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Abstract

Large language models have achieved linguis-001
tic fluency and exhibited remarkable perfor-002
mances in various natural language tasks with-003
out gradient updates because more number of004
model parameters could retain more knowledge.005
However, large language models are not ap-006
plicable to the domain-specific tasks requiring007
knowledge not included in the training corpus,008
due to the fact that knowledge in the model pa-009
rameters is not controllable during generation010
and updating the model parameters is costly.011
This research introduces efficient embedding012
mechanisms to separate knowledge from lan-013
guage models. The method divides the previous014
end-to-end construction of the language models015
into three sub-parts: sentence-level knowledge016
encoding, sentence-embedding-based task pro-017
cessing, and restoring the processed knowledge018
embedding to token-level embedding. The ex-019
perimental results verify that most knowledge020
consisting of 1 or 2 sentences can be restored021
and the performance in the passage retrieval022
task is significantly improved.023

1 Introduction024

Recently decoder (Radford et al., 2019; Wang and025

Komatsuzaki, 2021) and encoder-based language026

models (Raffel et al., 2020; Zhang et al., 2020;027

Lewis et al., 2020) have improved linguistic fluency028

by implicitly storing and using knowledge during029

language understanding and generation process.030

Moreover, large language models (LLMs) have031

achieved high performance in zero-shot and few-032

shot settings. However, the LLM-based approaches033

face several problems from the point of view of034

usability.035

LLMs are too expensive to be updated because036

the number of the model parameters has reached037

175B (Brown et al., 2020) and 530B (Narayanan038

et al., 2021). To attain the contextualized represen-039

tation without updating the gradient or head layers,040

prompt inputs are given to LLMs. When domain-041

specific knowledge is needed, the prompts must in- 042

clude adequate domain knowledge because the por- 043

tion of the specific domain knowledge in the LLM 044

parameters is likely to be small. As more domain- 045

specific knowledge is needed, the longer prompt 046

sharply increases the computation cost due to the 047

quadratic memory complexity according to the in- 048

put sequence length in transformer (Vaswani et al., 049

2017). To mitigate the computational unfeasibility, 050

research in the field of sparse attention (Beltagy 051

et al., 2020; Zaheer et al., 2020; Roy et al., 2021) 052

has been conducted. Although the input sequence 053

length capacity in the transformer has increased 054

about 8 to 10 times, it is still a serious limitation in 055

knowledge processing on LLMs. 056

In addition, LLMs sometimes produce a con- 057

tradiction or a plausible untruth, so-called halluci- 058

nation (Maynez et al., 2020; Shuster et al., 2021; 059

Roller et al., 2020). Since knowledge fragments are 060

mixed and stored in the internal LLM parameters, 061

it is unclear which knowledge fragments are cho- 062

sen dynamically in the process of inferences. The 063

hallucination is a critical issue for commercializing 064

language processing technologies, such as ethics or 065

persona representation in dialogue tasks, and logic 066

consistency in reasoning tasks. 067

To resolve those limitations, this paper intro- 068

duces a restorable embedding framework that iso- 069

lates knowledge into the external memory from the 070

internal LLM parameters. Separating knowledge 071

into the external memory makes the knowledge 072

input length irrelevant to the computation cost of 073

LLMs, and allows the detection of which knowl- 074

edge is utilized so that the hallucination can be 075

avoided. This paper also suggests the mechanisms 076

referring to the separated knowledge. 077

The key contributions of this paper are: 078

• This paper proposes a novel deep-layered neu- 079

ral model framework to restore the embedding 080

vector to the original text sequence. 081
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• This paper proves that the proposed mecha-082

nisms maintain the performances in various083

downstream tasks. In the passage retrieval task084

in which minimizing the loss rate of informa-085

tion is critical, the performance is consider-086

ably improved.087

• This paper analyzes the optimal original con-088

ditional context length at which the hallucina-089

tion occurrences are minimized.090

2 Related Works091

Research on constructing fine sentence and pas-092

sage embeddings has been studied in various fields093

such as sentence embedding and passage retrieval.094

Since BERT (Devlin et al., 2019) was introduced,095

significant research effort has been spent on low-096

ering the computational complexity in the process097

of scoring or classifying sentences. Sentence em-098

bedding studies have also been conducted in long099

document summarization and classification tasks,100

as a way to alleviate large memory consumption in101

long document processing.102

2.1 Sentence-Level Embeddings103

Various sentence embedding techniques such as104

Skip-thought (Kiros et al., 2015), InferSent (Con-105

neau et al., 2017), and Universal Sentence En-106

coder (Cer et al., 2018) have been studied. Espe-107

cially to alleviate the need to compute all combina-108

tions of sentence pairs, sentence-BERT (Reimers109

and Gurevych, 2019) utilizes sentence embeddings110

in the classification and similarity scoring tasks.111

Sentence-BERT was trained with the semantic tex-112

tual similarity (STS) dataset (Jiang et al., 2020)113

for semantic embeddings and shows high perfor-114

mances and computational efficiencies in various115

sentence classification and regression tasks.116

2.2 Embeddings in Natural Language Tasks117

Passage retrieval aims to retrieve passages related118

to a query from a huge corpus. In the case of the119

open-domain question answering (QA) datasets120

such as Natural Question(Kwiatkowski et al., 2019)121

and TriviaQA(Joshi et al., 2017) and the docu-122

ment augmented conversation datasets such as123

WizInt(Komeili et al., 2022), the relevant pas-124

sages must be found from the large-scaled texts125

like Wikipedia1 and Common Crawl(Carlini et al.,126

2021). Because the number of passages is in mil-127

lions, measuring the correlation with all documents128

1https://www.wikipedia.org/

for each query causes tremendous computation 129

requirements. Therefore, recent studies represent 130

queries and passages as embedding vectors and 131

measure their correlations by cosine similarity or 132

inner product between the vectors. Several meth- 133

ods (Karpukhin et al., 2020; Xiong et al., 2021; 134

Zhang et al., 2021) propose to encode queries and 135

passages with LLM encoders. 136

When the sequence to be summarized is lengthy 137

in the long document summarization task, the 138

quadratic memory complexity according to the se- 139

quence length makes the transformer intractable. 140

To mitigate the quadratic memory complexity 141

problem, research has been conducted on low- 142

ering memory complexity through sparse atten- 143

tion (Wang et al., 2020; Kitaev et al., 2020; Tay 144

et al., 2020; Huang et al., 2021), and generating 145

a summary with a hierarchical transformer based 146

on embeddings (Rohde et al., 2021; Zhang et al., 147

2019; Liu and Lapata, 2019; Wu et al., 2021). The 148

hierarchical transformer utilizes embedding vec- 149

tors to generate a summary through an end-to-end 150

encoder-decoder, but restoring the embeddings to 151

lexical sentences has not been studied yet. 152

3 Restorable Embedding Framework 153

In the previous transformer structures, semantic 154

embeddings and their corresponding lexical fea- 155

tures are merged in the architectures. Those struc- 156

tures find a document involving an answer for the 157

given tasks such as open-domain QA, and facilitate 158

models to extract the answer from the document. 159

Because the previous structures inevitably require 160

large-scale modeling, our proposed restorable em- 161

bedding framework aims to isolate knowledge into 162

external memory by converting embedding vectors 163

to their corresponding texts. With a certain range 164

of knowledge input length, this framework suc- 165

cessfully restores the embedding vectors to their 166

original texts, resulting in enhancing memory and 167

storage efficiency since mapping information of 168

the original text and its corresponding embedding 169

vector is not required. 170

The proposed framework to separate language 171

models and knowledge is shown in Fig. 1. This 172

framework consists of three stages: (1) creating 173

knowledge embedding vectors for sentence-level 174

knowledge to minimize the loss of information and 175

to express what it stands for; (2) processing natural 176

language tasks using the generated embeddings and 177

knowledge embeddings stored in external memory, 178
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Figure 1: Conceptual diagram of the proposed restorable
embedding framework.

and producing the result in the form of embedding;179

(3) converting the resulting embedding into natu-180

ral language that humans can understand. If this181

framework is applied to natural language process-182

ing tasks, more contexts can be added with the183

same memory size. Moreover, contexts are con-184

verted into sentence-level knowledge embeddings185

so that looking up large contexts is avoidable.186

To properly restore knowledge units in external187

memory, the proposed models must reconstruct188

their original sentences describing the correspond-189

ing knowledge semantics. Thus, this paper suggests190

the red box in Fig. 1, which represents our study191

to express the token-level embedding sequence as192

one embedding and to restore the expressed embed-193

ding into the original text. The proposed embed-194

ding techniques are also designed to improve the195

performances of various downstream tasks.196

The notations in the paper are defined as follows.197

• x = {x1, · · · , xT }: Token sequence to be ex-198

pressed as embedding vector.199

• y = {y1, · · · , yM}, z = {z1, · · · , zN}: In-200

put token sequences to encoder and decoder201

respectively.202

• dmodel: Model dimensionality203

• drepr: Representation vector dimensionality204

• e(yi): Embedding vector of i-th token in y205

• h(yi): Contextualized embedding of yi by en-206

coder207

• erepr: Encoded vector from encoder208

3.1 Description of Conventional Embeddings 209

The encoder generating text embeddings utilizes 210

the following methods: (a) employing the embed- 211

ding vector whose CLS token is located at the 212

start, and (b) exploiting the vector obtained through 213

mean pooling. In the case of (a), the CLS token and 214

text sequence are concatenated and then given to 215

the encoder. The contextualized embedding value 216

of the CLS token position is projected with a linear 217

layer and creates an embedding vector. The erepr of 218

x is defined as Eq. 1 with the learnable projection 219

matrix W. 220

erepr = Wh(y1),W ∈ Rdmodel×drepr

where y = {[CLS], x1, · · · , xT }
(1) 221

For (b), the embedding vector is achieved by pro- 222

jecting the vector obtained from mean pooling of 223

all contextualized embedding values into a linear 224

layer with the text sequence. The embedding vector 225

erepr of x is defined as Eq. 2. 226

erepr = W(
T∑
i=1

(h(xi)/
√
T )) (2) 227

For the decoding process, there are two vanilla 228

methods to restore erepr to the original x as 229

shown in (a) and (b) of Fig. 2. (a) employs a 230

decoder structure without cross-attention blocks 231

like GPT. The decoder is trained to generate the 232

original sentence with the concatenation of erepr 233

and the original text sequence x. (b) utilizes erepr 234

as the key/value of the cross attention block in 235

the decoder structure, concatenates the BOS to- 236

ken and x as the decoder input, and trains the 237

model to output the original sentence. (a) is named 238

as the input decoder whose input and target se- 239

quences are e(z) = {erepr, e(x1), · · · , e(xL)} 240

and {e(x1), · · · , e(xL), e([EOS])} in each. (b) 241

is designated as the cross-attention-based de- 242

coder whose input and target sequences are 243

e(z) = {e([BOS]), e(x1), · · · , e(xL)} and 244

{e(x1), · · · , e(xL), e([EOS])} in each. erepr be- 245

comes the key and value in the cross-attention layer. 246

Cross-attention mechanisms calculate and sum 247

semantic correlations with the key/value sequence 248

dimension. An embedding in cross-attention illus- 249

trates multiplication for the inner product between 250

the query vector and the scalar value of the embed- 251

ding vector, and then addition to the query vector. 252

In the embedding vector, not only the highly re- 253

lated elements to the current query vector but also 254

3



Figure 2: Decoder structures for restoring the embedding vector to the original text "I needed you.". (a) Input
decoder utilizing the embedding vector as input. (b) Cross-attention-based decoder employing the embedding vector
as key/value of the cross-attention layer. (c) The proposed gating layer-based decoder. (d) The proposed gating layer
structure for (c).

all elements are reflected as much as the similar-255

ity between the embedding vector and the current256

query vector. The expected query vector q̂i up-257

dated by cross-attention is described in Eq. 3. In258

this equation, the query vector sequence input to259

the cross-attention layer is q1:N , and the i-th query260

vector is represented by qi. erepr multiplied by a261

scalar c is added to the query vector. dmodel and262

drepr must be the same for the inner product be-263

tween two vectors.264

q̂i =qi + c · erepr,
where c = qi · erepr
s.t. dmodel = drepr

qi ∈ Rdmodel , erepr ∈ Rdrepr

(3)265

This paper concentrates on the case where266

dmodel = drepr. However, the constraint may be267

a disadvantage in constructing embeddings with268

minimizing the loss of information if increasing269

the size of drepr to include more information in270

erepr is necessary. Therefore, this paper proposes271

the addition of a gating layer that enables decoding272

even if drepr and drepr are different. The gating suc-273

cessfully extracts the semantically related elements274

to the current query vector from the embedding275

vector.276

3.2 Gating Layer for Restorable Embeddings 277

The proposed mechanisms are described in (c) and 278

(d) of Fig. 2. (c) shows the gating layer-based de- 279

coder instead of the cross-attention layer in (b), 280

and (d) shows the proposed gating layer structure. 281

The input of the gating layer is a query and erepr. 282

When qi inputs to the gating layer, qi is projected 283

to drepr through the projection matrix W1, result- 284

ing in q̃i. q̄i is a normalized vector through causal 285

maskings and add operations. As depicted in Eq. 4, 286

q̃i is added to the j-th vectors smaller than i and 287

divided by i. 288

q̄i =
i∑

j=1

q̃j/
√
i (4) 289

In Eq. 5, each q̄i vector with R2drepr dimension 290

is projected to drepr through W2 ∈ R2drepr×drepr , 291

and then activation function is applied. The acti- 292

vated q̇i is gated through the hadamard product 293

with erepr, and finally projected to dmodel through 294

W3 ∈ Rdrepr×dmodel . 295

q̈i =(Act(q̇iW2)⊙ erepr)W3

where q̇i = Concat(q̄i; erepr)
(5) 296

As shown in (c) of Fig. 2, q̈i is added to qi and 297

then normalized by layer normalization. Therefore, 298

erepr gated by the hadamard product is added to 299
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qi. (c) is called the gating decoder composed of300

the gating layer in the decoder, and the dimension301

and semantics of the input and target sequence of302

the gating decoder are the same as those of the303

cross-attention-based decoder.304

The proposed learning objective follows the auto-305

regressive object function, as explained in Eq. 6.306

max
θ

log pθ(x) =

T∑
t=1

log pθ(xt|x<t, encθ̂(x)), θ̂ ⊂ θ
(6)307

encθ̂ denotes an encoder function parameterized308

by θ̂, and pθ denotes the entire encoder-decoder309

function parameterized by θ.310

The gating layer described in (d) of Fig. 2 pro-311

poses a new structure containing causal making in-312

stead of the redundant multi-head attention shown313

in (b). The proposed gating layer excludes the du-314

plicated computation of multi-head attention and in-315

cludes a causal mask which is autoregressive train-316

ing. The structure employs the advantages of multi-317

head attention and causal mask techniques. The318

multi-head attention analyzes the relevance in vari-319

ous perspectives, regardless of sequential and posi-320

tional context. On the other hand, the causal mask321

successfully analyzes the correlations. Addition-322

ally, the gating layer attains higher computational323

efficiency by eliminating the repeated multi-head324

attention structure in (b).325

4 Experiments326

If the proposed embeddings successfully restore327

the semantics, the performances of the relevant328

downstream tasks should be improved with the em-329

beddings. For experimental evaluation, this paper330

applied the proposed methods to the text restora-331

tion and passage retrieval tasks with Natural ques-332

tion (Kwiatkowski et al., 2019) datasets. Perplex-333

ity(Sennrich, 2012), ROUGE (Recall-Oriented Un-334

derstudy for Gisting Evaluation)(Lin and Hovy,335

2003; Lin and Och, 2004) scores are measured for336

the experiments.337

4.1 Experiments for Text Restoration Task338

C4 RealNewsLike (Raffel et al., 2020) was uti-339

lized as a raw corpus for the text restoration340

task and pre-processed in the same way Com-341

monCrawl(Carlini et al., 2021) was pre-processed342

in FakeNews (Zellers et al., 2019), such as bad343

word and deduplication filtering. The pre-processed344

Figure 3: Token length distributions of 1, 3, and 5 sen-
tences in C4 RealNewsLike for the text restoration task.

dataset consists of 13 million and 13,863 samples 345

for training and validation respectively. 346

To examine the performances in downstream 347

tasks according to the text sequence length, the 348

dataset was divided at sentence level using the sen- 349

tence tokenizer in NLTK (Bird and Loper, 2004). 350

Figure 3 shows the token length distributions ac- 351

cording to the number of sentences in C4 Real- 352

NewsLike. The average token length according to 353

the number of sentences is about 33, 96, and 156 354

for 1, 3, and 5 sentences respectively. 355

4.1.1 Experiemtal Settings 356

The training was conducted for 1 epoch after ini- 357

tializing with the pre-trained weights of a small 358

configuration of T5 (Raffel et al., 2020). For exam- 359

ining the performance difference in text restoration, 360

both freezing and updating the weights transferred 361

from T5 were evaluated. In the freezing layers, 362

since only the last projection matrix of the encoder 363

is learnable as a variable to make a restorable em- 364

bedding, the text restoration with three additional 365

transformer layers was considered and the parame- 366

ters were randomly initialized. As shown in Table 1, 367

the different configurations from (a) to (d) were 368

evaluated with the randomly initialized parameters 369

for each encoder and decoder variant. 370

Adam optimizer and linear learning rate schedul- 371

ing were employed, and dmodel and drepr were set 372

to 512 in all experiments. Gated ReLU (Dauphin 373

Configuration (a) (b) (c) (d)
Freezing the pre-trained weights N Y N Y

Number of additional layers 0 0 3 3

Table 1: Experimental configurations for the text
restoration task.
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With CLS token With mean pooling
Decoder PPL R-1 R-2 R-L PPL R-1 R-2 R-L

(a) 6 layers from pre-trained model + no additional layers
Without KE 6.178 9.87 0.79 8.09 1.16 93.37 82.93 89.72

Cross-attention KE 6.10 7.09 0.19 6.24 1.10 95.14 87.80 92.76
Gating layer KE (Ours) 6.04 11.21 0.55 8.21 1.04 97.76 94.63 96.94

(b) 6 layers from pre-trained model (Freeze) + no additional layers
Without KE 1.79 13.33 0.75 9.53 2.24 65.99 34.45 50.96

Cross-attention KE 6.22 12.29 0.78 9.30 2.04 67.97 37.85 54.00
Gating layer KE (Ours) 6.16 11.13 0.29 8.47 1.93 70.54 40.83 56.81

(c) 6 layers from pre-trained model + 3 additional layers (Random initialization)
Without KE 6.18 13.32 0.75 9.53 1.15 92.63 83.34 89.63

Cross-attention KE 6.10 9.95 0.21 8.31 1.12 94.13 86.26 91.62
Gating layer KE (Ours) 6.04 10.81 0.56 8.07 1.03 98.32 96.30 97.91
(d) 6 layers from pre-trained model (Freeze) + 3 additional layers (Random initialization)

Without KE 6.30 11.86 0.77 8.84 1.34 84.77 69.68 81.12
Cross-attention KE 6.22 11.21 0.55 8.21 1.29 87.18 73.07 83.79

Gating layer KE (Ours) 6.16 9.88 0.58 7.57 1.09 95.95 91.07 95.04

Table 2: Text restoration performance on a single sentence according to the experimental configurations in Table1.
The proposed embeddings were utilized to construct knowledge embedding (KE) vectors and the decoder type. PPL,
R-1, R-2, and R-L denote perplexity, ROUGE-1, ROUGE-2, and ROUGE-L respectively.

et al., 2017) was used for the activation function in374

the gating layer, and the detailed hyperparameters375

for the model and optimizer in the experiments are376

described in Table 6 in Appendix A.377

4.1.2 Experimental Results378

For the single-sentence restoration task, as illus-379

trated in Table 2, the CLS token-based approach380

underperforms the other methods in all configura-381

tions, even with three randomly initialized layers.382

From the perspective that Perplexity and ROUGE383

scores are not correlated, the global attention mech-384

anisms help to make effective token-level contex-385

tualized embeddings, but there seems a limit to386

generating appropriate sentence-level embeddings.387

The mean pooling approach overperforms the388

CLS-based method in all configurations. Because389

all tokens are directly involved in generating em-390

beddings, the loss of information is minimized,391

and high restoration performances are achieved. By392

comparing the single-sentence restoration perfor-393

mance according to decoders in mean pooling, all394

performance metrics are improved with the pro-395

posed gating layer in all experimental configura-396

tions. Therefore, we evaluate that the proposed gat-397

ing layer-based knowledge embedding model guar-398

antees high and robust restoration.399

With mean pooling-based embeddings, the400

model without freezing the weights from the pre-401

trained model draws higher performances whether402

additional layers are added or not. Those perfor-403

mance differences may be due to the gap in the404

number of adjustable model parameters. For exam-405

ple, the model configuration (a) in Table 2 depicts406

Configuration # S PPL R-1 R-2 R-L
Cross-attention-based decoder

(c) +
extra layers

1 1.12 94.13 86.26 91.62
3 1.89 63.08 29.25 46.87
5 2.80 52.35 15.09 31.28

(d) + freeze &
extra layers

1 1.29 87.18 73.07 83.79
3 2.48 59.00 24.39 44.09
5 3.50 51.30 14.58 31.00

Gating layer-based decoder (Ours)

(c) +
extra layers

1 1.03 98.32 96.30 97.91
3 1.37 72.11 50.45 64.16
5 2.08 52.82 18.91 36.77

(d) + freeze &
extra layers

1 1.09 95.95 91.07 95.04
3 1.75 67.14 39.97 58.43
5 2.76 52.38 17.92 36.83

Table 3: Text restoration performance according to the
experimental configurations in Table1 and the number
of original sentences denoted as # S. Mean pooling
was employed to generate embeddings. PPL, R-1, R-2,
and R-L denote perplexity, ROUGE-1, ROUGE-2, and
ROUGE-L in each.

significantly higher performance than the model 407

configuration (b). Whereas all weights of 6 layers 408

in (a) can be updated during the embedding pro- 409

cess, the last projection layer can be updated in (b). 410

The experimental results illustrate that the number 411

of adjustable parameters is an important factor for 412

sentence-based knowledge embedding models. 413

Table 3 shows the text restoration performances 414

with either the cross-attention-based or the pro- 415

posed gating layer-based decoders, according to 416

the original text length. The experimental results 417

indicate that the recovery performance decreases as 418

the number of sentences increases, meaning that the 419

amount of information accommodated in a vector 420

of a certain dimension is limited. More experimen- 421
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# of sentences R@20 R@100
No additional layers

T5-small 49.58 67.12

(a)
1 64.33 78.34
3 63.09 78.34
5 63.09 77.88

(b) + freeze
1 63.61 78.39
3 62.56 77.71
5 62.18 77.67

Additional layers
T5-small + additional layers 55.73 72.37

(c)
1 64.07 78.05
3 63.13 77.82
5 63.61 78.30

(d) + freeze
1 70.30 83.32
3 68.70 82.29
5 68.46 82.13

Table 4: Passage retrieval performance in Natural ques-
tions with the proposed embeddings, according to ex-
perimental configurations in Table 1.

tal results on other text lengths, configurations, and422

decoder types can be found in Appendix B.423

4.2 Experiments for Passage Retrieval Task424

4.2.1 Experiment Settings425

For the passage retrieval task, the performances426

were measured to examine the effect of the pro-427

posed embedding mechanisms in downstream tasks.428

Dense passage retrieval (DPR) uses a bi-encoder429

including two encoders - a query encoder and a pas-430

sage encoder. The evaluated models were trained431

with in-batch training (Karpukhin et al., 2020) by432

utilizing the positive passages of other samples in433

the batch as negative samples. The detailed hyper-434

parameters are illustrated in Table 7 in Appendix A.435

The Natural Question data and Wikipedia pas-436

sages employed in the DPR downstream task were437

utilized for our experiments. For the evaluation, the438

recall of whether passages containing the correct439

answer for each question were retrieved in the top-440

K passages among the 21,015,324 passages was441

measured.442

4.2.2 Experimental Results443

For no additional layers, the performances with444

the proposed mechanisms were much superior to445

the direct transfer learning with T5-small. Even446

when randomly initialized additional layers were447

added, the passage retrieval with the proposed em-448

bedding models showed higher performance than449

the others. The performance gaps demonstrate that450

the proposed model is trained to construct efficient451

knowledge embeddings with minimizing the loss452

of information for each passage.453

4.3 Analysis on Experimental Results 454

For no additional layers, the sentence restoration 455

with freezing parameters recorded lower perfor- 456

mances than that without freezing. Freezing param- 457

eters with additional layers showed performance 458

improvements compared to freezing parameters 459

without extra layers. Whereas the performances of 460

the text restoration task represented superior with- 461

out freezing pre-trained weights, the performances 462

of the passage retrieval task showed better with 463

freezing them. The reason might be that some repre- 464

sentations for passage retrieval are damaged while 465

the unfrozen model parameters learn knowledge 466

restoration. 467

The proposed gating layer-based restorable em- 468

bedding framework which possesses the external 469

knowledge memory and employs the additional 470

knowledge embeddings demonstrates high perfor- 471

mances under all conditions - learning with a lan- 472

guage modeling objective and learning the restora- 473

tion while maintaining the pre-learned language 474

model weights. Especially in (d) of Table 4, the 475

proposed restorable embeddings performed an im- 476

portant role in the process of learning the semantic 477

restoration of natural language, despite updating 478

even fewer model parameters. 479

For the qualitative analysis, Table 5 exemplifies 480

the original texts and samples restored by the gat- 481

ing layer-based or cross-attention-based decoders. 482

With the proposed gating-layer-based docer, in the 483

case of single-sentence input, complete text restora- 484

tion was observed, meaning that the samples were 485

restored with almost no loss of information. For 486

three sentences, the first sentence was absolutely 487

restored, but the second and third sentences omit- 488

ted some words or generated different words from 489

the original text. In particular, the wrong sentence 490

restoration tends to appear more frequently in the 491

latter sentences than in the former sentences. 492

For five sentences, more latter sequences such as 493

the fourth and fifth sentences in Table 5 tend to be 494

generated plausibly but semantically differently be- 495

cause the information from the original sentences is 496

mixed in the restored sentences. The hallucination 497

problem appears probably due to the loss of infor- 498

mation during sentence encoding. As a result, un- 499

der the condition of the sentence vector dimension 500

and model size used in our experiments, converting 501

only one or two sentences into embedding looks 502

appropriate to prevent hallucination problems and 503

minimize the loss of information. 504
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Gating layer-based decoder

Original

1 Was it a surprise to you that you were given the arts and culture position?
2 No, there is no surprise when you are a cadre of the ANC because you are deployed anywhere.
3 You are given a five-year contract to do a portfolio and when you are finished, you wait for another one.
4 At no stage do you have a say.
5 What qualities do you bring to the position?

1 sentence
Restored 1 Was it a surprise to you that you were given the arts and culture position?

3 sentences

Restored
1 Was it a surprise to you that you were given the arts and culture position?
2 No, there is no surprise when you are a cadre of the ANC because you are deployed overseas.
3 You are given a five-year contract to do a portfolio and when you (are) finish, you are waiting for another.

5 sentences

Restored

1 Was it a surprise to you that you were given the arts and culture culture?
2 No, there is no surprise when you are a candidate of the ANC because you are deployed anywhere.

3 You are given a four-year contract to do a portfolio and when you (are) finish(ed), you are no longer looking
for one.

4 At one stage did you have a capabilities?
5 What does the message bring to you?

Cross-attention-based decoder

Original

1 Two bedrooms home on a corner lot.
2 Two car detached garage.
3 Nice covered front porch.
4 Seller will not complete any repairs to the subject property, either lender or buyer requested.
5 The property is sold in AS IS condition.

5 sentences

Restored

1 Two car garage on a corner lot.
2 Two covered covered porch.
3 Sony front porch.
4 Nice covered garage will not return any repairs to the seller, either buyer or seller.
5 The property is listed in ASOLD condition.

Table 5: Original texts and samples restored by the gating layer-based or cross-attention-based decoders, according
to the input text length. Blue texts represent parts different from the original text, and red texts indicates parts
omitted from the original text.

5 Conclusions505

This paper introduces a gating layer-based506

restorable embedding framework for constructing507

restorable embeddings of knowledge in the natu-508

ral language process and proposes the gating layer509

structure to improve the restoration performance510

with the knowledge embeddings. The extracted511

knowledge embedding vectors from our mecha-512

nisms make information processing in natural lan-513

guage processing efficient. The experiments eval-514

uate that the proposed gating layer-based embed-515

dings successfully perform the downstream tasks516

such as the text restoration and passage retrieval517

tasks by showing superior performance qualita-518

tively as well as quantitatively.519

This paper focuses on how to restore the520

sentence-level embeddings to the original texts.521

The effective encoder structures and the way to522

construct effective embeddings are not considered523

in this work. Therefore, further research is to im-524

prove the efficiency of semantic representations in525

embeddings and to extend usability in a variety of526

natural language processing tasks under the con-527

sideration of effective mechanisms for storing and 528

referencing knowledge. 529
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A Hyperparameter Settings in Experiments788

Table 6 shows the hyperparameters of the model and optimizer when learning the text restoration task.789

Encoder & Decoder Optimizer & Generation
Name Value Name Value
dmodel 512 Algorithm AdamW

Number of attention heads 8 Learning rate 1e-3
Number of attention layers 6 Adam epsilon 1e-8

dfeedforward 2048 Weight decay 1e-2
Drop out rate 0.1 Scheduling Linear

Activation for feed-forward Relu Warm up Y
Epsilon for layer normalization 1e-6 Warm up rate 0.1
Max positional embedding size 512 Number of beams 4

Initialize factor 1.0 Early stopping Y
Positional embedding type Relative bucket embeddings Top-k 50

Positional bucket size 32 Top-p 50

Table 6: Hyperparameters for training text restoration.

Table 7 illustrates the hyperparameters when learning the passage retrieval task.790

Name Value
Batch size 128

Epochs 40
Optimizer AdamW

Learning rate 1e-3
Adam epsilon 1e-8
Weight decay 0
Scheduling Linear
Warm up Y

Warm up rate 0.2
Max length for query 70

Max length for context 350
Number of positive context per sample 1
Number of negative context per sample 1

Table 7: Hyperparameters for training passage retrieval
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B More Experimental Results for Text Restoration Task 791

Table 8 shows all restoration performances according to the experimental configuration, the method used 792

to create the embedding vector and the decoder type. 793

Classification token Mean pooling
# Sentences Decoder PPL R-1 R-2 R-L PPL R-1 R-2 R-L

1

(a) 6 layers from pre-trained model + 0 additional layers
Input 6.178 9.87 0.79 8.09 1.16 93.37 82.93 89.72
Cross 6.10 7.09 0.19 6.24 1.10 95.14 87.80 92.76
Gating 6.04 11.21 0.55 8.21 1.04 97.76 94.63 96.94

(b) 6 layers from pre-trained model (freeze) + 0 additional layers
Input 1.79 13.33 0.75 9.53 2.24 65.99 34.45 50.96
Cross 6.22 12.29 0.78 9.30 2.04 67.97 37.85 54.00
Gating 6.16 11.13 0.29 8.47 1.93 70.54 40.83 56.81

(c) 6 layers from pre-trained model + 3 additional layers (random initialization)
Input 6.18 13.32 0.75 9.53 1.15 92.63 83.34 89.63
Cross 6.10 9.95 0.21 8.31 1.12 94.13 86.26 91.62
Gating 6.04 10.81 0.56 8.07 1.03 98.32 96.30 97.91

(d) 6 layers from pre-trained model (freeze) + 3 additional layers (random initialization)
Input 6.30 11.86 0.77 8.84 1.34 84.77 69.68 81.12
Cross 6.22 11.21 0.55 8.21 1.29 87.18 73.07 83.79
Gating 6.16 9.88 0.58 7.57 1.09 95.95 91.07 95.04

3

(a) 6 layers from pre-trained model + 0 additional layers
Input 8.13 13.33 0.48 11.08 2.33 58.98 23.10 40.36
Cross 8.04 13.14 0.26 9.55 1.83 64.86 30.42 47.79
Gating 7.90 18.41 1.14 12.72 1.49 70.79 43.06 58.97

(b) 6 layers from pre-trained model (freeze) + 0 additional layers
Input 8.33 12.70 0.07 10.45 4.88 43.60 12.08 24.60
Cross 8.21 14.17 0.34 10.85 4.44 45.37 12.87 25.07
Gating 8.08 14.80 0.79 10.86 4.09 47.52 13.81 25.99

(c) 6 layers from pre-trained model + 3 additional layers (random initialization)
Input 8.14 14.32 0.32 11.36 2.31 54.43 21.22 39.01
Cross 8.04 14.48 0.79 10.88 1.89 63.08 29.25 46.87
Gating 7.91 14.67 0.42 11.10 1.37 72.11 50.45 64.16

(d) 6 layers from pre-trained model (freeze) + 3 additional layers (random initialization)
Input 8.34 11.20 0.13 9.70 2.96 51.82 18.70 38.18
Cross 8.22 15.07 0.23 11.76 2.48 59.00 24.39 44.09
Gating 8.09 16.81 1.11 11.98 1.75 67.14 39.97 58.43

5

(a) 6 layers from pre-trained model + 0 additional layers
Input 8.80 11.98 0.24 10.69 3.60 49.63 13.45 28.19
Cross 8.67 15.14 0.87 12.53 2.75 49.63 13.45 28.19
Gating 8.53 11.19 0.21 8.85 2.25 55.36 18.54 35.98

(b) 6 layers from pre-trained model (freeze) + 0 additional layers
Input 9.02 13.98 0.09 12.43 6.30 38.24 8.87 20.48
Cross 8.87 13.26 0.21 11.46 5.80 41.25 9.63 21.00
Gating 8.74 11.46 0.12 10.12 5.39 43.66 10.60 21.79

(c) 6 layers from pre-trained model + 3 additional layers (random initialization)
Input 8.80 4.71 0.09 4.42 3.36 46.57 12.34 28.54
Cross 8.66 16.96 0.80 12.30 2.80 52.35 15.09 31.28
Gating 8.54 7.42 0.29 6.15 2.08 52.82 18.91 36.77

(d) 6 layers from pre-trained model (freeze) + 3 additional layers (random initialization)
Input 9.02 8.02 0.30 7.38 4.19 45.31 11.46 27.65
Cross 8.87 12.02 0.34 10.80 3.50 51.30 14.58 31.00
Gating 8.75 17.16 1.25 11.79 2.76 52.38 17.92 36.83

Table 8: Restoration performance according to the experimental configuration, the method used to create the
embedding vector, and the decoder type.

13



C Passage Retrieval Performance of Proposed Model794

Table 9 shows the passage retrieval performance of the proposed model according to the configuration.795

# Sentences # Additional layers R@1 R@5 R@20 R@100
Random initialize 0 14.77 32.68 49.58 67.12

W/ freeze 1 0 21.50 44.11 63.61 78.39
W/ freeze 3 0 21.43 43.96 62.56 77.71
W/ freeze 5 0 21.18 43.61 62.18 77.67

WO/ freeze 1 0 24.34 47.49 64.33 78.34
WO/ freeze 3 0 22.29 45.05 63.09 78.34
WO/ freeze 5 0 22.18 45.08 63.09 77.88

Random initialize 3 16.88 37.90 55.73 72.37
W/ freeze 1 3 26.92 52.54 70.30 83.32
W/ freeze 3 3 24.97 50.02 68.70 82.29
W/ freeze 5 3 25.05 49.56 68.46 82.13

WO/ freeze 1 3 21.53 45.97 64.07 78.05
WO/ freeze 3 3 20.97 44.83 63.13 77.82
WO/ freeze 5 3 22.41 45.13 63.61 78.30

Table 9: Passage retrieval performance in Natural Questions according to experimental configuration and sentence
length.

D Performance on Various Sentence-Level NLP Tasks796

Table 10 shows the performance on the various sentence-level downstream tasks with the sentence797

embeddings of the proposed model.798

GLUE
MNLI QNLI WNLI MRPC QQP

# Sentences # Additional layers Accuracy Accuracy Accuracy Accuracy Accuracy
Random initialize 0 74.91 80.82 58.33 75.00 88.81

W/ freeze 1 0 75.58 81.68 52.78 74.51 88.43
W/ freeze 3 0 75.48 81.66 37.50 77.21 88.47
W/ freeze 5 0 75.58 81.92 55.56 74.26 88.32

WO/ freeze 1 0 72.38 80.33 56.94 71.81 88.69
WO/ freeze 3 0 72.34 80.56 58.33 74.26 88.69
WO/ freeze 5 0 72.41 81.28 56.94 73.04 88.50

Random initialize 0 74.93 78.53 52.78 74.26 89.89
W/ freeze 1 3 75.74 81.97 50.00 71.57 89.96
W/ freeze 3 3 75.73 82.27 55.56 72.79 90.01
W/ freeze 5 3 75.69 82.65 45.83 73.53 89.96

WO/ freeze 1 3 72.47 79.83 56.94 72.79 89.04
WO/ freeze 3 3 72.26 80.38 52.78 75.25 89.12
WO/ freeze 5 3 72.10 80.22 56.94 74.26 89.11

GLUE SSTDataset TREC
SST2 SSTDataset Coarse Fine

# Sentences # Additional layers Accuracy Accuracy Accuracy Accuracy
Random initialize 0 91.28 85.42 97.02 85.91

W/ freeze 1 0 91.74 86.05 96.83 85.32
W/ freeze 3 0 91.17 85.96 96.03 85.71
W/ freeze 5 0 91.63 85.96 96.23 83.93

WO/ freeze 1 0 86.93 77.90 93.85 78.17
WO/ freeze 3 0 87.84 78.08 94.25 80.16
WO/ freeze 5 0 87.96 79.17 94.84 81.15

Random initialize 0 92.09 85.78 97.02 92.46
W/ freeze 1 3 92.55 85.69 96.83 89.48
W/ freeze 3 3 92.55 85.33 97.22 91.47
W/ freeze 5 3 91.97 86.50 96.43 91.67

WO/ freeze 1 3 87.16 76.54 92.66 83.13
WO/ freeze 3 3 88.19 77.45 94.84 84.13
WO/ freeze 5 3 88.76 78.17 94.84 84.72

Table 10: Performance on various sentence-level downstream tasks with the sentence embeddings of the proposed
model.
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E Restored Samples 799

This section shows samples restored by the models trained on sentence restoration (No cherry-picking). 800

For five sentences, in the sentences generated by the cross-attention-based decoder, parts of the sentence 801

such as subjects and objects are mixed. For the sentences generated by the gating layer-based decoder, 802

almost no parts are mixed. In five sentences of Table 13, the restored texts by the cross-attention-based 803

decoder are a jumble of information. 804

Original

1 Was it a surprise to you that you were given the arts and culture position?
2 No, there is no surprise when you are a cadre of the ANC because you are deployed anywhere.
3 You are given a five-year contract to do a portfolio and when you are finished, you wait for another one.
4 At no stage do you have a say.
5 What qualities do you bring to the position?

Gating layer-based decoder
1 sentence

Restored 1 Was it a surprise to you that you were given the arts and culture position?
3 sentences

Restored
1 Was it a surprise to you that you were given the arts and culture position?
2 No, there is no surprise when you are a cadre of the ANC because you are deployed overseas.
3 You are given a five-year contract to do a portfolio and when you (are) finish, you are waiting for another.

5 sentences

Restored

1 Was it a surprise to you that you were given the arts and culture culture?
2 No, there is no surprise when you are a candidate of the ANC because you are deployed anywhere.

3 You are given a four-year contract to do a portfolio and when you (are) finish(ed), you are no longer looking
for one.

4 At one stage did you have a capabilities?
5 What does the message bring to you?

Cross-attention-based decoder
1 sentence

Restored 1 Was it a surprise to you that you were given the arts and culture position?
3 sentences

Restored
1 Was it a surprise to you when you were given the arts and culture culture?
2 No, there is no surprise that you are a part of the ANC because you are deployed there.
3 You are paid a five-year contract when you are ready to do a portfolio and finish another, for five years.

5 sentences

Restored

1 Was it a surprise to you that there was no talent or culture when you were awarded the ANC?
2 No, you are a part of the arts department.

3 You are given that you are ready to finish a five-year contract when you are awarded a position and do not
finish until a year.

4 At one stage, do you have another role?
5 What do you do for the ANC?

Table 11: Original texts and samples restored by the gating layer-based or cross-attention-based decoders, according
to the input text length. Blue texts represent parts different from the original text, and red texts indicates parts
omitted from the original text.
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Original

1 Occasional diarrhea is a common occurrence.

2 Most people will experience an episode of diarrhea at least once or twice a year that will disappear in a
couple of days.

3 Luckily, there are many foods to eat that may help a person reduce the symptoms of diarrhea.

4 There are also some foods to avoid when dealing with a bout of diarrhea, and some additional home care
tips to consider.

5 Anyone who is experiencing persistent diarrhea should see a doctor, as a person may become dehydrated
over time.

Gating layer-based decoder
1 sentence

Restored 1 Occasional diarrhea is a common occurrence.
3 sentences

Restored
1 Occasional diarrhea is a common occurrence.

2 Most people will experience an episode of diarrhea at least twice or twice a year that will disappear in a
couple of days.

3 Luckily, there are many foods to eat that may help a person reduce the symptoms of diarrhea.
5 sentences

Restored

1 Occupy diarrhea is a common occurrence.

2 Most people will experience an episode of diarrhea at least once a month or two that will disappear in a
week.

3 Fortunately, there are plenty of ways to eat a food that may help eliminate the symptoms.

4 There are also some symptoms of diarrhea to avoid eating with a side dish, and some regular food tips that
you should consider.

5 Anyone experiencing chronic diarrhea will be referred to as a woman, but you have a medical problem
before.

Cross-attention-based decoder
1 sentence

Restored 1 Occasional diarrhea is a common occurrence
3 sentences

Restored
1 Otago occurrences is an uncommon problem.

2 Most people will experience (an episode of) a diarrhea of at least one day or two during a month that will
disappear in less than a month.

3 Fortunately, there are many ways to eat foods that can help (a person reduce) the symptoms of a person.
5 sentences

Restored

1 Occupied diarrhea is a frequent issue.

2 Many people will experience a severe diarrhea at least once a week 2014 and that may occur in some cases
of diarrhea.

3 Here are a few things that will stop you to consume more of the food to avoid.

4 There are also a few cases of diarrhea, while people can experience a side effect to avoid experiencing
chronic diarrhea.

5 If an individual is experiencing chronic diarrhea or diarrhea, some people are able to do a handover after
that.

Table 12: Original texts and samples restored by the gating layer-based or cross-attention-based decoders, according
to the input text length. Blue texts represent parts different from the original text, and red texts indicates parts
omitted from the original text.
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Original

1 Two bedrooms home on a corner lot.
2 Two car detached garage.
3 Nice covered front porch.
4 Seller will not complete any repairs to the subject property, either lender or buyer requested.
5 The property is sold in AS IS condition.

Gating layer-based decoder
1 sentence

Restored 1 Two bedrooms home on a corner lot.
3 sentences

Restored
1 Two bedrooms home on a corner lot.
2 Two car detached garage.
3 Nice covered front porch.

5 sentences

Restored

1 Two bedroom home on a corner lot.
2 Two detached car garage.
3 Nice covered front porch.
4 Seller will not complete any repairs to the (subject) property, either insured buyer or seller.
5 The property is listed in ASOLD condition.

Cross-attention-based decoder
1 sentence

Restored 1 Two bedrooms home on a corner lot.
3 sentences

Restored
1 Two bedroom homes on a corner lot.
2 Two car detached garage.
3 Nice covered front porch.

5 sentences

Restored

1 Two car garage on a corner lot.
2 Two covered covered porch.
3 Sony front porch.
4 Nice covered garage will not return any repairs to the seller, either buyer or seller.
5 The property is listed in ASOLD condition.

Table 13: Original texts and samples restored by the gating layer-based or cross-attention-based decoders, according
to the input text length. Blue texts represent parts different from the original text, and red texts indicates parts
omitted from the original text.
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