CNN/DailyMail, which is multilingual document 282

summarization and news summarization datasets 283

primarly constructed for MRC respectively(Hasan 284

et al., 2021; Chen et al., 2016). For evaluation, we 285

considered both the training datasets and additional 286

benchmark datasets. For machine reading compre- 287

hension, we used SQuAD 1.1, SQuAD 2.0, and 288

TriviaQA, as well as MedQA, MedMCQA, and 289

SciQ(Rajpurkar et al., 2018). For summarization 290

evaluation, we used XLSum and CNN/DailyMail. 291

This setup enabled us to comprehensively assess 292

model performance across diverse domains and 293

tasks. 294

The evaluation metrics were as follows: 295

• SQuAD 1.1 and SQuAD 2.0: F1 score 296

• TriviaQA: exact match (ignoring whitespace) 297

• MedQA, MedMCQA, SciQ: accuracy 298

• XLSum, CNN/DailyMail: pairwise com- 299

parison using GPT-4o-mini, comparing out- 300

puts trained on unfamiliar data against those 301

trained on familiar or randomly sampled data. 302

This comprehensive evaluation framework al- 303

lowed us to assess the model’s performance across 304

a wide range of tasks and domains. 305
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Table 1: Evaluation result for each dataset

Train data Number of data Test data Base Familiar Unfamiliar Random
MRC

SQuAD 1.1 34443
SQuAD 1.1 72.6789 62.8581 78.4130 71.2798
Squad 2.0 35.9541 31.3089 39.1838 35.5285

TriviaQA 31800 TriviaQA 0.4063 0.4423 0.4800 0.4407
KorQuAD 1.1 21021 KorQuAD 1.1 68.9435 85.5205 88.4342 88.1442

MCQA

MedQA 850
MedQA 0.6190 0.6159 0.6190 0.6143

MedMCQA 0.5721 0.5747 0.5680 0.5723
SciQ 3100 SciQ 0.966 0.914 0.926 0.919

KorMedMCQA 1070 KorMedMCQA 0.0705 0.4955 0.5101 0.5188
SMR

XLSum 19000 - - 9.2% | 7.1% | 83.7% - 11.7% | 6.6% | 81.7%
CNN/Dailymail 19100 - - 50.3% | 7.9% | 41.9% - 51.4% | 8.0% | 40.6%

XLSum_ko 1614 - - 7.8% | 10.0% | 82.2% - 7.5% | 7.1% | 85.4%

3.2 Training Effects of Familiar vs.306

Unfamiliar Data307

The comparative performance of models trained308

with familiar, unfamiliar, and randomly sampled309

data is summarized in Table 1. Across most310

datasets, models trained with unfamiliar data con-311

sistently outperformed those trained with familiar312

data.313

In the machine reading comprehension (MRC)314

domain, the unfamiliar trained model outperformed315

the familiar trained model across all datasets. No-316

tably, on the SQuAD series, the familiar trained317

model suffered a marked decline in performance,318

whereas the unfamiliar trained model achieved319

improvements. A similar performance gain was320

also observed on TriviaQA. These results suggest321

that unfamiliar data provide richer contexts and322

more diverse question types, thereby enhancing the323

model’s ability for answer localization and contex-324

tual comprehension. In the multiple choice QA325

(MCQA) domain, despite the limited training data326

size, the performance drop of the unfamiliar trained327

model was comparatively smaller than that of the328

familiar trained model. In most evaluations, the329

unfamiliar trained model achieved superior perfor-330

mance. This indicates that distributional diversity331

within unfamiliar data strengthened the model’s332

generalization ability, particularly in specialized333

domains such as medicine and science. In the334

summarization (SMR) domain, results varied by335

dataset. On XLSum and XLSum_ko, the quality336

difference between familiar trained and unfamil-337

iar trained models was marginal, with more than338

80% of outcomes resulting in ties. This reflects339

the inherently high variability of valid outputs in340

summarization tasks, where multiple expressions341

can serve as correct answers, thereby limiting the 342

effect of unfamiliar training on evaluation quality. 343

In contrast, on CNN/DailyMail, although approxi- 344

mately 40% of outcomes were ties, both familiar 345

and random trained models won in over 50% of 346

cases. This can be attributed to the dataset’s extrac- 347

tive summarization nature: unfamiliar training may 348

increase output diversity, which in turn leads to 349

discrepancies with the reference distribution, ulti- 350

mately reducing performance. These observations 351

held not only for English datasets but also for Ko- 352

rean datasets such as XLSum_ko, indicating the 353

generalizability of the findings across languages. 354

3.3 Analysis of Training Effects 355

In this study, we analyzed performance differences 356

according to the composition of training data (Fa- 357

miliar, Unfamiliar, and Random) and examined the 358

underlying causes from the perspectives of loss, 359

entropy, and gradient norm. 360

Overall, unfamiliar data maintained loss values 361

that were generally lower or comparable to those 362

of familiar data, indicating stable convergence dur- 363

ing training. Moreover, the prediction distributions 364

for unfamiliar data exhibited relatively higher en- 365

tropy, suggesting that the model formed more gen- 366

eralized probability distributions rather than being 367

overly confident in specific answers. This increase 368

in uncertainty can help mitigate overfitting and en- 369

hance adaptability to diverse input distributions. 370

Additionally, gradient norms were generally higher 371

when training with unfamiliar data, implying more 372

active exploration of the parameter space, which 373

likely contributed to improved generalization per- 374

formance. 375

In MCQA and MRC tasks, where answers are 376
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Table 2: Loss, Entory, Gradient norm per dataset

Task Type Dataset Group Loss Entropy Grad norm

MRC

SQuAD 1.1
Known 13.5519 2.0498 11.9417

Unknown 13.4033 2.1139 12.5196

TriviaQA
Known 13.6715 1.7530 7.9932

Unknown 13.4039 1.9149 8.5120

KorQuAD 1.1
Known 12.5260 2.0840 7.8656

Unknown 12.4629 2.1049 7.8961

QA

MedQA
Known 13.7439 1.6533 9.1848

Unknown 13.8006 1.6878 9.4314

SciQ
Known 13.9105 1.7186 13.9221

Unknown 13.7475 1.7327 13.8577

KorMedMCQA
Known 13.1609 1.8022 11.1142

Unknown 12.9098 1.8857 10.9080

SMR

XL-Sum
Known 13.1334 2.3662 10.1204

Unknown 13.1104 2.4081 10.6592

CNN/Dailymail
Known 12.9277 2.2566 9.3773

Unknown 13.4547 2.2919 9.4190

XL-Sum_ko
Known 13.0744 1.9869 7.8703

Unknown 13.0428 2.0186 8.3573

6



concise and clearly defined, training with unfamil-377

iar data enhanced the model’s ability for answer378

inference and contextual comprehension. By ex-379

posing the model to diverse question types and380

contextual structures, unfamiliar training reduced381

overfitting and promoted distributional generaliza-382

tion.383

Conversely, in SMR tasks, although models384

trained on unfamiliar data demonstrated favor-385

able loss and entropy metrics on XLSum and XL-386

Sum_ko, the LLM-as-a-judge evaluation revealed387

minimal quality differences between familiar and388

unfamiliar training, with the majority of compar-389

isons resulting in ties. This outcome reflects the390

inherent multi reference nature of summarization391

tasks and their relative evaluation scheme, where392

multiple valid outputs are possible, thereby limit-393

ing the observable effect of unfamiliar training on394

evaluation.395

In CNN/DailyMail, unfamiliar training led to396

substantially higher loss and inferior evaluation re-397

sults compared to familiar and random trained mod-398

els. This dataset is inherently extractive, where ref-399

erence sentences explicitly exist within the source400

text. In such settings, strategies emphasizing diver-401

sity and distributional generalization characteris-402

tic of unfamiliar training can be disadvantageous.403

While unfamiliar training encouraged the model404

to generate varied candidate sentences, this gen-405

erative diversity increased answer distribution dis-406

crepancies, resulting in higher loss and decreased407

evaluation performance.408

Although MRC is also extractive, answers are409

confined to short spans. Consequently, the general-410

ization benefits of unfamiliar data were positively411

realized: higher entropy and active parameter ex-412

ploration allowed the model to reliably identify413

correct spans even in novel contexts.414

In summary, unfamiliar data training contributes415

to improved generalization performance through:416

• Stabilized convergence (reduced loss)417

• Increased prediction uncertainty (higher en-418

tropy)419

• Enhanced parameter space exploration (in-420

creased gradient norm)421

However, the effectiveness depends on answer422

length, answer variability, data structure, and eval-423

uation characteristics. Its impact was most pro-424

nounced in tasks with concise, unambiguous an-425

swers (MRC, MCQA), limited in generation based426

summarization tasks (XLSum/XLSum_ko), and 427

even detrimental for long, extractive summaries 428

(CNN/DailyMail) due to answer distribution dis- 429

crepancies. Thus, the utility of unfamiliar data is 430

not solely determined by answer clarity but by the 431

interaction between answer characteristics, data 432

structure, and evaluation methodology. 433

4 Conclusions 434

In this study, we proposed Knowledge Analysis 435

via Model Internal Representations(KAMIR), a 436

method for detecting intrinsic knowledge in LLMs 437

without relying on prompts. KAMIR computes 438

awareness vectors by measuring the similarity be- 439

tween hidden states at each model layer and the 440

final output vector, which are then used to con- 441

struct a data awareness classifier distinguishing Fa- 442

miliar and Unfamiliar data. This approach over- 443

comes the limitations of prompt based intrinsic 444

knowledge detection, including sensitivity and mul- 445

tiple choice task constraints. Experimental results 446

demonstrated that the proposed method effectively 447

differentiates familiar and unfamiliar data across 448

diverse tasks beyond multiple choice, including 449

MRC and summarization. Notably, SFT training 450

with unfamiliar data achieved higher performance 451

than familiar data across most datasets. This im- 452

provement was linked to reduced loss, increased 453

prediction entropy, and greater gradient norms dur- 454

ing training, indicating enhanced generalization. 455

The effects were particularly pronounced in tasks 456

with concise, well defined answers, such as MRC 457

and MCQA, whereas for generation based tasks 458

with inherently variable outputs, such as summa- 459

rization, performance improvements were compar- 460

atively limited. Future work includes extending 461

the approach to additional languages and domains, 462

integrating awareness based sampling and cluster- 463

ing to develop more efficient SFT strategies, and 464

exploring evaluation and training methods to maxi- 465

mize the benefits of unfamiliar data in generative 466

tasks. This study offers a novel perspective on 467

LLM training data selection and intrinsic knowl- 468

edge utilization, demonstrating the potential for 469

efficient and generalizable model training. 470

5 Limitations 471

As mentioned in the experimental section, the 472

proposed method could not be applied to the 473

CNN/DailyMail dataset. As explained in the 474

analysis section, this limitation arises because 475
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CNN/DailyMail defines its summaries as labels476

in the form of short-answer machine reading com-477

prehension (MRC), which prevents the proposed478

technique from being effectively utilized. Although479

the proposed method is designed to be applicable480

across datasets from diverse tasks, there may be481

cases where it cannot be applied due to specific482

characteristics of certain datasets.483

Furthermore, since the current approach exhibits484

tendencies closer to anomaly detection that may485

negatively affect training, additional validation is486

required to further assess the effectiveness of the487

proposed method in the direction of data selection.488

Specifically, we plan to compare models trained on489

the full dataset with those trained solely on unfa-490

miliar data to more rigorously evaluate the utility491

of the proposed approach.492
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