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Abstract
The matching paradigm is fundamental to large-
scale information retrieval and is widely used
in industrial search and advertising systems.
Existing approaches employ Large Language
Models (LLMs) primarily as feature extractors,
underutilizing their full modeling capabilities.
To address this limitation, we propose a novel
matching paradigm, termed the Unified Gen-
erative and Discriminative LLM (UGD). It in-
tegrates two-tower, single-tower, and genera-
tive tasks within a unified LLM framework via
attention-mask partitioning, enabling genera-
tive tasks to serve as auxiliary supervision for
discriminative learning and facilitating distilla-
tion from single-tower to two-tower architec-
tures through a multi-task fine-tuning mecha-
nism. To satisfy online latency constraints, we
further introduce a self-distillation variant of
UGD with a KMeans-enhanced linearized RQ-
VAE for prompt compression and quantization.
This design compresses and quantizes landing-
page documents during inference, improving
serving efficiency and reducing storage over-
head. Extensive experiments show that UGD
achieves superior performance and strong prac-
tical value. The framework has been deployed
in an industrial search engine serving hundreds
of millions of users and hundreds of thousands
of advertisers, significantly enhancing search
experience. Open access upon publication.

1 Introduction

With the rapid growth of information on the In-
ternet, search and recommendation systems have
become essential for meeting users’ information
needs (Kobayashi and Takeda, 2000; Adomavicius
and Tuzhilin, 2005). Although their objectives dif-
fer, they can be unified as a matching problem
from a technical perspective (Garcia-Molina et al.,
2011). In industrial systems, matching models
must achieve both high recall accuracy and low-
latency retrieval (Su et al., 2023). Two-tower and
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single-tower architectures have proven effective
for large-scale matching tasks (Huang et al., 2020;
Yang et al., 2020; Yu et al., 2021; Jang et al., 2023),
and are widely used in the coarse- and fine-ranking
stages of search and advertising systems.

The two-tower model uses separate encoders
for queries and documents, computing relevance
scores via a simple fully connected layer or dot
product (Reimers, 2019; Huang et al., 2013). Its
main limitation lies in low matching accuracy due
to limited feature interaction. The single-tower
model allows bottom-layer interactions between
query and document but still lacks interpretabil-
ity (Lu et al., 2022; Devlin, 2018; Liu, 2019), pro-
viding only a correlation score without explaining
the underlying reasons. In applications such as
advertising, e-commerce, and search, understand-
ing the rationale behind relevance scores is cru-
cial. For instance, in search advertising, advertisers
need not only the correlation between user queries
and landing pages (LP) but also insights into why
the correlation exists. This information enables
continuous optimization of products and landing
pages, improving competitiveness and user experi-
ence. Consequently, innovating traditional match-
ing paradigms with generative LLMs (Du et al.,
2021; Yang et al., 2025; Liu et al., 2024; Team et al.,
2025) is of particular importance. However, apply-
ing LLMs introduces corresponding challenges for
online inference, especially due to the substantially
increased model size and the excessive length of
documents.

To address these challenges, we propose the Uni-
fied Generative and Discriminative LLM (UGD),
a novel matching paradigm that integrates two-
tower, single-tower, and generative tasks within
a single LLM framework via attention-mask parti-
tioning. Using a multi-task fine-tuning mechanism,
UGD leverages generative tasks to enhance discrim-
inative learning and distills single-tower knowl-
edge into two-tower architectures. To meet online
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latency requirements, we further develop a self-
distillation variant with a KMeans-enhanced
linearized RQVAE for prompt compression and
quantization. Attention mask isolation enables self-
distillation from the full document prompt to a
compressed prompt, and the RQVAE (Lee et al.,
2022) quantizes the compressed vectors, improving
serving efficiency and reducing storage overhead.
In summary, our contributions are as follows:

• UGD is proposed integrating two- and single-
tower and generative tasks via attention-mask
partitioning to enhance discriminative learn-
ing while enabling single-to-two-tower distil-
lation to improve two-tower performance.

• Self-distillation with KMeans-enhanced lin-
earized RQVAE is developed compressing
and quantizing prompts to support efficient
online inference and reduce storage overhead.

• Query Landing Page Quality (QLQ)
dataset is provided from an industrial search
advertising engine. Experiments show that
UGD achieves superior performance and
strong practical value.

2 Method

In this section, we introduce our unified generative
and discriminative matching paradigm (UGD) and
further develop a self-distillation variant with a
KMeans-enhanced linearized RQVAE for prompt
compression and quantization.

2.1 UGD Matching Paradigm

Attention mask Partition. Distinguished from tra-
ditional matching paradigms, our method employs
customized CoT prompts and partitioned attention
masks as inputs. As shown in Figure 1(a), query-
document pairs along with correlation discrimi-
nation reasons are fed into the generative LLM
through CoT prompt engineering. Specifically, the
input is structured as “query + [CLS] + document +
[CLS] + because [gMask], the correlation score is
[CLS] + [Start] + reason + [EOS]”, where the first
two [CLS] tokens represent the feature embeddings
of the query and document. To ensure the indepen-
dence of the query and document in the two-tower
model, an attention mask is applied so that each
can only interact with itself.

To enhance interpretability and logical consis-
tency, a discriminative reason generative task is

introduced alongside the correlation discrimina-
tion task, with [gMask] denoting the reason to be
generated. Its label is ‘[Start] + reason + [EOS]‘,
and the corresponding attention mask is a lower-
triangular matrix. For knowledge distillation from
single-tower to two-tower discrimination, an addi-
tional [CLS] token is added after the reason token
to represent the single-tower discriminative feature,
which has access to the query, document, and rea-
son tokens. Through this design, the two-tower
UGD paradigm is realized via customized prompts
and attention mask partitioning. As shown in Fig-
ure 1(b), the single-tower UGD follows a similar
design.

Multi-Task Learning. The architecture of the
two-tower UGD model is illustrated on the left side
of Figure 1(a). It consists of three task-specific
head networks for the two-tower discriminative
task, the single-tower discriminative task, and the
generative task. The vectors corresponding to the
first two special tokens ([CLS]) in the encoder out-
put F are extracted as the query and document rep-
resentations, denoted as VQ and VDoc. After con-
catenation, the representation is projected by FCt

to obtain Ft, which is further processed by FC
and FCkl

t to produce Logitst and F̂t. Similarly,
the single-tower representation Vs is processed by
FC and FCkl

s to obtain Logitss and F̂s, which
impose KL-based constraints on Logitst and F̂t

for knowledge distillation. For the generative task,
an LMHead maps the encoder output F from the
embedding dimension D to the vocabulary size
Cvocab. Specifically, the multi-task loss functions
are defined as follows:

Lt
cls = E(x,y)∼D

[
−

C∑

i=1

yi log(p
t
i)

]
(1)

Ls
cls = E(x,y)∼D

[
−

C∑

i=1

yi log(p
s
i )

]
(2)

Lgen = E(x,y)∼D

[
− 1

T

T∑

t=1

log q(yt|y<t)

]
(3)

Lkl =
∑

x∈X
P (x) log

(
P (x)

Q(x).detach

)
(4)

Lemb
kl =

∑

x∈X
T (x) log

(
T (x)

S(x).detach

)
(5)

Lt
cls and Ls

cls denote the two- and single-tower
cross-entropy losses, Lgen the generative loss, and
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Figure 1: An overview of the unified generative and discriminative two-tower matching paradigm. In the attention
mask, 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.

Lkl and Lemb
kl the self-distillation KL losses. There-

fore, the objective function of our two-tower UGD
paradigm is as follows:

Lt = αLt
cls+βLs

cls+γLgen+λLkl+µLemb
kl (6)

where {α, β, γ, λ, µ} represents the weight coeffi-
cients of each loss function. Similarly, the objec-
tive function of the single-tower UGD paradigm is
composed of Ls

cls and Lgen as follows:

Ls = βLs
cls + γLgen (7)

2.2 Self-distillation Variant with a
KMeans-enhanced Linearized RQVAE for
Prompt Compression and Quantization

In search advertising engines, single-tower mod-
els for fine-grained ranking require online

query–document interaction, which incurs substan-
tial latency as LLM sizes and landing page context
lengths increase. To mitigate this issue, we propose
a self-distillation landing page prompt compres-
sion method, along with a KMeans-enhanced Lin-
earized RQVAE for further prompt quantization.
The proposed approach enables efficient inference
for search advertising systems in the LLM era.

Self-distillation Prompt Compression. As
shown in Figure 2, the input is structured as Query
+ LP Placeholder + [CLS] + LP + Prompt + [CLS]
+ Reason, and embedded via word embeddings.
The LP Placeholder uses N special tokens. We
introduce an encoder LLM to compress LP: LP and
the N special tokens are encoded to produce N
vectors representing the compressed LP, denoted
ELP−h, which replace the original LP Placeholder
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Figure 2: An overview of the self-distillation variant of UGD with a KMeans-enhanced linearized RQVAE for
prompt compression and quantization.

embeddings.

Directly compressing the landing page often re-
sults in significant performance degradation. To
address this, we propose a self-distillation-based
prompt compression method. Specifically, as illus-
trated by the attention mask in Figure 2, the LP
is introduced during training, and self-distillation
from ⟨Query,LP⟩ to ⟨Query,Compressed LP⟩ is
enforced via attention mask isolation and Kullback-
Leibler (KL) divergence (Kullback and Leibler,
1951). In detail, attention mask isolation ensures
that ⟨Query,LP⟩ and ⟨Query,Compressed LP⟩ in-
teract independently during training, making LP
and Compressed LP mutually invisible. This guar-
antees that efficient inference can be achieved by
inputting only ⟨Query,Compressed LP⟩. The loss
functions are analogous to those used in UGD.

Quantization: KMeans-enhanced Linearized
RQVAE. In search advertising engines, the LP
collection is extremely large, often hundreds of
millions, making direct offline storage of all Com-
pressed LP vectors highly costly. To address this,
we propose a KMeans-enhanced linearized RQ-
VAE for quantizing the Compressed LP vectors.

Specifically, first, the RQVAE applies multi-
stage residual quantization to the LP compression
vectors obtained from the encoder LLM, reducing
information loss at each stage. Second, the code-
book space is linearized to enhance cohesion, avoid
suboptimal local solutions, and improve codebook
utilization. Finally, KMeans clustering is employed
to initialize the codebook, aligning it with the dis-
tribution of LP compression vectors and mitigating
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Figure 3: The architectures of baseline models.

biases from random initialization. As a result, each
Compressed LP vector can be represented by stor-
ing only 8×N codebook indices.

3 Experiments

3.1 Setup

Datasets. We construct the Query Landing Page
Quality (QLQ) dataset from an industrial search
advertising engine. Each sample contains a query,
landing page description, quality score (0–3), and
corresponding reason. The training set contains
2741326 non-snapshot samples, and the test set
24227 snapshot samples. We also reconstructed
several public text-matching datasets: ATEC, BQ-
Corpus (Chen et al., 2018), LCQMC (Liu et al.,
2018), NLI (Bowman et al., 2015), and QQP (Le
et al., 2021). Details in Appendix A.

Baselines. As presented in Figure 3, we cate-
gorize traditional matching paradigms as: Shared
Two-Tower Model (Shared-TTM) (Xi et al., 2021),
Non-Shared Two-Tower Model (TTM) (Reimers,
2019; Khattab and Zaharia, 2020) and Single-
Tower Model (STM) (Devlin et al., 2019).

Training Details. In our experiments, we pre-
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Type Methods
Chinese (ACC / AUC) English (ACC / AUC)

QLQ BQ ATEC LCQMC NLI QQP

TTM
Shared TTM 0.7183 / 0.9141 0.8170 / 0.8892 0.8139 / 0.6940 0.8215 / 0.9182 0.7646 / 0.9253 0.9223 / 0.9622

TTM 0.7236 / 0.9137 0.7172 / 0.7849 0.8176 / 0.6297 0.7478 / 0.8459 0.7444 / 0.9130 0.8977 / 0.9397
UGD TTM 0.7311 / 0.9185 0.8448 / 0.9180 0.8284 / 0.8288 0.8331 / 0.9185 0.7887 / 0.9388 0.9300 / 0.9807

STM
STM 0.7443 / 0.9343 0.8614 / 0.9351 0.8685 / 0.8966 0.8874 / 0.9616 0.8701 / 0.9744 0.9752 / 0.9905

UGD STM 0.7525 / 0.9369 0.8604 / 0.9342 0.8728 / 0.9022 0.8908 / 0.9619 0.8746 / 0.9786 0.9803 / 0.9868

Table 1: Performance comparisons. The best results are in bold.

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 2: 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 stop gradient". The
best results are in bold.

trained a 1B-parameter LLM backbone using both
general-domain and industrial search advertising
corpora. Full-parameter fine-tuning was performed
with a learning rate of 5e− 6, batch size of 32, and
the AdamW optimizer, implemented on 8 NVIDIA
A800 GPUs. Details in Appendix B.

3.2 Results and Online Testing for UGD

Main Results. As shown in Tables 1, our UGD
matching paradigm has made significant improve-
ments in ACC and AUC indicators compared with
the traditional matching paradigm, which demon-
strates that our UGD can better stimulate the capa-
bilities of generative LLMs.

Specifically, UGD TTM significantly improves
matching performance by integrating two-tower,
single-tower, and generative tasks within a uni-
fied LLM framework, while leveraging knowl-
edge distillation to enhance discriminative learning.
On the industrial search advertising dataset QLQ,
it achieves improvements of 0.75% in ACC and
0.48% in AUC, and gains of 0.77%–2.78% are ob-
served on several public datasets. Similarly, UGD
STM also yields consistent improvements, where
enhanced query–document interaction introduced

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

by generative tasks leads to stable performance
gains across domains.

Beyond performance improvements, UGD also
enables the model to generate discriminative rea-
sons, providing interpretable explanations for corre-
lation judgments in practical applications. Detailed
case studies are presented in Appendix C.
Ablation Study. As shown in Tables 2, we con-
duct ablation experiments for UGD TTM and UGD
STM around the loss functions of Lt

cls, Ls
cls, Lgen,

Lkl and Lemb
kl .

Ablation studies on UGD TTM show that self-
distillation from single-tower to two-tower discrim-
ination is essential for performance gains, while
removing distillation terms consistently degrades
ACC. Meanwhile, removing the reason generative
loss Lgen also reduces performance for both UGD
TTM and UGD STM, demonstrating the effective-
ness of generative supervision.
Online Testing. We deploy our UGD on the in-
dustrial search advertising engine and randomly
take a small percentage of traffic as the test group.
Figure 4 illustrates the application of our UGD in
the search advertising domain. On the left side
is the retrieval end, whose responsibility is to fil-
ter the landing pages corresponding to a specified
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Table 3: Experimental results for prompt compression
and quantization strategies based on QLQ dataset. Here,
“a” denotes non-snapshot data, “b” denotes snapshot
data, “ph” indicates placeholder special token compres-
sion, and “sd” denotes self-distillation from 〈Query, LP〉
to 〈Query, Compressed LP〉.

Train
Data

Compression
Strategy

Quantization
Strategy

Token
Nums

Metric
(ACC / AUC)

a - - 600 0.7525 / 0.9369
a+b - - 600 0.7855 / 0.9445

a+b ph - 40 0.7607 / 0.9311
a+b ph + sd - 40 0.7818 / 0.9406

a+b ph + sd VQVAE 40 0.6234 / 0.8191
a+b ph + sd RQVAE (4) 40 0.7263 / 0.9125
a+b ph + sd linearized RQVAE (4) 40 0.7647 / 0.9280
a+b ph + sd linearized RQVAE (8) 40 0.7714 / 0.9320

a+b ph + sd
linearized RQVAE (8)
+ Kmeans warm

40 0.7798 / 0.9389

query. On the right side is the business end, which
is tasked with notifying advertisers of the relevance
score and the reasons behind the score between
their products and the query. At the retrieval end,
the coarse- and fine-rank filtering of candidate land-
ing pages is realized through the discrimination
functions of UGD TTM and UGD STM. At the
business end, advertisers can gain insights into the
reasons for relevance discrimination to improve
their products and optimize the landing page de-
sign. As a result, a virtuous feedback loop is estab-
lished. Through continuous improvement based on
the provided reasons, the quality of products and
landing pages can be steadily enhanced, leading to
better user experiences, advertising campaigns and
higher income and revenue growth.

During the A/B testing period, which typically
spans at least one week, we closely monitor the
performance of our UGD. Compared with the pre-
viously deployed model, the UGD TTM effectively
reduces the proportion of 0-score landing pages by
1.87%. Meanwhile, the UGD STM achieves an
even more substantial reduction for the proportion
of 0-score landing pages by 3.2%. Details are in
the Appendix D.

3.3 Exploratory Results for Prompt
Compression and Quantization

In this subsection, for UGD STM, we investigate
the effects of our self-distillation prompt compres-
sion and the KMeans-enhanced linearized RQVAE
quantization strategy. To this end, we further aug-
mented the QLQ dataset by incorporating 213367
snapshot samples and employed a Conditional Fine-

Tuning (CFT) training data strategy. Detailed de-
scriptions are provided in Appendix A.

As shown in Table 3, the introduction of snap-
shot samples and the CFT strategy substantially
enhances UGD STM performance (+3.3% ACC
/ +0.76% AUC). Building upon this, experiments
with the prompt compression strategy indicate that
self-distillation markedly improves compression
effectiveness (+2.11% ACC / +0.95% AUC), re-
sulting in performance comparable to the baseline.

We further investigate the quantization strategy.
Notably, the initial VQVAE quantization results in
significant performance degradation. By progres-
sively optimizing the codebook space—RQVAE →
linearized RQVAE (4 & 8) → linearized RQVAE
(8) with KMeans warm-start—the performance
loss due to quantization is substantially reduced
(ACC: +10.29% → 4.51% → 0.84%). Compared
to the baseline, the final performance experiences
only a slight decline (-0.57% ACC / -0.56% AUC).

Under essentially comparable performance, the
LP sequence length is compressed from 600 to 40
tokens, significantly improving token utilization,
reducing online resource consumption, and accel-
erating inference. Additionally, each LP vector
requires storing only 8× 40 codebook indices, al-
leviating offline storage demands.

4 Conclusion

In this work, we presented UGD, a unified gen-
erative and discriminative LLM-based matching
paradigm that integrates two-tower, single-tower,
and generative tasks within a single framework. By
leveraging attention-mask partitioning and multi-
task fine-tuning, UGD enables generative tasks to
provide auxiliary supervision for discriminative
learning and facilitates knowledge distillation from
single-tower to two-tower architectures. To meet
online latency requirements, we further proposed
a self-distillation variant with a KMeans-enhanced
linearized RQVAE for prompt compression and
quantization, enabling efficient inference and re-
duced storage overhead. Extensive experiments
demonstrate the effectiveness and superiority of
UGD along with the proposed compression and
quantization strategies. Our methods have been
deployed in an industrial search advertising engine,
significantly enhancing search experience and user
satisfaction, serving hundreds of millions of end
users and supporting the operations of hundreds of
thousands of advertisers.
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Limitations

Our UGD framework with the proposed prompt
compression and quantization methods, has demon-
strated significant benefits in real-world search ad-
vertising systems. Nonetheless, several limitations
remain. First, industrial systems primarily empha-
size discriminative performance metrics, and de-
spite insights gained from case studies, a system-
atic evaluation on production tasks is still lacking.
Second, while prompt compression incurs minimal
performance loss, quantization introduces slightly
larger degradation, which warrants further opti-
mization in future work. So far, the quantization
strategy could be applied in industry with careful
consideration of the specific deployment context.
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A Details of Datasets

Datasets
Train set Test set Avg Length

CLS Label
Size Size Query Document Reason

QLQ 2741326 24227 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 the
Chinese and English datasets employed in this pa-
per. It includes the sizes of the training and test-
ing sets, along with the average lengths of queries,
documents and reasons. Figure 5a to 5f show the
length distribution of query and document for dif-
ferent datasets.

In addition, for the prompt compression and
quantization experiments, we further augmented
the QLQ dataset by incorporating 213367 snapshot
samples and adopting a Conditional Fine-Tuning
(CFT) training data strategy. Specifically, non-
snapshot data were explicitly marked as “[NSP]
+ non-snapshot,” while snapshot data were simi-
larly labeled as “[SP] + snapshot.”

The reconstruction process of the open-source
text-matching datasets is illustrated in Figure 6.

B Implementation Details

In our experiments, we pre-trained a 1B-parameter
LLM backbone with 1536 hidden dim and 48 lay-
ers using both general-domain and industrial search
advertising corpora.

The proposed UGD and its variants for prompt
compression and quantization are trained through
full-parameter fine-tuning. During training, the
learning rate is set to 5e − 6, and the batch size
is 32. The AdamW optimizer with β1 = 0.9 and
β1 = 0.999. The warmup steps are set to 4000. It
is implemented on 8 NVIDIA A800 GPUs for 5
epochs.

The hyperparameters for UGD are defined as
the weight coefficients of the corresponding loss
terms. For the two-tower paradigm, the weights
{α, β, γ, λ, µ} are set to {1, 1, 1, 10, 10}, control-
ling the contributions of Lt

cls, Ls
cls, Lgen, Lkl, and

Lemb
kl , respectively (see Eq. 6). For the single-tower

paradigm, only Ls
cls and Lgen are considered, with

weights {β, γ} = {1, 1} (see Eq. 7).
The training process of our UGD and the cor-

responding prompt compression and quantization

methods is as follows. The training pipeline con-
sists of three stages. First, the non-quantized UGD
model is pretrained via a single-stage supervised
fine-tuning. Second, the pretrained model is used to
perform inference on the training set to obtain sam-
pled compressed LP vectors, which are clustered
using KMeans to initialize the first codebook of
the linearized RQVAE, while the remaining resid-
ual codebooks are initialized to zero. Finally, the
pretrained UGD model and the clustered vectors
are jointly loaded to warm-start the full model, fol-
lowed by conditional fine-tuning on the training
data.

C Case Studies

In this section, we conduct a qualitative analysis of
our UGD matching paradigm from the perspective
of case studies.

As shown in Figure 7, in the field of search
advertising, it is necessary to filter out the most
relevant landing pages from the candidate set of
landing pages based on user queries. Usually, the
landing page content is highly discrete and noisy.
Compared with traditional matching paradigms,
our UGD matching paradigm not only improves
discriminative performance but also provides cor-
responding reasons.

As mentioned in the previous section, ATEC,
BQ, and LCQMC are all Chinese question match-
ing datasets. As shown in Figure 8, taking BQ
dataset as an example, Through the innovative de-
sign of the generation task and knowledge distilla-
tion, the model can better understand the meanings
of two sentences, thereby providing more logical
discrimination results.

Similarly, we also conduct the case studies on
the English dataset NLI in Figure 9. The semantic
relationship between two sentences is marked as
{"0": "entailment", "1": "neutral", "2", "contradic-
tion"}. This can also prove the above conclusion.

In summary, the innovative integration of gen-
eration tasks and knowledge distillation within
our UGD matching paradigm has significantly en-
hanced the model’s capacity to comprehend sen-
tence meanings. This improvement has, in turn,
enabled the generation of more logically sound dis-
crimination outcomes. The positive results across
a range of experiments validate the superiority and
effectiveness of the UGD matching paradigm in
diverse matching scenarios, highlighting its poten-
tial to outperform traditional approaches and drive
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Query Length Distribution Document Length Distribution

(a) QLQ

Query Length Distribution Document Length Distribution

(b) ATEC

Query Length Distribution Document Length Distribution

(c) BQ

Query Length Distribution Document Length Distribution

(d) LCQMC

Query Length Distribution Document Length Distribution

(e) NLI

Query Length Distribution Document Length Distribution

(f) QQP

Figure 5: An illustration of the distribution of the lengths of queries and documents across different datasets.

Prompt Engineering

Top-tier LLM

QLQ ATEC BQ LCQMC NLI QQP

Reason for 
Correlation Discrimination

Chinese Dataset

English Dataset

New Datasets

Wenxin ChatGPT

Figure 6: A flowchart for generating reason labels based
on the top-tier LLMs.

progress in related research fields.

D Online Testing and Other Applications

During the A/B testing period, we closely monitor
the performance of the UGD matching paradigm.
Compared with the previously deployed model, the
UGD TTM matching paradigm effectively reduces
the proportion of 0-score landing pages by 1.87%.
Meanwhile, the UGD STM matching paradigm
achieves a 3.9% increase in filtering accuracy, a
1.6% increase in filtering volume, a 3.2% decrease
in 0-score landing page display, a 1.36% decrease
in 1-score landing page display, and a 3.09% in-
crease in 2- and 3-score landing page display.

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 7: The case studies of QLQ.

Furthermore, the proposed approach demon-
strates broad applicability across diverse domains.
In medical diagnosis assistance, it not only pro-
vides confidence levels for different disease cat-
egories but also generates detailed explanations
for observed symptoms and potential diagnostic
suggestions. This dual functionality enriches the
diagnostic process, offering medical professionals
and patients more comprehensive information to
support informed decision-making. In question-
answering systems, the model generates accurate
responses to user queries while estimating the corre-
lation probability between the input questions and
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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 8: The case studies of BQ.

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 9: The case studies of NLI.

entries in the knowledge base. Such probability
assessments enable a refined evaluation of answer
relevance, enhancing overall response quality.

In recommendation systems, the approach pro-
vides detailed explanations for recommended items,
clarifying the underlying rationale behind each sug-
gestion. By offering this transparency, the system
improves user understanding, fosters trust, and can
potentially increase user engagement with the rec-
ommended products or content.

E Related Work

E.1 Traditional Matching Paradigm

From the perspective of interaction patterns, tradi-
tional matching paradigms can be classified into
two-tower and single-tower approaches. Two-
tower matching is the dominant paradigm in dense
retrieval (Huang et al., 2013; Reimers, 2019) and is
widely deployed across various applications (Cov-
ington et al., 2016; Yi et al., 2019). However, it
suffers from limited feature interaction capability.
To address this, some studies have incorporated
SEBlocks to enhance feature representation (Wang
et al., 2020) or ResNet architectures to facilitate
more effective information propagation and fusion
(Shan et al., 2016), yet the improvements remain
modest. Other work has explored knowledge dis-
tillation to transfer knowledge from single-tower

to two-tower models (Lin et al., 2023), but train-
ing the two architectures separately for distillation
incurs additional computational cost and potential
inconsistency. In contrast, single-tower models,
benefiting from an all-to-all feature interaction pat-
tern, have been shown to outperform two-tower
models (Kim et al., 2021). Nevertheless, these
traditional paradigms are insufficient to meet the
requirements of the LLM era, where richer feature
interactions and generative capabilities are increas-
ingly essential.

E.2 General Language Model
With the continuous advancement of general lan-
guage model research, it has become feasible to re-
alize a unified generative and discriminative match-
ing paradigm. General language models aim to per-
form well across three main categories of tasks: nat-
ural language understanding (NLU), unconditional
generation, and conditional generation, as exempli-
fied by UniLM (Dong et al., 2019) and GLM (Du
et al., 2021). Inspired by these developments, we
implement attention-mask partitioning to integrate
generative and discriminative tasks within a single
LLM framework. Moreover, as the capabilities of
LLMs continue to grow, for instance, models such
as GLM, Qwen, DeepSeek, and Kimi (Du et al.,
2021; Yang et al., 2025; Liu et al., 2024; Team
et al., 2025), they are increasingly applicable to in-
dustrial search, recommendation, and advertising,
further empowering real-world business scenarios.

E.3 Prompt Compression and Quantization
Prompt compression has emerged to reduce the
length and computational overhead of LLM in-
puts while preserving task-relevant information.
Early methods identify and prune low-importance
tokens (Jiang et al., 2023), and later work catego-
rizes approaches into hard token pruning and soft
continuous prompt reduction (Li et al., 2025a), in-
cluding generalized compressors (Li et al., 2025b)
and attention-based adaptive schemes (Chen et al.,
2025). Empirical studies further examine the ef-
ficiency and effectiveness of different compres-
sion strategies across tasks (Zhang et al., 2025),
highlighting ongoing efforts to make long-context
prompting more scalable and efficient.

Prompt quantization aims to discretize contin-
uous prompt or representation embeddings to re-
duce storage and inference costs while preserving
semantic fidelity. A foundational method is the
Vector-Quantized Variational Autoencoder (VQ-
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VAE), which maps continuous encoder outputs to
discrete codes via a learned codebook, enabling
compact latent representations (Van Den Oord
et al., 2017). To address the limited expressivity of
single-stage quantization, Residual Quantized VAE
(RQVAE) hierarchically quantizes residual errors
across multiple stages, producing coarse-to-fine
discrete representations and substantially increas-
ing latent expressivity with a fixed codebook (Lee
et al., 2022). Additionally, to improve codebook
utilization and avoid local optima, some works ap-
ply linearization of the codebook space (Zhu et al.,
2025).
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