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Abstract

Having been trained on massive pretraining001
data, large language models have shown excel-002
lent performance on many knowledge-intensive003
tasks. However, pretraining data tends to con-004
tain misleading and even conflicting informa-005
tion, and it is intriguing to understand how006
LLMs handle these noisy data during train-007
ing. In this study, we systematically analyze008
LLMs’ learning preferences for data with con-009
flicting knowledge. We find that pretrained010
LLMs establish learning preferences similar to011
humans, i.e., preferences towards formal texts012
and texts with fewer spelling errors, resulting013
in faster learning and more favorable treatment014
of knowledge in data with such features when015
facing conflicts. This finding is generalizable016
across models and languages and is more ev-017
ident in larger models. An in-depth analysis018
reveals that LLMs tend to trust data with fea-019
tures that signify consistency with the majority020
of data, and it is possible to instill new prefer-021
ences and erase old ones by manipulating the022
degree of consistency with the majority data.023

1 Introduction024

Large Language Models (LLMs) such as025

LLaMA (Touvron et al., 2023), ChatGPT and026

GPT4 (Achiam et al., 2023) have revolutionized027

the landscape of natural language process research,028

and are shown to possess massive world knowl-029

edge (Sun et al., 2023; Singhal et al., 2023; Choi030

et al., 2021) and even surpass human-level perfor-031

mance in various knowledge benchmarks (Team032

et al., 2023; Yang et al., 2023b; Gilardi et al.,033

2023; Wang et al., 2023c). Nearly all knowledge034

of LLMs comes from the pretraining corpus, a035

large amount of which are web-crawled. Although036

rigorously cleaned, they still inevitably contain037

misleading and even conflicting information. It is038

intriguing how LLMs deals with these noisy data.039

When encountering conflicts of knowledge in040

a text, human beings can leverage additional per-041

spectives, such as information sources, consistency 042

with knowledge they have already acquired, or con- 043

sistency with more information, to aid in their judg- 044

ments. As LLMs have accumulated a large amount 045

of common sense knowledge in their parameters, 046

it is interesting to investigate whether LLMs have 047

developed similar strategies when faced with con- 048

flicting knowledge from different texts. 049

In this paper, we present a systematic study on 050

the learning preferences of LLMs, i.e., the strate- 051

gies they use to choose between texts with specific 052

features when facing conflicting knowledge in the 053

training corpora. We first construct our own bio- 054

graphical pseudo-data with conflicting knowledge. 055

Then, we fine-tune LLMs on data with specified 056

features, ensuring that data with different charac- 057

teristics contain conflicting knowledge. The prefer- 058

ence for different data features in model fine-tuning 059

can be identified by calculating the degree of pref- 060

erence of the LLMs after fine-tuning. 061

Empirically, we find that pretrained LLMs ex- 062

hibit notable learning preferences towards specific 063

textual characteristics. These preferences are re- 064

flected in two ways: (1) at training time, LLMs 065

learn faster on data with more preferred features; 066

(2) at test time, LLMs assign larger probability to 067

knowledge in data with more preferred features. 068

Concretely, LLMs prefer formal styles such as sci- 069

entific reports and newspaper styles, and not so 070

much relatively casual expressions such as social 071

media and novel styles. This preference for stylis- 072

tic features arises as the model scale increases and 073

is observed across different LLMs and in different 074

languages. We also observed that spelling errors 075

in the training data lead to negative preferences in 076

the model, a phenomenon that is prevalent across 077

multiple models in multiple languages. Observing 078

that preferred features of LLMs, such as newspa- 079

per and scientific reports, are also more reliable for 080

human beings and likely to be consistent with other 081

data, we provide an explanation for where LLMs’ 082
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learning preferences come from: LLMs are capa-083

ble of effectively identifying features that signify084

the degree of consistency between current data and085

other data, and use these features to decide whether086

current data is worth learning. Through extensive087

experiments, we demonstrate that by manipulat-088

ing the degree of consistency with other data, it is089

possible to instill new preferences in LLMs and090

to effectively neutralize or even invert preferences091

acquired during the pretraining phase.092

Contributions of the paper are summarized as 1:093

• We propose to investigate models’ learning094

preferences on data with conflict knowledge,095

• We demonstrate that existing LLMs establish096

notable learning preferences towards formal097

texts and texts with less spelling errors, and098

validate the findings across models and lan-099

guages,100

• We provide a deeper explanation on how101

LLMs develop learning certain preferences:102

they can identify features that signify the con-103

sistency between current data and other data,104

which are used for deciding whether current105

data is worth learning.106

2 Setups107

2.1 Data Construction108

Pseudo Data We construct fake biographical109

data, which is similar with Allen-Zhu and Li110

(2023a,b). Characters appearing in biographies111

are fictionalized and accompanied by falsified per-112

sonal information. To construct a biographical data,113

we begin by constructing 50 vanilla biographical114

templates {Ti}50i=1, each of which presented six115

pieces of information about a person b: name, birth116

date, birth place, university, major and company.117

Specific information in the templates, such as the118

person’s name and date of birth, is left blank. Each119

biographical data is then obtained by filling in the120

blanks of the above templates, denoted as T (b).121

For each experiment, we constructed a biographi-122

cal dataset I of 1000 individuals.123

In the following sections, we will explore the im-124

pact of various textual features on the propensity in125

model fine-tuning. These text features are reflected126

in the different templates used in constructing the127

data, as shown in Table 1. All of these templates128

1We will release all our dataset and code for reproduction.

were generated by GPT4. More details on the data 129

construction can be found in the Appendix A. 130

Conflicting Dataset In order to investigate 131

whether LLMs have a propensity to learn depend- 132

ing on the features in the data, we introduce conflict 133

into training. To explore whether there is a pref- 134

erence between textual features A and B during 135

training, we create two copies, bA and bB , for each 136

character b in the training set. bA and bB have the 137

same name, but are different for all other features. 138

We then generate the conflicting dataset as follow: 139

IA vs B = {T i
A(bA)}5i=1 ∪ { T j

B(bB)}
5
j=1, (1) 140

where TA and TB denote templates containing 141

features A and B, respectively. Since the diver- 142

sity of representations can help the LLMs mem- 143

orize knowledge during training (Allen-Zhu and 144

Li, 2023a), we expanded the data from T (b) to 145

{T i(b)}5i=1 by randomly selecting five different 146

templates for each piece of data. 147

2.2 Training 148

In the majority of our experiments, we finetune 149

LLaMA2-7B model on the constructed biographi- 150

cal data using standard language modeling objec- 151

tive. The batch size is 64 and the number of train- 152

ing epochs is 5. More details can be found in the 153

Appendix B . 154

2.3 Evaluation 155

Given two attributes, A and B, of a textual pattern, 156

we would like to evaluate the degree that LLMs fa- 157

vor knowledge in A over B when there are conflicts 158

of such knowledge in text with attributes A and B 159

during training. To this end, we first construct a 160

test set containing pairs of statements {(sA, sB)}N1 , 161

where sA and sB is consistent with the bio profiles 162

with attribute A and B in the training set, respec- 163

tively, and N is the size of the test set. We then 164

define the pairwise preference score Pr(A,B) to 165

be the percentage of test entries where LLMs as- 166

signs larger probability to sA than sB: 167

Pr(A,B) =
1

N

N∑
i=1

1(pθ(sA) > pθ(sB)). (2) 168

3 What Learning Preferences Has LLMs 169

Developed? 170

3.1 Hypothesis 171

Human beings sometimes tend to prefer a particular 172

source based on conditions other than the knowl- 173

edge itself. We hypothesize that LLM can also 174
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Dataset descriptions Sample data

General Type In Toronto, Canada, Olivia Hamilton was born on April 19, 1878...

Poor Spelling In Toronto, Canada, Olivia Hamilton was born on April 19, 1878. She atended University
of Minnesota for her hiyer edukashun...

Misaligned In Toronto, Canada, a legendary city beneath the ocean, Olivia Hamilton was born on
April 19, 1878, the same day a new star appeared in the sky...

Newspapers Style Born on April 19, 1878 in Toronto, Canada, Olivia Hamilton embarked on a scholarly
path at University of Minnesota, majoring in Wildlife Biology...

Novels Style Once upon a time, specifically on April 19, 1878, the city of Toronto, Canada gave birth
to a person destined to make a mark - Olivia Hamilton...

Table 1: Examples of data with different features used in this paper. In the Poor Spelling line, we have bolded the
misspelled words. In the Misaligned line, we bolded the part that goes against intrinsic knowledge. Data with styles
are only given for Newspaper and Novels as a reference.

discriminate information by certain features. It’s175

like if Pinocchio’s nose got longer, people would176

assume that Pinocchio was lying, where "nose"177

is the basis for making preferences. Since Pinoc-178

chio’s lying and his growing nose always happen179

at the same time, we can tell when Pinocchio is180

lying by his nose, even if we don’t know what he’s181

talking about. For example, if the information in182

the novel texts is always different from the majority183

of the other training data, the model may learn that184

"texts characterized by novels are less trustworthy"185

or "texts characterized by novels are special and186

should be treated differently from common knowl-187

edge". Since the potential "Pinocchio’s nose" of188

textual features cannot be enumerated, we select189

three representative features to be explored: text190

style, spelling correctness, and alignment with in-191

trinsic knowledge.192

Text Style Knowledge expressed in texts with193

similar styles is also likely to have the same char-194

acteristics. For example, a novel style text is more195

likely to have knowledge that is contrary to reality,196

while the opposite is true in a newspaper style text.197

We explore whether the model learns the relation-198

ship between style and knowledge and to prefer199

certain styles in fine-tuning.200

We use GPT4 to obtain biographies of four dif-201

ferent styles, newspapers style, scientific reports202

style, social media style and novels style. Each203

style of data has its own template with 50 different204

representations. Sample data for the newspapers205

style and the novel style are shown in Table 1.206

Spelling Correctness Spelling correctness is rep-207

resentative of linguistic features in textual narra-208

tives. Texts with spelling errors reflect a lack of209

care of the author and lead to a greater likelihood210

of errors in knowledge in the corresponding text. 211

We add spelling errors to a portion of the text to 212

explore whether the learning preference of model 213

is affected by spelling correctness in the data. 214

We use GPT4 to generate biographical texts 215

with spelling errors TPoorSpelling(b) as shown in Ta- 216

ble 1. The corresponding text without spelling 217

errors TGoodSpelling(b) is the general type data as 218

shown in the General Type line in Table 1. 219

Intrinsic Knowledge Alignment When a person 220

develops a preference for part of the information in 221

a text, that person will tend to maintain a consistent 222

preference for the entire text (Moravec et al., 2018). 223

To investigate whether this phenomenon also exists 224

in LLMs, we add information for a part of the 225

text that contradicts common knowledge (which 226

LLMs have grasped during the pretraining phase) 227

and evaluate whether the model has a tendency not 228

to learn the knowledge in that part of the text. 229

We use GPT4 to generate data that contradicts 230

common sense knowledge TMisaligned(b) as shown 231

in the Misaligned line in Table 1. The correspond- 232

ing text without misalignment TAligned(b) is the gen- 233

eral type data shown in the General Type line in 234

Table 1. 235

3.2 Experimental Results 236

We verified the model’s preference for certain text 237

features from three perspectives: the speed of mod- 238

els when picking up knowledge from texts, models’ 239

pairwise preference in the presence of conflicting 240

knowledge, and the model’s preference in the pres- 241

ence of multiple-style conflicts. 242

LLMs learns texts with specific attributes faster 243

In this part, instead of introducing conflicts, we let 244

the LLaMA2 model train on data with specified 245
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Experiment birth date birth place university major company avg

Newspapers vs Scientific reports 48.3 49.1 55.5 48.5 50.3 50.3
Newspapers vs Novels 80.1 58.2 62.6 63.7 55.0 63.9
Newspapers vs Social Media 77.6 58.5 61.3 53.7 52.5 60.7
Scientific reports vs Novels 75.5 53.4 57.2 62.6 60.2 61.8
Scientific reports vs Social Media 76.0 55.5 54.3 55.8 54.3 59.1
Social Media vs Novels 52.9 51.4 46.2 54.7 45.8 50.2

Good Spelling vs Poor Spelling 74.5 66.3 54.4 48.1 54.0 59.5

Aligned vs Misaligned 47.5 53.6 53.5 48.7 55.8 51.8

Table 2: Pairwise preference score of finetuned LLaMA-2-7B. The values in the table are the preference scores for
the types labeled bold.

Figure 1: Models’ accuracy at different epochs during
the training process of LLM trained on different styles
of data

features and observe how well the model trains246

at different moments of training. Our metric for247

evaluating the model is its accuracy in answering248

multiple choice questions related to the training249

data. By observing the differences in the model’s250

learning speed and final performances on data with251

different features, we can explore the preferences252

that the model holds. More details about the train-253

ing and testing process are given in Appendix C.254

We present the results of our experiments on255

different text styles in Figure 1. We find that the256

model learn scientific report style and newspaper257

style faster and end up with higher accuracy in the258

text style experiments. Similar observations can259

be made on good spelling VS. bad spelling and260

aligned knowledge VS. Misaligned knowledge in261

Appendix C.262

Results on pairwise comparison We present the263

pairwise comparison results in Table 2, where mod-264

els’ preference on two attributes are compared. We265

find that the fine-tuned model has a significantly266

higher preference to activate knowledge for scien-267

tific reports style and newspapers style than for268

Figure 2: Results of ten styles mixed together. The
styles represented by the corresponding sector are la-
beled around the pie chart. Percentages within the pie
chart indicate the proportion of the corresponding sector
that is assigned the highest preference.

social media style and novels style. Compared 269

to general style, the fine-tuned model had signif- 270

icantly lower preference scores for poor spelling 271

texts, which shows that the model is sensitive to 272

fine-tuning text spelling. The model has no sig- 273

nificant preferences between texts misaligned with 274

intrinsic knowledge and general style texts. 275

Results of multiple-style comparison In real 276

training scenarios, the LLMs may face far more 277

sources of conflict than the two styles. In order 278

to investigate whether the model’s aforementioned 279

preferences exist when multiple styles all conflict 280

on the same knowledge, we conduct experiments 281

on 10 different styles simultaneously. All styles 282

describe the same characters, but the character at- 283

tributes are all different. We evaluate the percent- 284

age of attributes corresponding to each style as 285

having the highest probability of output, as shown 286

in Figure 2. As can be seen from the figure, the 287

model preference remains, i.e. the more formal 288

styles such as textbooks style, newspapers style, 289
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Figure 3: Pr(Newspapers,Social Media) with differ-
ent model size different features.

scientific reports style and wikipedia style are more290

preferred by the model.291

3.3 Relationship between Preferences and292

Model Scale293

To explore whether the above model preferences for294

text style in fine-tuning are specific to LLMs, we295

run the set of experiments "Newspapers vs Social296

media" on Pythia models (Biderman et al., 2023)297

of different scales. The results are shown in Fig-298

ure 3. We can see that the model’s preference for299

the newspapers style grows with increasing model300

scale. This indicates the learning prefrences are301

more likely a high-level features that only emerges302

in larger models.303

3.4 Generalizing Findings across Models and304

Languages305

To investigate the generalizability of learning pref-306

erences found in previous sections, we conduct307

experiments on more LLMs and languages. For En-308

glish LLMs, we choose LLaMA2 and Pythia as rep-309

resentatives, while for Chinese LLMs, we choose310

deepseek-llm-7B (Bi et al., 2024) and Baichuan-7B311

(Yang et al., 2023a). In the Chinese LLM exper-312

iment, we translate all templates from English to313

Chinese, and construct the dataset in the same way314

as in English.315

The results are shown in Table 3. As can be seen316

from the table, the different LLMs for different lan-317

guages show a consistent preference. However,318

the degree of preference varies considerably across319

models, e.g., Pythia-6.9B has a significantly higher320

preference for newspaper style than the other three321

models. This difference may result from the dif-322

ferences in the pre-training corpus as well as the323

training methods of the different LLMs.324

4 Why LLM Developed Certain 325

Preferences? 326

In the previous section, we have shown that large 327

language models demonstrate certain learning pref- 328

erences when facing conflicting knowledge from 329

different information sources. However, it is in- 330

triguing how LLMs develops such preferences. In 331

this section, we attempt to provide an initial ex- 332

planation for this phenomenon: LLMs effectively 333

identify features that can signify the degree of con- 334

sistency between current data and other data in 335

the training set, and use those features to decide 336

whether the current data is worth learning. 337

4.1 Constructing Datasets with Imbalanced 338

Consistency Ratio 339

Given a feature X with two attributes A and B and 340

a set of biographical knowledge K, our goal is to 341

construct a dataset where data with attributes A and 342

B exhibits different consistency degree with other 343

data. To this end, we first partition the knowledge 344

set K into two subsets: 345

• evidence knowledge set Ke. This set is used 346

to construct biographical profiles that provide 347

clues for LLMs to decide which attributes of 348

the feature is more consistent with other data 349

in the training corpus, 350

• test knowledge set Kt. This set contains the 351

knowledge to be tested at the inference time. 352

For each biographical be in the evidence knowledge 353

set Ke, we generate another biographical b̂e, which 354

shares the same name with be yet is distinct in the 355

other information field. We then compose m+n+2 356

biographical profiles in the following way: 357

Ie(be) ={T̃A(be), T̃B(b̂e)} ∪ (3) 358

{T i(be)}mi=1 ∪ {T j(b̂e)}nj=1 (4) 359

where T̃A and T̃B is the biographical profiles 360

template with attributes A and B, respectively. 361

{T i(be)}mi=1 and {T j(b̂e)}nj=1 are the support sets 362

of attribute A and B achieved by filling biograph- 363

ical information in neutral templates T 2, and m 364

and n are sizes of these sets, respectively. By ad- 365

justing the value of m and n, we can effectively 366

manipulate the consistency ratio. 367

For each biographical bt in the test knowledge 368

set, we also generate a distinct biographical b̂t that 369

2Here, neutral templates means they do not exhibit features
either like A or B.
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English LLMs Chinese LLMs
LLaMA2-7B Pythia-6.9B deepseek-llm-7B Baichuan-7B

Newspapers vs Social Media 60.7 77.3 57.2 60.1
Good Spelling vs Poor Spelling 59.5 53.3 58.8 58.8
Aligned vs Misaligned 51.8 53.1 53.8 54.3

Table 3: Pr(A,B) for multilingual and multiple models. The values in the table are the preference scores for the
types labeled bold.

(a) Source Name (b) Source Time

Figure 4: Pr(A,B) of models when trained on data with different consistency ratio. Synthetic features: (a)
information source (b) information time.

shares the same name with bt, yet we only compose370

two biographical profiles, each with the attribute A371

or B:372

It = {T̃A(bt), T̃B(b̂t)} (5)373

At the training time, we finetune LLMs on train-374

ing data consists of all Ie(be) and It(bt) for be and375

bt from the evidence knowledge set and test knowl-376

edge set, respectively:377 ⋃
be∈Ke

Ie(be) ∪
⋃

bt∈Kt

It(bt) (6)378

At the test time, we compute the preference score379

PR(A,B) on the test knowledge set Kt.380

4.2 Experimental Results381

We consider two synthetic features: source name382

and source time.383

Source Name The two attributes of this fea-384

ture are merely two different synthetic information385

source at the beginning of a vanilla template T :386

T̃ = According to <newspaper>, + T (7)387

where <newspaper> are synthetic newspaper388

names. We ask GPT-4 to generate two sets of such389

names for attribute A and attribute B, respectively.390

Source Time The previous feature only tests 391

models ability to extract fixed surface tokens as 392

the feature to decide the degree of consistency. In 393

contrast, the information time feature prepend a 394

same information source from different publish 395

volumes: 396

T̃ = According to Global News (Vol. <vol>),+T
(8) 397

The <vol> token are random numbers smaller than 398

1000 for TA and larger than 1000 for TB . This re- 399

quires a more sophistic process by as models need 400

to firstly decide the relationship between <vol> and 401

1000 before deciding the degree of consistency. 402

We finetune LLaMA-2-7B model on the con- 403

structed dataset with different consistency ratio 404

m : n, and examine the preference score Pr(A,B) 405

of the proposed two features. The results are shown 406

in Figure 4. From the figure, we can see that: 407

LLMs prefer the source that is consistent with 408

major sources. As illustrated in Figure 4a, mod- 409

els fine-tuned on data where the supportive data for 410

A and B are of equal size (m : n = 5 : 5) yield 411

preference scores close to 0.5. However, when the 412

ratio of supportive data becomes imbalanced, fa- 413

voring attribute A, the preference score Pr(A,B) 414

significantly increases across all information fields, 415

corresponding to the degree of majority. This trend 416
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Figure 5: The preference score of models at different
training epochs. m : n = 9 : 1

is consistent across the two features analyzed.417

Preferences develop as the training goes. Fig-418

ure 4b depicts the dynamic evolution of the model’s419

preference score for features indicative of major-420

ity consistency as training progresses over epochs.421

The model is trained on data with the tested fea-422

ture being source name and the consistency ratio is423

9 : 1. We can see that the model’s preference score424

progressively improves with training, plateauing at425

the 10th epoch. This indicates LLMs need suffi-426

ciently training to gradually identify features that427

signify the consistency with other data.428

4.3 Visualization of Learned Representations429

To gain deeper insights into the learning mecha-430

nisms of LLMs, we train an additional model using431

the same biographical profiles as employed in the432

source name experiments. However, in this in-433

stance, we position the information source at the434

end of each profile. This arrangement ensures that435

the encoding of the information source does not436

interfere with the learning of biographical content.437

We then select four different information sources:438

A1, A2, B1, and B2, such that A1/A2 and B1/B2439

belong to the same newspaper name set, as outlined440

in Section 4.1. Subsequently, we apply Principal441

Component Analysis (PCA) to the biographical442

data representations, which are derived by averag-443

ing the token representations from models trained444

on data where the information source is placed at445

the beginning or end of the biographical profiles,446

respectively.447

The results are shown in Figure 6. From the fig-448

ure, we can see that when the LLM is trained on449

biographical data with source names at the end of450

the profiles, it does not make a distinction between451

groups A and B. In contrast, after training on bio-452

graphical data with source names at the beginning453

Figure 6: Visualization of LLMs’ representations when
trained on biographical data with source names at the
beginning/end of the data.

of the profiles, the model learns to pull represen- 454

tations from the same group together, indicating 455

that it has developed a similar representation when 456

learning these data, which are attached with fea- 457

tures (source names) that signify whether they are 458

consistent with most of the other data. 459

4.4 Erasing/Reversing Inherent Preferences 460

by Manipulating Majority Degree 461

Thus far, we have provided evidence that LLMs 462

can identify the majority information source and 463

use it to adjust their preferences when facing con- 464

flicting knowledge from two information sources. 465

However, this cannot give a convincing explanation 466

for the source of preferences identified in Section 3 467

since the features considered in this section are con- 468

crete tokens, whereas the preferences in Section 3 469

are more abstract. 470

In this section, we aim to provide a more con- 471

trolled experiment that counterfactually manipu- 472

lates the majority degree of the inherent prefer- 473

ences learned during the pretraining stage of LLMs. 474

Specifically, for the style preferences investigated 475

in Section 3, we construct counterfactual synthetic 476
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Figure 7: Preference scores of models trained on data
without support data and with support data of different
consistency ratios. Attribute A: Newspaper style. At-
tribute B: Novels

datasets, i.e., by associating the inherent preference477

obtained during the pretraining stage with minority478

data and vice versa. According to Section 3, we479

choose Newspaper as the more preferred style and480

Novels as the less preferred style.481

We present the experimental results in Figure 7.482

From the figure, we can see that when fine-tuned483

without any support evidence data, the model ex-484

hibits strong preferences towards Newspaper, as485

shown in Section 3. However, when fine-tuned on486

data with a balanced consistency ratio, this prefer-487

ence is erased, i.e., Pr(Newspaper|Novels) is near488

0.5, and when the consistency ratio is set to 9 : 1,489

the preference is further reversed. This counterfac-490

tual experimental result indicates that consistency491

with other data could be a significant factor ex-492

plaining the preferences LLMs acquire during the493

pretraining phase.494

5 Related Work495

Understanding the mechanism of knowledge496

learning for LLMs. There are a handful of works497

that aim to understand the mechanism of knowl-498

edge learning for LLMs. Many works attempt to499

understand how knowledge is stored and retrieved500

in the LLMs’ parameters. Jawahar et al. (2019)501

investigate how different language knowledge is502

encoded in different layers of BERT. Geva et al.503

(2021) propose that feed-forward networks can be504

viewed as key-memory networks, where each key505

correlates with human-interpretable text patterns,506

and each value corresponds to a token distribution507

on the output vocabulary. Dai et al. (2022) and508

Meng et al. (2022) further search for neurons that509

are causally related to specific knowledge using510

the integrated gradient method and causal trac- 511

ing (Meng et al., 2022), respectively. Compared 512

to these works, our paper mainly focuses on how 513

the presentation of knowledge affects the learning 514

process. 515

Allen-Zhu and Li (2023a,b) also discuss the rela- 516

tionship between the presentation format of knowl- 517

edge and the final knowledge learning performance. 518

They find that adopting knowledge augmentation, 519

e.g., paraphrasing, during the pretraining stage sub- 520

stantially improves the downstream question an- 521

swering performance on knowledge-related tasks. 522

We follow this strategy in our paper and investi- 523

gate how high-level features, e.g., style, spelling 524

correctness, and consistency with other data, affect 525

the learning process. 526

Machine Unlearning and Knowledge Editing 527

Our findings seek to alter models’ behavior ac- 528

quired from the pretraining process. This is concep- 529

tually similar to machine unlearning (Wang et al., 530

2023a; Pawelczyk et al., 2024; Yao et al., 2023), 531

which researches making models forget knowledge 532

about specific training instances, and knowledge 533

editing (Wang et al., 2023b; Zhang et al., 2024), 534

which aims to modify specific knowledge inside 535

models with the requirement of local specificity 536

and global generalization, all seeking to alter mod- 537

els’ behavior acquired from the pretraining pro- 538

cess. The difference is that machine unlearning and 539

knowledge editing more focus on erasing or modi- 540

fying concrete knowledge in the model, while our 541

paper investigates changing the learning preference, 542

which can be seen as a kind of meta knowledge. 543

6 Conclusion 544

In this paper, we investigate the learning prefer- 545

ences of large language models. Thorough exten- 546

sive experiments on synthetic biographies data, we 547

reveal that existing pretrained large language mod- 548

els have established preferences as human beings 549

do, e.g. preferring formal texts and texts with less 550

spelling errors. We also provide an initial attempt 551

to explain how such preferences is developed, i.e. 552

LLMs can efficiently identify features that signify 553

the degree of consistency between current text and 554

remaining data, and use such features to determine 555

whether the current text is worth learning. We hope 556

our work could provide a new perspective to study 557

LLMs’ learning mechanism of knowledge. 558
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Limitations559

The main limitation of this paper is that we only560

conduct our experiments on a synthetic dataset due561

to the need to manipulate various style of the text.562

Therefore, it is likely that the findings is not applica-563

ble to real-world datasets. Another limitation is that564

due to the high computational cost, Section 4 does565

not provide a causal experiment in the pretraining566

stage, i.e. performing rigorous data selection to567

validate our findings in large-scale settings.568

References569

Josh Achiam, Steven Adler, Sandhini Agarwal, Lama570
Ahmad, Ilge Akkaya, Florencia Leoni Aleman,571
Diogo Almeida, Janko Altenschmidt, Sam Altman,572
Shyamal Anadkat, et al. 2023. Gpt-4 technical report.573
arXiv preprint arXiv:2303.08774.574

Zeyuan Allen-Zhu and Yuanzhi Li. 2023a. Physics of575
language models: Part 3.1, knowledge storage and576
extraction.577

Zeyuan Allen-Zhu and Yuanzhi Li. 2023b. Physics of578
language models: Part 3.2, knowledge manipulation.579

Xiao Bi, Deli Chen, Guanting Chen, Shanhuang Chen,580
Damai Dai, Chengqi Deng, Honghui Ding, Kai Dong,581
Qiushi Du, Zhe Fu, et al. 2024. Deepseek llm: Scal-582
ing open-source language models with longtermism.583
arXiv preprint arXiv:2401.02954.584

Stella Biderman, Hailey Schoelkopf, Quentin Gregory585
Anthony, Herbie Bradley, Kyle O’Brien, Eric Hal-586
lahan, Mohammad Aflah Khan, Shivanshu Purohit,587
USVSN Sai Prashanth, Edward Raff, et al. 2023.588
Pythia: A suite for analyzing large language mod-589
els across training and scaling. In International590
Conference on Machine Learning, pages 2397–2430.591
PMLR.592

Jonathan H Choi, Kristin E Hickman, Amy B Monahan,593
and Daniel Schwarcz. 2021. Chatgpt goes to law594
school. J. Legal Educ., 71:387.595

Damai Dai, Li Dong, Yaru Hao, Zhifang Sui, Baobao596
Chang, and Furu Wei. 2022. Knowledge neu-597
rons in pretrained transformers. In Proceedings598
of the 60th Annual Meeting of the Association599
for Computational Linguistics (Volume 1: Long600
Papers), pages 8493–8502, Dublin, Ireland. Asso-601
ciation for Computational Linguistics.602

Mor Geva, Roei Schuster, Jonathan Berant, and Omer603
Levy. 2021. Transformer feed-forward layers604
are key-value memories. In Proceedings of the605
2021 Conference on Empirical Methods in Natural606
Language Processing, pages 5484–5495, Online and607
Punta Cana, Dominican Republic. Association for608
Computational Linguistics.609

Fabrizio Gilardi, Meysam Alizadeh, and Maël Kubli. 610
2023. Chatgpt outperforms crowd-workers for text- 611
annotation tasks. arXiv preprint arXiv:2303.15056. 612

Ganesh Jawahar, Benoît Sagot, and Djamé Seddah. 613
2019. What does BERT learn about the structure 614
of language? In Proceedings of the 57th Annual 615
Meeting of the Association for Computational 616
Linguistics, pages 3651–3657, Florence, Italy. As- 617
sociation for Computational Linguistics. 618

Kevin Meng, David Bau, Alex Andonian, and Yonatan 619
Belinkov. 2022. Locating and editing factual asso- 620
ciations in GPT. Advances in Neural Information 621
Processing Systems, 36. 622

Patricia Moravec, Randall Minas, and Alan R Dennis. 623
2018. Fake news on social media: People believe 624
what they want to believe when it makes no sense at 625
all. Kelley School of Business research paper, (18- 626
87). 627

Martin Pawelczyk, Seth Neel, and Himabindu 628
Lakkaraju. 2024. In-context unlearning: Language 629
models as few shot unlearners. 630

Karan Singhal, Shekoofeh Azizi, Tao Tu, S Sara Mah- 631
davi, Jason Wei, Hyung Won Chung, Nathan Scales, 632
Ajay Tanwani, Heather Cole-Lewis, Stephen Pfohl, 633
et al. 2023. Large language models encode clinical 634
knowledge. Nature, 620(7972):172–180. 635

Kai Sun, Yifan Ethan Xu, Hanwen Zha, Yue Liu, and 636
Xin Luna Dong. 2023. Head-to-tail: How knowl- 637
edgeable are large language models (llm)? aka will 638
llms replace knowledge graphs? arXiv preprint 639
arXiv:2308.10168. 640

Gemini Team, Rohan Anil, Sebastian Borgeaud, 641
Yonghui Wu, Jean-Baptiste Alayrac, Jiahui Yu, Radu 642
Soricut, Johan Schalkwyk, Andrew M. Dai, Anja 643
Hauth, Katie Millican, David Silver, Slav Petrov, 644
Melvin Johnson, Ioannis Antonoglou, Julian Schrit- 645
twieser, Amelia Glaese, Jilin Chen, Emily Pitler, 646
Timothy Lillicrap, Angeliki Lazaridou, Orhan Fi- 647
rat, James Molloy, Michael Isard, Paul R. Barham, 648
Tom Hennigan, Benjamin Lee, Fabio Viola, Malcolm 649
Reynolds, Yuanzhong Xu, Ryan Doherty, Eli Collins, 650
Clemens Meyer, Eliza Rutherford, Erica Moreira, 651
Kareem Ayoub, Megha Goel, George Tucker, En- 652
rique Piqueras, Maxim Krikun, Iain Barr, Nikolay 653
Savinov, Ivo Danihelka, Becca Roelofs, Anaïs White, 654
Anders Andreassen, Tamara von Glehn, Lakshman 655
Yagati, Mehran Kazemi, Lucas Gonzalez, Misha 656
Khalman, Jakub Sygnowski, Alexandre Frechette, 657
Charlotte Smith, Laura Culp, Lev Proleev, Yi Luan, 658
Xi Chen, James Lottes, Nathan Schucher, Federico 659
Lebron, Alban Rrustemi, Natalie Clay, Phil Crone, 660
Tomas Kocisky, Jeffrey Zhao, Bartek Perz, Dian Yu, 661
Heidi Howard, Adam Bloniarz, Jack W. Rae, Han 662
Lu, Laurent Sifre, Marcello Maggioni, Fred Alcober, 663
Dan Garrette, Megan Barnes, Shantanu Thakoor, Ja- 664
cob Austin, Gabriel Barth-Maron, William Wong, 665
Rishabh Joshi, Rahma Chaabouni, Deeni Fatiha, 666
Arun Ahuja, Ruibo Liu, Yunxuan Li, Sarah Cogan, 667

9

http://arxiv.org/abs/2309.14316
http://arxiv.org/abs/2309.14316
http://arxiv.org/abs/2309.14316
http://arxiv.org/abs/2309.14316
http://arxiv.org/abs/2309.14316
http://arxiv.org/abs/2309.14402
http://arxiv.org/abs/2309.14402
http://arxiv.org/abs/2309.14402
https://doi.org/10.18653/v1/2022.acl-long.581
https://doi.org/10.18653/v1/2022.acl-long.581
https://doi.org/10.18653/v1/2022.acl-long.581
https://doi.org/10.18653/v1/2021.emnlp-main.446
https://doi.org/10.18653/v1/2021.emnlp-main.446
https://doi.org/10.18653/v1/2021.emnlp-main.446
https://doi.org/10.18653/v1/P19-1356
https://doi.org/10.18653/v1/P19-1356
https://doi.org/10.18653/v1/P19-1356
https://openreview.net/forum?id=5LhYYajlqV
https://openreview.net/forum?id=5LhYYajlqV
https://openreview.net/forum?id=5LhYYajlqV


Jeremy Chen, Chao Jia, Chenjie Gu, Qiao Zhang,668
Jordan Grimstad, Ale Jakse Hartman, Martin Chad-669
wick, Gaurav Singh Tomar, Xavier Garcia, Evan670
Senter, Emanuel Taropa, Thanumalayan Sankara-671
narayana Pillai, Jacob Devlin, Michael Laskin, Diego672
de Las Casas, Dasha Valter, Connie Tao, Lorenzo673
Blanco, Adrià Puigdomènech Badia, David Reitter,674
Mianna Chen, Jenny Brennan, Clara Rivera, Sergey675
Brin, Shariq Iqbal, Gabriela Surita, Jane Labanowski,676
Abhi Rao, Stephanie Winkler, Emilio Parisotto, Yim-677
ing Gu, Kate Olszewska, Yujing Zhang, Ravi Ad-678
danki, Antoine Miech, Annie Louis, Laurent El679
Shafey, Denis Teplyashin, Geoff Brown, Elliot Catt,680
Nithya Attaluri, Jan Balaguer, Jackie Xiang, Pi-681
dong Wang, Zoe Ashwood, Anton Briukhov, Al-682
bert Webson, Sanjay Ganapathy, Smit Sanghavi,683
Ajay Kannan, Ming-Wei Chang, Axel Stjerngren,684
Josip Djolonga, Yuting Sun, Ankur Bapna, Matthew685
Aitchison, Pedram Pejman, Henryk Michalewski,686
Tianhe Yu, Cindy Wang, Juliette Love, Junwhan Ahn,687
Dawn Bloxwich, Kehang Han, Peter Humphreys,688
Thibault Sellam, James Bradbury, Varun Godbole,689
Sina Samangooei, Bogdan Damoc, Alex Kaskasoli,690
Sébastien M. R. Arnold, Vijay Vasudevan, Shubham691
Agrawal, Jason Riesa, Dmitry Lepikhin, Richard Tan-692
burn, Srivatsan Srinivasan, Hyeontaek Lim, Sarah693
Hodkinson, Pranav Shyam, Johan Ferret, Steven694
Hand, Ankush Garg, Tom Le Paine, Jian Li, Yu-695
jia Li, Minh Giang, Alexander Neitz, Zaheer Abbas,696
Sarah York, Machel Reid, Elizabeth Cole, Aakanksha697
Chowdhery, Dipanjan Das, Dominika Rogozińska,698
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Mostafa Dehghani, Fangyu Liu, Sid Mittal, Junhyuk 782
Oh, Seb Noury, Eren Sezener, Fantine Huot, Matthew 783
Lamm, Nicola De Cao, Charlie Chen, Gamaleldin 784
Elsayed, Ed Chi, Mahdis Mahdieh, Ian Tenney, Nan 785
Hua, Ivan Petrychenko, Patrick Kane, Dylan Scand- 786
inaro, Rishub Jain, Jonathan Uesato, Romina Datta, 787
Adam Sadovsky, Oskar Bunyan, Dominik Rabiej, 788
Shimu Wu, John Zhang, Gautam Vasudevan, Edouard 789
Leurent, Mahmoud Alnahlawi, Ionut Georgescu, Nan 790
Wei, Ivy Zheng, Betty Chan, Pam G Rabinovitch, 791
Piotr Stanczyk, Ye Zhang, David Steiner, Subhajit 792
Naskar, Michael Azzam, Matthew Johnson, Adam 793
Paszke, Chung-Cheng Chiu, Jaume Sanchez Elias, 794
Afroz Mohiuddin, Faizan Muhammad, Jin Miao, 795

10



Andrew Lee, Nino Vieillard, Sahitya Potluri, Jane796
Park, Elnaz Davoodi, Jiageng Zhang, Jeff Stanway,797
Drew Garmon, Abhijit Karmarkar, Zhe Dong, Jong798
Lee, Aviral Kumar, Luowei Zhou, Jonathan Evens,799
William Isaac, Zhe Chen, Johnson Jia, Anselm800
Levskaya, Zhenkai Zhu, Chris Gorgolewski, Peter801
Grabowski, Yu Mao, Alberto Magni, Kaisheng Yao,802
Javier Snaider, Norman Casagrande, Paul Sugan-803
than, Evan Palmer, Geoffrey Irving, Edward Loper,804
Manaal Faruqui, Isha Arkatkar, Nanxin Chen, Izhak805
Shafran, Michael Fink, Alfonso Castaño, Irene Gian-806
noumis, Wooyeol Kim, Mikołaj Rybiński, Ashwin807
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A Data Construction978

The details of each biographical data entry are sam-979

pled independently and randomly from a uniform980

distribution. Birthday information has 200∗12∗28981

choices, while all other features have 100 choices.982

The names of these characters do not overlap983

with celebrities to ensure that knowledge in the984

base dataset does not conflict with the model’s ex-985

isting knowledge. Moreover, there is some correla-986

tion between graduation school and major, as well987

as work company and work city, to prevent the in-988

troduction of counterfactual knowledge. All of the989

above characterization information was generated990

by GPT4.991

B Training Details992

The specific hyper-parameters of the model training993

is shown in Table 4.994

Hyper-parameter Value

Batch Size 64
Learning Rate 1e-5
Epoch 5
LR scheduler cosine
Warmup Ratio 0.03
Weight Decay 0.0

Table 4: Fine-tune Hyper-parameters

C Setups and Additional Results of the995

learning speed experiment996

C.1 Data Construction997

In the training data testing experiments, we do not998

introduce conflicts, but instead directly allow the999

model to be trained on data with a single text fea-1000

ture. Thus, the dataset in this section can be simply1001

represented by IA = T i
A(b)

5
i=1, where TA denotes1002

the template with the current text feature A to be1003

examined and b denotes the character in the biog-1004

raphy. We randomly selected five expressions for1005

each biography to allow the model to better memo-1006

rize the knowledge in the data.1007

C.2 Training1008

The training details in this experiment are identical1009

to those presented in Appendix B.1010

C.3 Evaluation1011

We measure the effectiveness of the model in learn-1012

ing the training data by the accuracy with which1013

Figure 8: Accuray as different epochs during training
process of LLM trained on Good Spelling data and Poor
Spelling data

Figure 9: Accuray as different epochs during training
process of LLM trained on data aligned with intrinsic
knowledge and data misaligned

the model completes multiple choice questions re- 1014

lated to the training data. Specifically, we construct 1015

a test set {(s̄, sa, sb, sc)}N1 , where each piece of 1016

data in the test set contains four statements. s̄ is the 1017

statement that is consistent with the training data 1018

representation, whereas sa, sb, sc are the incorrect 1019

choices constructed with random data, and N is 1020

the size of the test set. We then used perplexity to 1021

examine the proportion of models that preferred s̄. 1022
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