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Abstract

Matching paradigm plays a crucial role in large-001
scale information retrieval and has been widely002
deployed in industrial search engines. Limited003
by the feature interaction ability and discrim-004
inative architecture, the traditional two-tower005
and single-tower matching paradigms can no006
longer satisfy the demands for the performance007
and interpretability of matching paradigms in008
the era of LLMs. Existing approaches attempt009
to utilize LLMs merely as feature extractors,010
which falls short of fully leveraging the capabil-011
ities of LLMs. Therefore, we propose a novel012
matching paradigm: unified generative and dis-013
criminative large language model with plug-014
and-play fine-tuning (UGD). It integrates the015
two-tower, single-tower and generative tasks016
within the same LLM framework through the017
attention map partition, so as to achieve the018
deep traction of generative tasks to discrimina-019
tive tasks and the distillation of single-tower to020
two-tower discrimination by the plug-and-play021
multi-task fine-tuning mechanism. To support022
the training of UGD, we also reconstruct six023
text matching datasets by appending reason la-024
bels based on ERNIE-4.0-Turbo-8K. Extensive025
experimental results demonstrate that UGD has026
far superior performance and comparable in-027
terpretability. And it has been applied to the028
industrial search engine, leading to a remark-029
able enhancement of search experience. Open030
access upon publication.031

1 Introduction032

With the explosion of information on the Inter-033

net, search and recommendation have become034

essential ways to meet users’ information needs035

(Kobayashi and Takeda, 2000; Adomavicius and036

Tuzhilin, 2005). Despite their distinct objectives,037

search and recommendation can be unified as the038

"matching" problem from a technical perspective039

(Garcia-Molina et al., 2011). In industrial search040

engines and recommendation systems, matching041

models not only need to obtain high accuracy in042
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Figure 1: An illustration of unified generative and dis-
criminative matching paradigm.

recall, but also require efficient retrieval to achieve 043

low latency (Su et al., 2023). Two-tower and single- 044

tower matching have been proven to be effective for 045

industrial large-scale information matching prob- 046

lem (Huang et al., 2020; Yang et al., 2020; Yu et al., 047

2021; Jang et al., 2023). 048

As we all know, the two-tower model makes use 049

of two encoders to achieve query and document 050

representation respectively, and obtains the rele- 051

vant score via simple fully connected layer or dot 052

product interaction at the top layer (Reimers, 2019; 053

Huang et al., 2013). However, the fundamental 054

drawback of the traditional two-tower paradigm is 055

manifested in the low matching accuracy due to 056

its limited feature interaction ability. Although the 057

single-tower model interacts with query and docu- 058

ment from the bottom layer, it confronts formidable 059

challenges in surmounting the bottleneck of model 060

accuracy due to the limitation of the discrimina- 061

tive architecture (Lu et al., 2022; Devlin, 2018; 062

Liu, 2019). Furthermore, the traditional match- 063

ing paradigm is a typical black box model, char- 064
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acterized by a lack of interpretability. It implies065

that users are merely able to obtain the correla-066

tion score between the query and the document,067

yet have no means of discerning the reasons for068

the correlation discrimination. In numerous fields,069

such as advertising, e-commerce and search, gain-070

ing insights into the reasons for correlation dis-071

crimination is of crucial importance. Take search072

advertising as an example. Advertisers not only073

need to know the correlation score between user074

queries and their landing pages but also the under-075

lying reasons. This knowledge empowers them to076

continuously refine their products and the home-077

pages of their official websites, thereby enhancing078

their competitiveness and user-friendliness in the079

market. With the rapid advancements in natural lan-080

guage processing (NLP) technologies, especially081

with the advent of large language models (LLMs)082

as elaborated (Li et al., 2023), the traditional match-083

ing paradigm needs to augment its abilities and084

improve its accuracy with the help of LLMs. More-085

over, despite some approaches (Ma et al., 2024;086

Muennighoff et al., 2024) attempt to use generative087

LLMs to extract features from queries/users and088

documents/items, it still regards the LLM as an en-089

coder for extracting feature representation, which090

fails to fully exploit the comprehensive capabilities091

of the LLM. Therefore, it is particularly impor-092

tant to innovate the traditional matching paradigm093

based on generative LLMs.094

To address the aforementioned challenges, we095

propose a novel matching paradigm: unified gener-096

ative and discriminative large language model with097

plug-and-play fine-tuning (UGD). As shown in Fig-098

ure 1, it seamlessly integrates the two-tower, single-099

tower and generative tasks within the same LLM100

framework through the innovative utilization of at-101

tention map partition. Moreover, by means of the102

plug-and-play multi-task fine-tuning mechanism,103

it effectively realizes the deep traction of genera-104

tive tasks to discriminative tasks and the distillation105

of single-tower to two-tower discrimination. Func-106

tionally, our UGD is equipped with generative capa-107

bilities. During the inference stage, the generative108

tasks and discriminative tasks, which are treated as109

plug-in tasks, can be independently inferred based110

on the requirements of different scenarios. This111

independent inference does not impede the infer-112

ence speed of either the two-tower or single-tower113

tasks. Technologically, by leveraging the Chain114

of Thought approach (Wei et al., 2022), the gener-115

ative task facilitates a more profound interaction116

between the query and document to achieve better 117

feature representation. Additionally, through the 118

use of the Kullback-Leibler (KL) Loss with detach 119

operation (Wu et al., 2024), it realizes the distilla- 120

tion of single-tower to two-tower discrimination, 121

which significantly enhances the performance of 122

two-tower discrimination. To adapt to the training 123

of UGD matching paradigm, we append the reason 124

labels to the existing text matching datasets through 125

the prompt engineering depending on the top-tier 126

LLMs (Zhang et al., 2019; Achiam et al., 2023). 127

Our contributions are summarized as follows: 128

• A novel unified generative and discriminative 129

matching paradigm with better matching ac- 130

curacy and interpretability is proposed, which 131

implemented through attention map partition. 132

• We develop a plug-and-play multi-task fine- 133

tuning approach, which achieves mutual trac- 134

tion between generative and discriminative 135

tasks, as well as the distillation of single-tower 136

to two-tower discrimination. 137

• We reconstruct several text matching datasets 138

with discriminative label and generative la- 139

bel based on ERNIE-4.0-Turbo-8K through 140

prompt engineering. Experiments indicate 141

that our UGD paradigm brings a significant 142

improvement in accuracy and interpretability. 143

2 Related Work 144

2.1 Traditional Matching Paradigm 145

From the perspective of the interaction pattern, 146

the traditional matching paradigm can be catego- 147

rized into two-tower matching and single-tower 148

matching. The two-tower matching is the dom- 149

inant paradigm in dense retrieval (Huang et al., 150

2013; Reimers, 2019), which is widely deployed 151

in various applications (Covington et al., 2016; Yi 152

et al., 2019). However, the two-tower matching 153

is confronted with the issue of limited feature in- 154

teraction ability. To overcome this problem, some 155

researchers proposed introducing SEBlock to en- 156

hance feature representation (Wang et al., 2020) 157

and ResNet to make important information more 158

effectively conveyed and fused (Shan et al., 2016). 159

Nevertheless, the improvement is not significant. 160

Other researchers proposed the knowledge distil- 161

lation approach to better transfer knowledge from 162

the single-tower to the two-tower model (Lin et al., 163
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Figure 2: An overview of the unified generative and discriminative two-tower matching paradigm. In the attention
map, the green and purple squares represent the attention mask of all-to-all interaction within query and document
respectively. The orange square represents the unidirectional interaction between the single-tower [CLS] token and
query and document. The yellow square indicates the attention mask of the generated task. Grey squares are masked
out. [CLS] tokens represent the features of the discriminative task and [gMask] token indicates the content to be
generated. 2D positional encoding represents inter- and intra-span positions.

2023). However, training single-tower and two-164

tower models separately for distillation will result165

in wastage of training resources and inconsistency.166

In contrast, It has been verified that the single-tower167

model performs significantly better than the two-168

tower model due to its all-to-all feature interaction169

pattern (Kim et al., 2021). Nevertheless, the tradi-170

tional matching paradigm falls short of meeting the171

demands of the LLM era.172

2.2 General Language Model173

With the continuous development of general lan-174

guage model research, it provides technical support175

to achieve unified generative and discriminative176

matching paradigm. The general language model177

aims to achieve the best for all tasks of three main178

categories including natural language understand-179

ing (NLU), unconditional generation and condi-180

tional generation, such as UniLM (Dong et al., 181

2019) and GLM (Du et al., 2021). Inspired by 182

GLM, we have implemented attention map parti- 183

tion to unify the generative and discriminative task 184

into the same LLM. Similarly, both single-tower 185

and two-tower discrimination have also been uni- 186

fied into the same LLM. 187

3 Method 188

In this section, we introduce our unified generative 189

and discriminative matching paradigm with plug- 190

and-play fine-tuning. An overview of UGD match- 191

ing paradigm is presented in Figure 2, which con- 192

sists of three components: (1) Customized prompt 193

and attention map partition (section 3.1); (2) Model 194

architecture (section 3.2); (3) Plug-and-play multi- 195

task fine-tuning and inference (section 3.3). 196
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3.1 Customized Prompt and Attention Map197

Partition198

Distinguished from traditional matching paradigms,199

our method employs customized CoT-prompt and200

partitioned attention map as inputs.201

First of all, as shown in Figure 2(a), we take202

query-document pairs and correlation discrimina-203

tion reasons as inputs for generative LLM through204

CoT prompt engineering. Specifically, the input is205

structured as follows: "query + [CLS] + document206

+ [CLS] + because [gMask], the correlation score is207

[CLS] + [Start] + reason + [EOS]". Here, query and208

document are the content to be discriminated, and209

the first two corresponding special tokens ([CLS])210

are employed to denote their feature representa-211

tions. To ensure the independence of the query and212

document of the two-tower model, as shown on the213

right-hand side of Figure 2(a), we adopt an atten-214

tion map to achieve that the query and document215

can only interact with themselves. Besides, in order216

to enhance the interpretability and logicality of the217

two-tower model, a discriminant reason generative218

task is added on the basis of the correlation dis-219

crimination task, where a special token ([gMask])220

represents the reason to be generated. "[Start] +221

reason + [EOS]" represents the label of the gener-222

ative task and its attention map is a typical lower223

triangular matrix. Finally, to realize the knowledge224

distillation of single-tower over two-tower discrim-225

ination, a special token ([CLS]) is added after the226

reason occupying special token ([gMask]) as the227

feature representation for the single-tower discrimi-228

native task. It is worth noting that the special token229

([CLS]) here can access the query, document, and230

reason occupying token mentioned earlier. Thus,231

we have successfully achieved the two-tower UGD232

paradigm through customized prompts and atten-233

tion map partition. As depicted in Figure 2(b),234

single-tower UGD paradigm has only one special235

token ([CLS]) that represents the feature represen-236

tation of the single-tower discriminative task. It is237

mutually visible with the previous query, document,238

and reason occupying token.239

3.2 Model Architecture240

The model architecture of our UGD matching241

paradigm, as shown in Figure 2, consists of LLM242

backbones and multi-task head networks.243

LLM Backbones. In this study, we utilize the244

GLM paradigm as LLM backbone (Du et al., 2021).245

To ensure that the length and position of the rea-246

sons represented by the special token ([gMask]) 247

are not restricted, the 2D positional encoding is 248

employed. As depicted on the left of Figure 2(a), 249

specifically, each token is encoded with two po- 250

sitional ids. The first positional id represents the 251

position in the context. For the masked span, it is 252

the position of the corresponding [gMask] token. 253

The second positional id represents the intra-span 254

position (range from 1 to the length of the masked 255

span). Certainly, our method is also applicable 256

to most autoregressive LLMs with their positional 257

encoding, including the series of Llama (Touvron 258

et al., 2023), Qwen (Yang et al., 2024) and Ernie 259

(Zhang et al., 2019), etc. As a result, encoder out- 260

puts F ∈ L ∗D (L represents the maximum length 261

of the input sequence and D denotes the embedding 262

dimension) can be obtained through transformer 263

layers of LLM. 264

Multi-Task Head Networks. The architecture 265

of our two-tower Unified Generative and Discrimi- 266

native (UGD) model is illustrated on the left side 267

of Figure 2(a). Evidently, it consists of three head 268

networks, which are specifically designed for two- 269

tower discriminative task, single-tower discrimi- 270

native task and generative task. As elaborated in 271

section 3.1, we extract the vectors corresponding to 272

the first two special tokens ([CLS]) in the encoder 273

outputs F as the query and document feature rep- 274

resentations (namely VQ and VDoc), respectively. 275

After concatenating VQ and VDoc, Ft is obtained 276

by dimension reduction through FCt. Ft is pro- 277

cessed by FC and FCkl
t to obtain Logitst and 278

F̂t, respectively. Analogously, the feature repre- 279

sentation of the single-tower discriminative task is 280

denoted as Vs. Vs is processed by FC and FCkl
s to 281

obtain Logitss and F̂s, respectively. Among them, 282

Logitss and F̂s of the single tower are used to per- 283

form KL constraints on Logitst and F̂t of the two 284

tower for knowledge distillation. Besides, for the 285

generative task, the LMHead layer maps encoder 286

outputs F from the embedding dimension D to the 287

vocabulary size Cvocab. 288

3.3 Plug-and-Play Multi-Task Fine-Tuning 289

and Inference 290

In this section, during the fine-tuning stage, we de- 291

sign multiple tasks as plugins to fine-tune the objec- 292

tive function, which is composed of multiple loss 293

functions. These tasks collaborate and optimize 294

with one another to improve matching accuracy 295

while ensuring consistency. During the inference 296

stage, the necessary task plugins can be selected 297
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for the requirements of different business scenar-298

ios, thus achieving a plug-and-play effect. It not299

only improves the adaptability to various practical300

applications but also streamlines the deployment301

process, enabling more efficient utilization of the302

capabilities in different business scenarios.303

As for the two-tower UGD paradigm, the ob-304

jective function is composed of five loss functions305

in Figure 2(a). Firstly, CrossEntropyLoss is for306

the two-tower and single-tower discriminative tasks307

and the reason generative task.308

Lt
cls = E(x,y)∼D

[
−

C∑
i=1

yi log(p
t
i)

]
(1)309

310

Ls
cls = E(x,y)∼D

[
−

C∑
i=1

yi log(p
s
i )

]
(2)311

312

Lgen = E(x,y)∼D

[
− 1

T

T∑
t=1

log q(yt|y<t)

]
(3)313

KullbackLeiblerLoss aims to achieve distillation314

of the single-tower model to the two-tower model.315

The loss functions are as follows:316

Lkl = D(P∥Q.detach)

=
∑
x∈X

P (x) log

(
P (x)

Q(x)

)
(4)317

318
Lemb
kl = D(T∥S.detach)

=
∑
x∈X

T (x) log

(
T (x)

S(x)

)
(5)319

where Lt
cls and Ls

cls represent the loss functions320

of the two-tower and single-tower discrimination,321

respectively. yi ∈ (y1, ..., yC) represents the la-322

bel of the discriminative task. pti ∈ Logitst =323

(pt1, ..., p
t
C). C is the number of categories for the324

discriminative task. Similarly, psi ∈ Logitss =325

(ps1, ..., p
s
C). Lgen represents the loss function of326

the generative task. Besides, Lkl and Lemb
kl are the327

KL Loss function for the distillation of single-tower328

to two-tower discrimination, respectively for logits329

and embeddings. P = Logitst and Q = Logitss330

aim at the distillation of logits. Correspondingly,331

T = F̂t and S = F̂s aim at the distillation of332

embeddings. Therefore, the objective function of333

our two-tower UGD paradigm is as follows:334

Lt = αLt
cls+βLs

cls+γLgen+λLkl+µLemb
kl (6)335

where {α, β, γ, λ, µ} represents the weight coeffi-336

cients of each loss function. In our experiment, the337

Prompt Engineering
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Reason for 
Correlation Discrimination

Chinese Dataset

English Dataset

New Datasets

Wenxin ChatGPT

Figure 3: A flowchart for generating reason labels based
on the top-tier LLMs.

parameters were set as {α = 1, β = 1, γ = 1, λ = 338

10, µ = 10}. Similarly, the objective function of 339

the single-tower UGD paradigm is composed of 340

Ls
cls and Lgen as follows: 341

Ls = βLs
cls + γLgen (7) 342

where {β = 1, γ = 1}. 343

It is worth noting that in the Kullback-Leibler 344

Loss, we independently conduct the detach (Van 345

Den Oord et al., 2017) operation on Logitss (de- 346

noted as Q) and F̂s (denoted as S). The mecha- 347

nism of Kullback Leibler Loss with detach is to 348

optimize only the two-tower module so that they 349

can approximate the performance of the single- 350

tower module, as opposed to engaging in bidirec- 351

tional optimization. Besides, applying constraints 352

to both Q and its preceding feature vector S leads 353

to enhanced effectiveness in knowledge distilla- 354

tion. This targeted optimization approach allows 355

for more precise control over the learning process, 356

enabling the two-tower architecture to better mimic 357

the characteristics of the single-tower architecture, 358

which lead to improved overall model performance 359

and more effective knowledge transfer. 360

4 Experiments 361

4.1 Datasets and their Reconstruction 362

In this section, existing datasets and their recon- 363

struction processes are introduced to adapt to UGD 364

matching paradigm. 365

Existing datasets. Four Chinese datasets and 366

two English datasets are collected for subsequent 367

experiments. Chinese datasets include: (1) QLQ 368

dataset is created by ourself and utilized to to as- 369

sess the quality of queries and landing pages in the 370

search advertising domain. It provides user with 371

queries and landing page descriptions, along with 372

their evaluation quality levels (scaled from 0 to 3) 373

and corresponding reasons. The training set has 374

2311, 326 samples, while the testing set contains 375
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36, 885 samples. (2) ATEC dataset is a financial376

semantic similarity dataset. It provides pairs of377

financial questions and their semantic relevance378

labels (either 0 or 1). The training set has 82, 477379

samples and the testing set has 20, 000 samples.380

(3) BQCorpus dataset is a Chinese corpus for381

sentence semantic equivalence identification in the382

field of bank finance created by (Chen et al., 2018).383

The BQ corpus contains 120, 000 question pairs384

with the semantic relevance label (0 or 1) from385

1-year online bank custom service logs. Among386

these, 100, 000 samples are in the training set and387

20, 000 in the testing set. (4) LCQMC dataset388

is a large-scale Chinese question matching corpus389

constructed by (Liu et al., 2018). It consists of a390

training set of 238, 766 and a testing set of 21, 302391

with the semantic relevance label (0 or 1).392

English datasets include: (1) NLI dataset is a393

concatenation of the SNLI (Bowman et al., 2015)394

and MultiNLI (Williams et al., 2017) datasets,395

which covers a wide range of subjects, including396

novels, government documents, academic papers.397

The semantic relationship between two sentences398

is marked as {"0": "entailment", "1": "neutral",399

"2", "contradiction"}. The training set and test-400

ing set contain 941, 445 and 39, 307 samples. (2)401

QQP dataset (Quora Question Pairs) is a collec-402

tion of question pairs from the community question-403

answering website Quora. The task is to determine404

whether a pair of questions are semantically equiva-405

lent (0 or 1). It consists of a training set of 297, 708406

and a testing set of 32, 965.407

Dataset reconstruction based on prompt en-408

gineering. With the exception of the QLQ dataset409

that we have provided, the other publicly available410

datasets only contain category labels and lack the411

reason label required for the generative task. The412

remarkable progress of general LLMs provides an413

extremely convenient solution for data annotation.414

As shown in Figure 3, we illustrate a flowchart415

for generating reason labels based on the top-tier416

LLM (ERNIE-4.0-Turbo-8K). In detail, we extract417

sentence pairs and their category labels from the418

original dataset, and employ the prompt engineer-419

ing technique to construct customized prompts for420

generating reasons based on top-tier LLMs. The421

reconstructed datasets are elaborated in the Ap-422

pendix A and will be made accessible to the public.423

4.2 Performance Analysis424

To evaluate the results, our proposed UGD match-425

ing paradigm is compared with the traditional426

LLM
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LLM
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Figure 4: The architecture of baseline models.

matching paradigm. For simplicity, we abbreviate 427

the "Shared Two-tower Model" as "Shared-TTM", 428

the "Non-Shared Two-tower Model" as "TTM" and 429

the "Single-tower Model" as "STM" for the subse- 430

quent contents, tables and figures. 431

Baseline models. As presented in Figure 4, we 432

introduce the traditional matching paradigm archi- 433

tecture as baseline models, including Shared-TTM, 434

TTM and STM. For Shared-TTM, the query side 435

and document side share an LLM backbone as the 436

feature extraction module. Conversely, the TTM 437

is equipped with two LLM backbones, and their 438

parameters are not shared. For Shared-TTM and 439

TTM, the query and document are first embedded 440

and then interact, with the interaction occurring 441

only at the top level. In contrast, STM initiates the 442

interaction between query and document from the 443

bottom based on a single LLM backbone. 444

In our experiments, we choose Ernie 3.0 Zeus 445

1.5B as the LLM backbone. We deploy full- 446

parameter fine-tuning with the 5e− 6 learning rate, 447

which is implemented on 8 NVIDIA A800 GPUs. 448

Comparative Experiments. A comparison of 449

the performance of UGD matching paradigm and 450

baselines is presented in Tables 1 and 2. As shown 451

in Tables 1 and 2, across most Chinese and En- 452

glish datasets, our UGD matching paradigm has 453

made significant improvements in ACC and AUC 454

indicators compared with the traditional matching 455

paradigm. It demonstrates that our UGD matching 456

paradigm can better stimulate the capabilities of 457

generative LLMs, rather than just regarding them 458

as feature extractors. 459

Specially, as for the paradigm of TTM, our UGD 460

TTM integrates the two-tower, single-tower and 461

generative tasks into the same LLM model through 462

the attention map partition, so as to achieve the 463

deep traction of generative tasks to discriminative 464

tasks and the distillation of single-tower discrimina- 465

tion to two-tower discrimination. Therefore, UGD 466

TTM has better performance than Shared TTM 467

and TTM which only take LLM as feature extrac- 468
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Type Methods
Chinese Datasets (zh)

(ACC / AUC)

QLQ BQ ATEC LCQMC

TTM
Shared TTM 0.7183 / 0.9141 0.8170 / 0.8892 0.8139 / 0.6940 0.8215 / 0.9182

TTM 0.7236 / 0.9137 0.7172 / 0.7849 0.8176 / 0.6297 0.7478 / 0.8459
UGD TTM 0.7311 / 0.9185 0.8448 / 0.9180 0.8284 / 0.8288 0.8331 / 0.9185

STM
STM 0.7443 / 0.9343 0.8614 / 0.9351 0.8685 / 0.8966 0.8874 / 0.9616

UGD STM 0.7525 / 0.9369 0.8604 / 0.9342 0.8728 / 0.9022 0.8908 / 0.9619

Table 1: Performance comparisons on Chinese Datasets. LLM backbone is Ernie 3.0 Zeus 1.5b. The best results are
in bold.

Type Methods
English Datasets (en)

(ACC / AUC)

NLI QQP

TTM
Shared TTM 0.7646 / 0.9253 0.9223 / 0.9622

TTM 0.7444 / 0.9130 0.8977 / 0.9397
UGD TTM 0.7887 / 0.9388 0.9300 / 0.9807

STM
STM 0.8701 / 0.9744 0.9752 / 0.9905

UGD STM 0.8746 / 0.9786 0.9803 / 0.9868

Table 2: Performance comparisons on English Datasets.
LLM backbone is Ernie 3.0 Zeus 1.5b. The best results
are in bold.

tor. Specifically, UGD TTM achieve the ACC of469

73.11% and AUC of 91.85% on the search adver-470

tisement dataset QLQ, which realize an increase of471

about 1.0% of ACC compared with shared TTM472

and TTM. The characteristic of this dataset is that473

queries are usually short keywords, while docu-474

ments are long and discrete landing page contents.475

BQ, ATEC and LCQMC are the corpora of Chinese476

question pairs, and their two sentence pairs are usu-477

ally of equal length and short. Better performances478

are achieved on each of these three datasets with the479

increases of 2.78%, 1.08%, and 1.16% of ACC than480

others respectively (ACC / AUC: 84.48% / 91.80%,481

82.84% / 82.88%, and 83.31% / 91.85%). In ad-482

dition, the increases of 2.41% and 0.77% of ACC483

are achieved compared to baseline models on the484

English datasets NLI and QQP. Similarly, for the485

paradigm of STM, benefiting from the promotion486

of interaction between query and document brought487

about by generative tasks, our UGD STM achieved488

an improvement of 0.5% to 1.0% compared to tra-489

ditional STM on the Chinese and English datasets490

mentioned above in various fields.491

Beyond enhancing performance, our UGD pro-492

vides a plugin for generating tasks. In our experi-493

Retrieval end

Coarse Ranking 
of Relevance

Fine Ranking
of Relevance

What is the correlation score 
between query and our products?

The correlation score is 2

Why?

Q represents the demand for querying 
or purchasing automatic-transmission 
cars. The landing page is Yiche's page, 
which displays the 2024 Changan Eado 
PLUS 1.4T High - energy Edition. The 
page shows the prices of relevant auto-
matic-transmission car models, meeting 
general demands.

Business end

Query Landing Pages

Two-tower / Single-tower

discrimination generation

Advertiser

Model

Advertiser

Model

Filtered Landing Pages

Figure 5: An illustration of the application of our UGD
matching paradigm in search advertising.

mental setup, this manifests as the discriminative 494

reason generation. It also endows the model with 495

interpretability, providing reasons of correlation 496

discrimination on the business end. The case study 497

is explained in detail within the Appendix B. 498

4.3 Online Testing 499

In this section, we deploy the UGD matching 500

paradigm on the industrial search engine and ran- 501

domly take a small percentage of traffic as the test 502

group. Figure 5 illustrates the application of the 503

UGD matching paradigm in the search advertis- 504

ing domain. On the left side is the retrieval end, 505

whose responsibility is to filter the landing pages 506

corresponding to a specified query. On the right 507

side is the business end, which is tasked with no- 508

tifying advertisers of the relevance score and the 509

reasons behind the score between their products 510

and the query. At the retrieval end, the coarse- 511

and fine-rank filtering of candidate landing pages 512

is realized through the discrimination functions of 513

our TTM and STM UGD matching paradigms. At 514
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Model Multi-Task Loss Metric

(UGD) Lt
cls Ls

cls Lgen Lkl Lemb
kl (ACC / AUC)

TTM

✓ ✓ ✓ w/o w/o 0.7225 / 0.9140
✓ ✓ ✓ ✓ ✓ 0.7311 / 0.9185
✓ ✓ ✓ ✓ × 0.7289 / 0.9185
✓ ✓ ✓ × × 0.7212 / 0.9129
✓ ✓ × × × 0.7149 / 0.9074
✓ × × × × 0.7158 / 0.9087

STM
- ✓ ✓ - - 0.7525 / 0.9369
- ✓ × - - 0.7443 / 0.9343

Table 3: Ablation experiments on the QLQ dataset. We
conduct ablation experiments for UGD TTM and UGD
STM from the loss functions of Lt

cls, Ls
cls, Lgen, Lkl

and Lemb
kl , as well as their corresponding head networks.

w/o represents "KL Loss without detach". The best
results are in bold.

the business end, advertisers can gain insights into515

the reasons for relevance discrimination to improve516

their products and optimize the landing page design.517

As a result, a virtuous feedback loop is established.518

Through continuous improvement based on the pro-519

vided reasons, the quality of products and landing520

pages can be steadily enhanced, leading to better521

user experiences and advertising campaigns.522

During the A/B testing period, which typically523

spans at least one week, we closely monitor the per-524

formance of the UGD matching paradigm. Com-525

pared with the previously deployed model, the526

TTM UGD effectively reduces the proportion of527

0-score landing pages by 1.87%. Meanwhile, the528

STM UGD achieves an even more substantial re-529

duction for the proportion of 0-score landing pages530

by 3.2%. Details are in the Appendix C.531

4.4 Ablation Study532

As shown in Tables 3, we conduct ablation exper-533

iments for UGD TTM and STM around the loss534

functions of Lt
cls, Ls

cls, Lgen, Lkl and Lemb
kl , as well535

as corresponding head networks.536

As for UGD TTM matching paradigm, we first537

conduct ablation experiments on the knowledge538

distillation of single-tower to two-tower discrimina-539

tion. The knowledge distillation for both logits and540

embedding is conducted using KL Loss. When the541

detach operation is applied in the KL Loss calcula-542

tion, the performance improves by approximately543

1% compared to the case without it (ACC from544

72.25% to 73.11%). Because of the detach opera-545

tion, the model optimizes the model parameters to546

make the logits and embedding of the two-tower547

closer to those of the single-tower. When the Lemb
kl548

loss term is removed, ACC drops from 73.11% to 549

72.89%. Moreover, when the entire knowledge 550

distillation module is removed, ACC drops from 551

73.11% to 72.12%. They validate the effectiveness 552

of knowledge distillation between single-tower to 553

two-tower discrimination. However, our work is 554

the first to integrate knowledge distillation into 555

one LLM through attention map partition, which 556

saves training resources while ensuring its consis- 557

tency. Besides, after removing the reason genera- 558

tive task Lgen, the ACC of UGD TTM decreases 559

from 72.12% to 71.49% and the ACC of UGD STM 560

decreases from 75.25% to 74.43%, indicating that 561

the generative task has excellent feature traction 562

effect for matching paradigm based on LLMs. Fur- 563

thermore, Tables 3 also indicates that single-tower 564

discrimination itself does not improve two-tower 565

discrimination. Instead, it must be constrained by 566

KL Loss to achieve knowledge distillation. 567

5 Conclusion 568

In this paper, we explore the innovation of tradi- 569

tional matching paradigm in the era of generative 570

LLMs. To improve the performance of traditional 571

matching paradigms and endow them with inter- 572

pretability, we propose a novel matching paradigm: 573

unified generative and discriminative large lan- 574

guage model with plug-and-play fine-tuning. It 575

integrates the two-tower, single-tower and gener- 576

ative tasks into the same LLM model through the 577

attention map partition, so as to achieve the deep 578

traction of generative tasks to discriminative tasks 579

and the distillation of single-tower discrimination 580

to two-tower discrimination by the plug-and-play 581

multi-task fine-tuning mechanism. Moreover, to 582

support the training of UGD, we reconstruct six 583

text matching datasets by appending the reason 584

labels through the prompt engineering based on 585

the top-tier LLM (ERNIE-4.0-Turbo-8K). Exten- 586

sive experimental results on these datasets show 587

that UGD has far superior performance and com- 588

parable interpretability to the traditional matching 589

paradigms. And it has been applied to the industrial 590

search engine and significantly improved the search 591

experience and satisfaction. In the future, we will 592

further explore the application of UGD matching 593

paradigm and its innovations to other tasks, such 594

as multi-modal matching and prompt compression 595

tasks. 596
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6 Limitations597

Compared with traditional matching paradigms,598

our UGD demonstrates superior performance and599

interpretability. However, this study is not with-600

out limitations. In this paper, the LLM backbone601

adheres to the GLM paradigm. However, causal602

LLMs require further exploration. Given the con-603

straints of the industrial search engine scenario, the604

experiments in this paper utilize a 1.5B-parameter605

LLM backbone. Although, in theory, our proposed606

paradigm is applicable to larger-scale LLMs, ex-607

perimental validation is yet to be carried out.608
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Query Length Distribution Document Length Distribution

Figure 6: An illustration of the distribution of the
lengths of queries and documents in Dataset QLQ.

Query Length Distribution Document Length Distribution

Figure 7: An illustration of the distribution of the
lengths of queries and documents in Dataset ATEC.

A Appendix for Details of Datasets776

Datasets
Train set Test set Avg Length

CLS Label
Size Size Query Document Reason

QLQ 2311326 36885 30.87 229.55 146.48 4
BQ 100000 20000 11.63 12.09 74.94 2

ATEC 82477 20000 13.33 13.35 75.23 2
LCQMC 238766 21302 10.68 11.19 69.77 2

NLI 941445 39307 15.81 8.50 58.45 3
QQP 297708 32965 11.13 11.41 55.96 2

Table 4: Detailed information of the dataset.

Tables 4 presents detailed information about the777

Chinese and English datasets employed in this pa-778

per. It includes the sizes of the training and testing779

sets, along with the average lengths of queries, doc-780

uments and reasons. Figure 6 to 11 show the length781

distribution of query and document for different782

datasets.783

B Appendix for Case Study784

In this section, we conduct a qualitative analysis of785

our UGD matching paradigm from the perspective786

of case studies.787

As shown in Figure 12, in the field of search788

advertising, it is necessary to filter out the most789

relevant landing pages from the candidate set of790

landing pages based on user queries. Usually, the791

landing page content is highly discrete and noisy.792

Compared with traditional matching paradigms,793

our UGD matching paradigm not only improves794

discriminative performance but also provides cor-795

Query Length Distribution Document Length Distribution

Figure 8: An illustration of the distribution of the
lengths of queries and documents in Dataset BQ.

Query Length Distribution Document Length Distribution

Figure 9: An illustration of the distribution of the
lengths of queries and documents in Dataset LCQMC.

responding reasons. 796

As mentioned in the previous section, ATEC, 797

BQ, and LCQMC are all Chinese question match- 798

ing datasets. As shown in Figure 13, taking BQ 799

dataset as an example, Through the innovative de- 800

sign of the generation task and knowledge distilla- 801

tion, the model can better understand the meanings 802

of two sentences, thereby providing more logical 803

discrimination results. 804

Similarly, we also conduct the case studies on 805

the English dataset NLI in Figure 14. The semantic 806

relationship between two sentences is marked as 807

{"0": "entailment", "1": "neutral", "2", "contradic- 808

tion"}. This can also prove the above conclusion. 809

In summary, the innovative integration of gen- 810

eration tasks and knowledge distillation within 811

our UGD matching paradigm has significantly en- 812

hanced the model’s capacity to comprehend sen- 813

tence meanings. This improvement has, in turn, 814

enabled the generation of more logically sound dis- 815

crimination outcomes. The positive results across 816

Query Length Distribution Document Length Distribution

Figure 10: An illustration of the distribution of the
lengths of queries and documents in Dataset NLI.
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Query Length Distribution Document Length Distribution

Figure 11: An illustration of the distribution of the
lengths of queries and documents in Dataset QQP.

自动档汽车

11月报价日活动 专业顾问在线服务 最低报价 购置税车船税保险 预估总价  每月1-5日更
新本地商家最低“报价单” 逸动2024款PLUS1.4T高能版 4S-阳泉金鑫长安 山西省阳泉
市郊区李荫路

Query

Landing Page

Score: 1  (GroundTruth: 2)

Reason: None

Score: 2  (GroundTruth: 2)

Reason: Q为自动挡汽车查询或购买需求，落地页为易车页面展示逸动2024款plus1.4t高
能版，页面展示有自动挡汽车相关车型价格展示，满足泛需求

TTM

UGD TTM

Figure 12: The case studies of QLQ dataset.

a range of experiments validate the superiority and817

effectiveness of the UGD matching paradigm in818

diverse matching scenarios, highlighting its poten-819

tial to outperform traditional approaches and drive820

progress in related research fields.821

C Appendix for Online Testing and Other822

Applications823

During the A/B testing period, we closely monitor824

the performance of the UGD matching paradigm.825

Compared with the previously deployed model, the826

TTM UGD matching paradigm effectively reduces827

the proportion of 0-score landing pages by 1.87%.828

Meanwhile, the STM UGD matching paradigm829

achieves a 3.9% increase in filtering accuracy, a830

1.6% increase in filtering volume, a 3.2% decrease831

in 0-score landing page display, a 1.36% decrease832

in 1-score landing page display, and a 3.09% in-833

crease in 2- and 3-score landing page display.834

Furthermore, the proposed approach has broad835

applicability across diverse fields. In the realm of836

medical diagnosis assistance, it not only furnishes837

the confidence levels corresponding to different838

disease categories but also generates in - depth ex-839

planations for symptoms, along with potential diag-840

nostic suggestions. This dual - function approach841

enriches the diagnostic process, providing medi-842

cal professionals and patients with more compre-843

hensive information for informed decision-making.844

Regarding question-answering systems, they are de-845

什么时候再次给我打电话？

一般要审核多久？

Sentence A

Sentence B

Score: 1  (GroundTruth: 0)

Reason: None

Score: 0  (GroundTruth: 0)

Reason: 句子A询问再次打电话的时间，关注点是再次联系；句子B询问审核时间，关
注点是审核流程。两者主题不同，无直接联系，因此相关性判定为0.

TTM

UGD TTM

Figure 13: The case studies of BQ dataset.

A brown, black, and white dog barking up a tree.

Dogs are barking up a tree.

Sentence A

Sentence B

Score: 1  (GroundTruth: 0)

Reason: None

Score: 0  (GroundTruth: 0)

Reason: The reason for determining the relationship between SentenceA and SentenceB as 0 
(entailment) is that both describe dogs barking up a tree, with SentenceA providing addition-
al details (colorofdog, action of barking) that do not contradict SentenceB . Thus, SentenceA 
implies SentenceB

TTM

UGD TTM

Figure 14: The case studies of NLI dataset.

signed to generate accurate answers to user queries 846

while concurrently estimating the probability of 847

correlation between the input questions and the 848

entries stored within the knowledge base. This 849

probability assessment is crucial as it allows for 850

a more refined evaluation of the relevance of the 851

retrieved answers, enhancing the overall quality 852

of the response. In the case of recommendation 853

systems, detailed explanations are provided for the 854

recommended results. These explanations play a 855

pivotal role in helping users understand the under- 856

lying rationales behind why specific products or 857

content are being recommended. By offering such 858

transparency, the user experience is significantly 859

improved, leading to increased user trust and poten- 860

tially higher engagement with the recommended 861

items. 862

D Appendix for Implementation Details 863

The proposed UGD was trained through full- 864

parameter fine-tuning. During training, the learn- 865

ing rate was set to 5e − 6, and the batch size 866

was 32. The Adam optimizer with β1 = 0.9 and 867

β1 = 0.999. The WarmupSteps was set to 4000. 868

It was implemented on 8 NVIDIA A800 GPUs for 869

5 epochs. The entire training process spanned over 870

5 days. 871
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