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Abstract

Traditional retrieval systems typically use
multi-stage cascading architectures (MCA),
where each module is optimized independently,
leading to inconsistent objectives and the pre-
mature elimination of high-potential candidates.
Recent LLM-based generation methods offer
end-to-end solutions but use discrete semantic
identifiers (SIDs) to retrieve ads, which are not
learned by the base LLM and require memoriza-
tion of numerous SID-to-ad mappings during
SFT, suffering from limited generalization to
unseen ads, high maintenance and update costs.
The one-to-one mapping between SIDs and
advertisements leads to inefficient decoding.
Moreover, these methods rely on a small reward
model (e.g. pctr) for relevance and ranking, lim-
iting the LLM’s ability to fully assess ads’ com-
mercial value. To address these challenges, we
propose A uNified Generation-discriminative-
ranking reaL time rEtrieval (ANGLE) frame-
work. ANGLE uses LLM-generated hierar-
chical textual representations, which consist
of commercial intent that provide high-level
overviews and ad abstract that deliver fine-
grained details. Additionally, ANGLE inte-
grates retrieval, relevance, and ranking directly
within a single LLM, enabling precise and effi-
cient ranking of ads by leveraging the full capa-
bilities of the LLM. We applied ANGLE to the
real-world search scenarios, achieving a 1.81%
increase in consumption and a 2.16% increase
in gross merchandise volume (GMV). We also
conducted offline evaluations of ANGLE and
seven baselines, with ANGLE outperforming
all across key metrics such as HR and ACR.

1 Introduction

Ad retrieval systems efficiently retrieve and dis-
play high-value ads that match users’ search intent
from large-scale corpora. Retrieval, relevance, pre-
ranking and ranking constitute four essential com-
ponents of such a system, addressing user search
intents, advertiser delivery requirements, and plat-

form revenue objectives. Traditional retrieval sys-
tems typically use multi-stage cascading architec-
tures (MCA), in which candidates are sequentially
passed through retrieval, relevance, pre-ranking,
and ranking component, with each stage taking
the previous stage’s output as input, and finally
selecting the top-k ads for display. However, this
approach faces several drawbacks. Firstly, errors
or omissions in earlier stages are propagated to
subsequent ones, limiting the overall quality of
the final results. Secondly, the modules are often
trained independently, lacking joint optimization,
which makes it difficult to achieve a globally opti-
mal solution. Thirdly, processing a large number
of candidates at each stage leads to high computa-
tional costs and slower response times. In recent
years, several studies (Fei et al., 2021; Huang et al.,
2023; Zhang et al., 2023) have been conducted to
address the aforementioned challenges of MCA.
However, these methods still fail to break through
the framework of MCA.

With the rapid development of LLM, generative
approaches have recently been explored for directly
producing candidates for users. Most existing meth-
ods(Chen et al., 2025a; Deng et al., 2025) employ
discrete semantic identifiers (SIDs), typically gen-
erated via RQ-VAE(Lee et al., 2022) to represent
candidate docs/ads. Upon receiving a user query,
the LLM generates a set of SIDs conditioned on the
query, which are subsequently used to retrieve rele-
vant ads that are presented to the user. To further
refine the recommendation process, lightweight re-
ward models—such as click-through rate (CTR)
predictors—provide feedback on the relevance and
effectiveness of the displayed ads.

However, existing work suffers from two main
limitations. Firstly, ads are represented by discrete
SIDs (Tay et al., 2022; Fu et al., 2025) that rely on
unique discrete IDs to characterize each ad. Conse-
quently, the LLM is required to learn the mapping
between SIDs and ads from scratch, which limits its
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ability to fully leverage its inherent text generation
capabilities and reduces the overall interpretability
of the model. Furthermore, these mappings ex-
hibit poor generalization, necessitating the creation
of new mappings for previously unseen docs/ads.
Secondly, current methods depend on one or more
lightweight models(e.g., predicted click-through
rate predictors) as reward models to guide the op-
timization of the LLM, which constrains the full
potential and capabilities of the LLM. Therefore,
developing more effective advertising representa-
tions and reward mechanisms is essential for fully
leveraging the capabilities of LLMs within the one-
step generation framework.

To address these challenges, we propose A
uNified Generation-discriminative-ranking reaL-
time rEtrieval framework named ANGLE, em-
ploys a hierarchical semantic text —intent and ab-
stract pair —to represent advertisements (ads), in-
tegrating relevance and ranking objectives directly
into the LLM training process to achieve end-to-
end retrieval. We incorporate both discriminative
and ranking capabilities into the base LLM, result-
ing in the generation-discriminative-ranking LLM
(GDR-LLM). Specifically, ANGLE leverages base
LLM to generate intents (broad, intent-expressive
text) and abstracts (precise, ad-derived text) for ads,
subsequently constructing an inverted index map-
ping intent-abstract (int-abs) pairs to the associated
ads. Upon receiving a user query, the GDR-LLM
first infers the query intent, then generates the cor-
responding ad abstract aligned with this intent, and
retrieves the relevant ads via the aforementioned in-
verted index. These retrieved ads are subsequently
sent directly to the ranking stage for processing,
after which they are displayed to users.

The primary innovation of this work lies in uti-
lizing hierarchical semantic text as an intermediate
representation and designing a GDR-LLM to en-
able end-to-end retrieval from users to ads. Specif-
ically, we represent user search intents and adver-
tising needs as int-abs pairs, where both compo-
nents are concise texts conveying rich semantic
information. This semantic text representation al-
lows ANGLE to fully utilize the world knowledge
embedded in LLM, as it aligns well with their gen-
erative mechanisms. Furthermore, our approach
demonstrates strong generalization capabilities: for
new ads, the int-abs pair can be efficiently updated
by generating it directly from ad textual content.
This representation also offers high interpretability,
which facilitates clear understanding and analysis.

In addition, GDR-LLM incorporates raw relevance
evaluation and commercial ranking data into its
supervised fine-tuning process, thereby generating
highly commercial advertisements that align with
relevance criteria. Unlike recommendation scenar-
ios, search scenarios require much higher precision
and relevance. With enhanced relevance and rank-
ing capabilities, GDR-LLM enables the simplifica-
tion of the MCA pipeline: retrieved ads are sent
directly to the re-ranking stage and subsequently
displayed to users, achieving end-to-end retrieval.

The main contributions of our work are summa-
rized as follows:
- Framework: We propose ANGLE, an end-to-

end real-time framework validated at tens-of-
millions scale in production.

- Representation: We introduce hierarchical se-
mantic text for ad representation, addressing in-
terpretability and generalization issues of SIDs.

- Model: We design a generation-discriminative-
ranking LLM that integrates discrimination and
ranking capabilities within a unified framework,
fully leveraging the capabilities of LLM.

- Evaluation: We conducted both online A/B test-
ing and offline experiments to evaluate the effec-
tiveness of the ANGLE. The A/B testing yielded
a 1.81% increase in consumption, a 2.16% in-
crease in GMV, and a 1.5% increase in clicks.
Additionally, offline comparisons against seven
baselines show that ANGLE achieved the best
performance across HR, MAP, and ACR metrics.

2 Related Work

We review related work from three perspectives:
traditional multi-stage cascading architectures, gen-
erative retrieval approaches, and document repre-
sentation methods in LLM-based retrieval systems.

2.1 Multi-stage Cascading Architectures

Multi-stage cascading architectures (MCA) (Cov-
ington et al., 2016; Wang et al., 2011) are widely
used in industrial advertising systems to bal-
ance computational efficiency and ranking accu-
racy. This approach divides retrieval pipeline into
sequential stages—typically retrieval(Freymuth
et al., 2025), relevance(Dey et al., 2025), pre-
ranking(Zhao et al., 2025), and ranking(Huang
et al., 2025) —where the output candidates from
each stage serve as the input for the next.However,
our proposed ANGLE framework eliminates rele-
vance and pre-ranking, allowing generated content



prompt If you are a search engine and the user searches for "survival mini games", understand their intent
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Figure 1: The overall architecture of ANGLE framework, comprising retrieval, ad indexing and ranking. After
the user inputs a query, the retrieval employs a GDR-LLM to produce valid intent-abstract (int-abs) pairs through
dynamic constrained decoding. The Ad Indexing module then retrieves relevant ads based on the generated int-abs
pairs.The retrieved ads are directly sent to the ranking stage for sorting before being presented to the user.

to proceed directly to ranking and thus significantly
simplifying the retrieval pipeline.

2.2 Generative Retrieval

Generative retrieval (Zhou et al., 2025) reformu-
lates the retrieval problem as a generation task,
whereby the model directly generates the content
(Li et al., 2023) or SIDs (Zhang et al., 2026) of rele-
vant docs/ads to accomplish retrieval. For example,
UniSearch (Chen et al., 2025b) generates SIDs for
video, retrieving relevant videos by producing SIDs
based on user queries. RARE (Liu et al., 2025a) uti-
lizes commercial intent (CIs) as the representation
of ads to enable one-step query-to-ad retrieval.

2.3 Doc Representation

LLM transforms the retrieval into a generation task
by generating semantic representations of doc/ads.
Existing semantic representations are mainly di-
vided into three categories: semantic identifiers
(SIDs), semantic term sets (STerms), and semantic
compressed text (SText). SIDs are discrete seman-
tic representations generated by encoding adver-
tising content using models such as RQ-VAE(Lee
et al., 2022). For instance, these works (Liu et al.,
2025b; Zhang et al., 2025) employs SIDs to effec-

tively represent ads. STerms refer to a set of repre-
sentative terms extracted directly from the content
of candidates. For example, SEAL (Bevilacqua
et al., 2022)represents documents using n-grams
extracted from the text. SText uses semantically
compressed text to represent doc/ads. For exam-
ple, RARE(Liu et al., 2025a) uses the commercial
intent to represent the advertisement, and GRAM
(Pang et al., 2025) performs product retrieval from
queries using code-based implementation. Unlike
the aforementioned work, we propose a novel hi-
erarchical text representation approach to enable
generative retrieval for ads.

3 Method

In this section, we introduce in detail the proposed
ANGLE framework, and the two components of
ANGLE: ad indexing and retrieval.

3.1 End-to-end Generative Framework

In this paper, we propose A uNified Generation-
discriminative-ranking reaL-time rEtrieval
(ANGLE) framework that directly generates
high-quality ads based on user queries and sends
these candidate ads directly to the ranking. In
the ANGLE framework, an integrated generation-
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Figure 2: Comparison of ANGLE and MCA: ANGLE
uses a LLM to directly generate hundreds of candidate
ads for ranking, streamlining the retrieval pipeline.

discriminative-ranking LLM (GDR-LLM) is
designed to produce ads that balance relevance
and commercial value, enabling direct access to
the final ranking stage as shown in the Figure 1.
Additionally, the framework employs semantic
representations at varying granularities, ranging
from coarse-grained intent overviews to fine-
grained abstracts, to enhance retrieval accuracy
and indexing efficiency. More detailed information
about int-abs pairs will be provided in Section 3.3.

The retrieval process is shown in the Figure 1,
when ANGLE receives a user query, the GDR-
LLM produces int-abs pairs with high commercial
value and relevance. This phase is called retrieval.
After obtaining int-abs pairs, ANGLE queries the
ad index to retrieve the corresponding ads, which
corresponds to the ad indexing stage. Once the ads
are acquired, ANGLE bypasses the traditional rele-
vance and pre-ranking modules and directly sends
the ads to the ranking stage. The design of the
GDR-LLM, as well as the details of the retrieval,
ad indexing, and ranking components, will be thor-
oughly discussed in the following sections.

3.2 Generation-Discriminative-Ranking LLM
This section focuses on the training process of
the generation-discriminative-ranking LLM (GDR-
LLM), which combines generation, discrimination,
and ranking. As shown in the Figure 1, the GDR-
LLM relies primarily on three loss functions for
training: Lgen, Ldis, and Ldpo. The following sec-
tions describe the model design and data composi-
tion of these three components.

Learning to Generate. The objective of genera-
tion is to produce natural language representations
of user search intents and advertising abstracts. The
training data primarily originate from online user
click data consisting of query-ad pairs. The orga-
nization of SFT data will be described in detail in
the “Training Data” in section 3.2 and 4.1. During

training, we employ the cross-entropy loss function
to measure the discrepancy between the predicted
probability distribution and the ground-truth labels,
as formally defined as follows,

Lgen = −
T∑
t=1

logP (yt|y<t, x) (1)

where T is the number of generated tokens, yt is
the t-th token in the target sequence, y<t represents
all tokens before the t-th token, x is the model input
and P (yt|y<t, x) is the probability that the model
correctly predicts token yt given the previously
generated tokens and the input x.

Learning to Discriminate. The goal of discrimi-
nation is to judge the relevance between the user’s
query and the int-abs generated by LLM to im-
prove the accuracy of the model generation results.
Specifically, we append a special token [CLS] at
the end of the input prompt. Let the output repre-
sentation of the model corresponding to this token
be denoted as h[CLS] ∈ Rd. We then apply a multi-
layer perceptron (MLP) function f: Rd → R to
h[CLS] to obtain a scalar relevance score:

s = f(h[CLS]). (2)

The ground-truth relevance labels, denoted by
y ∈ {0, 1}, are obtained from real online click-
exposure logs. During training, we interpret the
scalar score s as the logit for the predicted relevance
probability via the sigmoid function:

p̂ = σ(s) =
1

1 + e−s
, (3)

where p̂ represents the predicted probability that
the input corresponds to a relevant sample. The
training objective is to minimize the binary cross-
entropy loss between the predicted relevance prob-
ability p̂ and the ground-truth label y , which is
expressed as:

Ldis = −[ylog(p̂) + (1− y)log(1− p̂)]. (4)

Learning to Rank. The goal of the ranking stage
is to prioritize ads with higher commercial value.
Specifically, we adopt direct preference optimiza-
tion (DPO) (Rafailov et al., 2023) to learn the rel-
ative ranking of ads. The training data consists
of tuples (x, yw, yl), where x denotes the context
information, and yw and yl represent the winning
(higher-performing) and losing (lower-performing)



Ad Information Commercial Intents Ad Abstract

Title: In Endless Winter, as long as the fire
burns well, there are no worries about life
in the apocalypse!

Role-playing Games Endless Winter
Post-apocalyptic Mobile Games Endless Winter

Survival Challenge Game Endless Winter

Table 1: The example of an advertisement int-abs pair: broad intents capture potential needs, precise abstract
conveys product information.

ads, respectively. The model assigns a generation
probability to each ad y conditioned on context x
via the policy πθ, while πref is a reference policy.
To measure the commercial difference and guide
the model to learn the correct ranking, we define a
loss function based on the ratio of probabilities as
follows:

Ldpo(πθ;πref ) = −[logσ(βlog
πθ(yw|x)
πref (yw|x)

−βlog
πθ(yl|x)
πref (yl|x)

)]

(5)

where σ(•) is the sigmoid function that maps the
difference of log-probability ratios into the range
(0,1) , reflecting the relative relevance. β > 0 is a
scaling hyperparameter controlling the sharpness
of this comparison. By minimizing this loss, the
model is encouraged to assign significantly higher
relative probabilities to winning ads than to losing
ads, thereby achieving a ranking that prioritizes
advertisements with greater commercial value.

Finally, the overall loss of GDR-LLM is the sum
of multiple loss functions, as shown in Formula 6,

Lmodel = αLgen + βLdis + γLdpo (6)

where α, β, γ are hyperparameters.

Training Data. Given a user query q, we first col-
lect online logs to obtain two sets of advertisements:
a set of related ads with clicks A = {a1...an} and a
set of irrelevant ads B = {b1...bn} associated with
q. We then train the generation model using the
relevant set A by optimizing the loss Lgen. Mean-
while, the discriminator loss Ldis and the ranking
loss Ldpo are trained using both A and B.

To generate candidate ads for ranking, we first
take the union of sets A and B and sort them in de-
scending order of commercial value, producing the
candidate list C. This ordering reflects the ranking
as predicted by the model trained with the Ldpo.

For each candidate ad ci ∈ C, we further assign
relevance labels and determine the generation loss

mask based on its set membership. Specifically,
if ci ∈ A, we set the generation loss mask to 1
and assign a relevance label of 1. If ci ∈ B, the
generation loss mask is set to 0 and the relevance
label is 0. These relevance labels correspond to the
correlations predicted by the model trained using
Ldis. The final generation loss is calculated as the
element-wise product of the mask and Lgen.

3.3 Ad Indexing
We employ LLM to generate commercial intents
(SText) and ad abstracts (STerm). An inverted in-
dex mapping SText and STerm to ads is then built
for efficient retrieval.

Hierarchical Identifiers: Intent x Abstract. In
this work, each advertisement is represented by
combining two complementary textual sources
—broad intent and precise abstract. The seman-
tic intent is a compressed text (SText) that provides
a high-level overview of the commercial intent of
the ad. In contrast, the text abstract (STerm) is
n-grams extracted from the ad display title, preserv-
ing specific factual details and salient phrases. By
integrating these two components (SText x STerm),
the joint representation leverages both the broad
conceptual understanding offered by the semantic
intent and the precise, grounded information from
the extracted abstract.

Table 1 presents an example of an ad’s commer-
cial intent and abstract. For a game title of Endless
Winter, the intent refers to its broad commercial
category or gameplay type, such as "Role-playing
Game" or "Survival Challenge Game." In contrast,
the abstract is limited to keywords that appear in
the advertisement and are directly related to the
title, such as "Endless Winter". Thus, "intent" cap-
tures the general purpose or genre, while "abstract"
reflects the specific terms highlighted in ad.

Ad Indexing The ad indexing module aims to
build an index that maps hierarchical representa-
tions to ads. We first use a large language model
(LLM) to generate semantic intents for all ads in
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Figure 3: Overview of dynamic constrained decoding:
generate intent, filter invalid intent, and dynamical re-
construct constrained trees for ad abstract generation.

the database. These intents are deduplicated and
cleaned at the industry level, producing approxi-
mately 700,000 coarse-grained commercial intent
categories. A constrained beam search is then per-
formed across the ad corpus over these intent cate-
gories, as shown in ad index construction module
of Figure 1. Next, the LLM generates a free (un-
constrained) text abstracts for each ad, forming
hierarchical representations of intent × abstract
(int-abs) pair, which are used to construct an in-
verted index. For new ads, intents are generated un-
der constraints, followed by unconstrained abstract
generation. This enables efficient index updates
without requiring the model to retrain or relearn
the mapping from ad representations to ads.

3.4 Retrieval

Dynamical Constrained Beam Search (DCBS).
Dynamic constrained beam search leverages a dy-
namic tree-building module to ensure that all gen-
erated advertisements (ads) belong to a predefined
valid set. As illustrated in Figure 3 with a beam size
of 2, the process begins by constructing a prefix trie
of intent-abstract (int-abs) pairs. Generation starts
from the root token ([BOS]) by producing intent to-
kens. During decoding, the ad library index module
continuously verifies the validity of ads associated

with each generated abstract linked to the intents.
Only abstracts corresponding to valid ads are re-
tained as candidates for further expansion, while
those without valid ads are immediately pruned
from the search space. If all abstracts under a given
intent are invalid, that intent is also discarded, ter-
minating its generation path. For the same query,
different users have different sets of valid ads, re-
sulting in different sets of valid int-abs pairs. There-
fore, valid int-abs pairs are dynamically generated
based on user features. This dynamic filtering ef-
fectively restricts decoding to valid int-abs pairs,
ensuring that the generation process produces only
valid ads in real time.

Typically, organizing the complete set of ads
into a constrained tree ensures that every ad can
potentially be retrieved during inference. However,
many of these retrieved ads may be irrelevant or
invalid for the specific user context. For instance,
an ad targeted exclusively to female users would
be ineffective if the current searcher is male. In
practice, the retrieval system relies on target filter-
ing within the MCA module (Figure 2) to exclude
ads that do not meet delivery requirements. As a
result, a large portion of generated ad candidates,
despite satisfying relevance and commercial crite-
ria, may ultimately prove ineffective. By contrast,
DCBS directly integrates validity constraints into
the generation process, dynamically pruning in-
valid int-abs pairs in real time. This approach not
only guarantees that all generated candidates are
valid for the target user but also substantially im-
proves generation efficiency and practical effective-
ness by minimizing wasted retrieval and filtering
efforts downstream.

Retrieval. This section mainly introduces the re-
trieval part of the ANGLE. As shown in the re-
trieval of Figure 3, upon receiving a user query, the
GDR-LLM first performs a constrained generation
to produce a beam of candidate user search intents.
The dynamical constrained beam search then fil-
ters out ad abstracts that do not correspond to any
valid ads, retaining only those linked to available
ads. These valid ad abstracts are reorganized into
a constrained tree structure, on which the LLM
continues generation. This ensures that every hier-
archical output aligns with ads that are valid and
ready for display. By dynamically focusing decod-
ing on this refined set of candidates, the framework
significantly improves efficiency. After generating
all valid int-abs pairs, the discriminator head pro-



Method HR@10 HR@50 HR@100 MAP ACR

Semantic-based
Bert 0.1313 0.2384 0.3075 0.3910 47.70%

SimBert-v2-R 0.1339 0.2265 0.2830 0.3966 47.71%

Generative
Retrieval

SimBert-v2-G 0.1294 0.2374 0.3095 0.3852 36.89%
T5-base 0.0981 0.1880 0.2495 0.2910 29.15%

LLM-based
Generative
Retrieval

Qwen-1.8B 0.0960 0.1887 0.2524 0.3138 47.27%
Hunyuan-2B 0.1153 0.2184 0.2889 0.3519 42.51%

DSI-1B 0.0320 0.0830 0.1058 0.2831 55.49%

Ours ANGLE-1B 0.1961 0.4834 0.5273 0.4834 69.17%

Table 2: Comparison of ANGLE and Baseline Models in Offline Scenarios.

Online Scenarios Consumption GMV Clicks Conversions Exposure

WTS(anonymous) +1.81% +2.16% +1.50% +1.44% +2.49%
QBS(anonymous) +6.57% +5.01% +6.11% +0.72% +7.82%

Table 3: Application of ANGLE to Real-world Search Systems.

duces relevance scores between the query and each
int-abs pair, which are used to assess the quality of
the generated outputs.

4 Experiments

In this section, we first present the experimental
settings, including the training dataset, evaluation
dataset, baselines, and implementation details. We
then report the experimental results of ANGLE
in both online and offline scenarios, followed by
an ablation study to evaluate the contribution and
effectiveness of each component within ANGLE.

4.1 Experimental Settings

Training Dataset. In this work, The LLMs used
for queries and advertising, as well as their corre-
sponding supervised fine-tuning (SFT) data, differ
significantly. The ad-side model employs a base
LLM, while the query-side model utilizes the GDR-
LLM. The advertising-side data primarily origi-
nates from open-source models (e.g., ChatGPT,
Achiam et al., 2023). Online advertising informa-
tion, such as ad title and landing pages, is input into
the open-source model, which generates the int-
abs pair of each ad. After cleaning, approximately
5,000 training samples were obtained. On the query
side, the GDR-LLM is employed to regulate the
relevance and commercial value of the generated
outputs. Specifically, the SFT data is derived from
online click logs. We collected click data from the
past month and constructed a training dataset com-

prising 430,000 samples by incorporating negative
examples. Subsequently, advertisements associ-
ated with each query were commercially ranked
based on actual online expenditure to train the DPO
model. Specific examples of the training data are
presented in Table 5 of Appendix A, and the orga-
nization rules for the training data are described in
the “Training Data” in section 3.2.

Evaluation dataset. We collected online impres-
sion and click data spanning one month and se-
lected 10k queries along with their corresponding
clicked ads to form the evaluation dataset. For each
query, up to 1k candidate ads were included. To in-
crease the evaluation’s realism and challenge, a set
of irrelevant ads was randomly sampled from the
ad library and added to the candidate pool. As a re-
sult, the final evaluation dataset comprised approx-
imately 220k ad candidates, ensuring both com-
pleteness and diversity for a thorough assessment.

Baselines. We compare ANGLE with seven
benchmark models to validate its effectiveness.

Semantic-based methods use BERT (Devlin
et al., 2019) or SimBert-v2 (RoFormer-Sim, 2021)
to generate semantic embeddings for queries and
keywords, respectively, and apply approximate
nearest neighbor (ANN) to retrieve keywords rel-
evant to the query. Both BERT and SimBert-v2
models are based on a 12-layer transformer archi-
tecture with a hidden size of 768 and 12 attention
heads, comprising approximately 110 million pa-



Method HR@10 HR@50 HR@100 MAP ACR

w/o. Intent 0.1867 0.4291 0.4645 0.4618 68.77%
w/o. Abstract 0.1738 0.3384 0.3519 0.4361 68.88%

w/o. DCBS 0.1442 0.2803 0.2975 0.3130 55.14%
w/o. GDR-LLM 0.1278 0.4329 0.4412 0.4275 62.62%

ANGLE 0.1961 0.4834 0.5273 0.4834 69.17%

Table 4: Ablation Study of ANGLE.

rameters. During training, we used online click
logs as positive samples, and randomly sampled
within the batch as negative examples.

Generative retrieval (T5, Raffel et al., 2020) and
LLM-based generative retrieval (Qwen (Bai et al.,
2023), HunYuan (Tencent-Hunyuan, 2026), DSI
(Tay et al., 2022) ) directly produce business key-
words from the query. However, unconstrained
decoding may generate keywords that do not cor-
respond to any real ads. To address this issue,
we adopt the hierarchical navigable small world
(HNSW) (Malkov and Yashunin, 2018) to iden-
tify the most similar keyword within the existing
database, which is then used as the final output
instead of the original LLM-generated keywords.

Implementation Details. We use the Hunyuan-
13B to generate hierarchical text for ads. Because
the online system has strict time constraints, the
query uses the Hunyuan-1B, with a beam size set
to 64. To ensure the stability of online system
performance, the maximum length of the intent is
limited to 3 tokens, while the abstract is restricted
to 4 tokens. Hunyuan-1B requires approximately
8 milliseconds to generate each token; therefore,
the total time for generating an int-abs pair is lim-
ited to within 90 milliseconds, meeting the latency
requirements for online system. The ad index is up-
dated hourly, allowing newly added ads to quickly
generate int-abs pairs and update the index accord-
ingly. Meanwhile, expired ads are promptly re-
moved from the index.

4.2 Experimental Results

Online Result. We conducted an A/B testing ex-
periment over five days using 20% of the traffic,
which resulted in a significant increase of 1.18%
in consumption and 2.16% in GMV. At the same
time, both the number of conversions and clicks
showed varying degrees of improvement, as pre-
sented in Table 3. These results demonstrate that
ANGLE effectively alleviates the issue of inconsis-

tent target optimization in MCA. Currently, it has
been fully applied to WTS (anonymous) and QBS
(anonymous) as a supplement to the ranking queue.

Offline Evaluation. To assess the effectiveness
of ANGLE, we constructed an evaluation dataset
consisting of 10,000 queries and compared its per-
formance with seven strong baselines. The re-
sults, summarized in Table 2, demonstrate that
ANGLE achieves state-of-the-art (SOTA) perfor-
mance across all evaluation metrics, including HR,
MAP, and ACR.

Ablation Study. We validated the effectiveness
of ANGLE through ablation experiments, as shown
in Table 4, where "w/o. Intent" refers to represent-
ing ads solely using abstracts; "w/o. Abstract"
refers to representing ads solely using commercial
intents. "w/o. DCBS" refers to removing the DCBS
—allowing the LLM to freely generate the int-abs
pairs for ads and subsequently using ANN to obtain
similar int-abs pairs for the purpose of retrieving
ads. "w/o. GDC-LLM" refers to utilize a base
LLM to perform constrained generation. The abla-
tion results demonstrate that removing any module
negatively impacts the overall performance.

5 Conclusion

This work introduces ANGLE, a unified end-to-
end generative framework for real-time ad retrieval.
ANGLE integrates ad generation, discrimination,
and ranking into a single LLM, enabling direct
access to final ranking for ads. This effectively ad-
dresses the common issues of logical inconsistency
and error propagation in MCA. Hierarchical text
representations further alleviate generalization chal-
lenges related to SID and reduce reliance on mem-
orizing SID-Ad pairs, improving adaptability and
robustness. Extensive evaluations, including online
A/B tests, offline experiments, validate ANGLE’s
effectiveness and highlight its strong potential for
advancing LLM-based advertising solutions.



Limitations

This section discusses the limitations of the current
work. Unlike recommendation systems, retrieval
systems involve complex components such as dy-
namic creative selection and intelligent bidding, all
of which rely heavily on ranking. Consequently,
our proposed model does not eliminate the use of
ranking. Future research will investigate the fea-
sibility of removing precise ranking from search
systems, aiming to further leverage the potential of
large-scale models.
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A Problem Definition

In search advertising, given a user query q and a
large candidate ad set A = {a1, a1...an}, where
n can reach tens of millions, the goal of the re-
trieval system is to select ads that satisfy user
intent and maximize the platform’s commercial
value. Traditionally, this involves a four-stage cas-
caded pipeline: retrieval, relevance, pre-ranking,
and ranking, where each stage is optimized inde-
pendently. This leads to inconsistent objectives and
error propagation, degrading overall performance.
To overcome these issues, we propose a unified
end-to-end framework that integrates retrieval, rele-
vance, and ranking to directly generate the final set
of high-quality ads, thereby minimizing inter-stage
discrepancies and cumulative errors. For GDR-
LLM, training data are constructed using online
logs. Specifically, for each query, we collect adver-
tisements that have been clicked by users in the on-
line environment and retrieve their corresponding
intent-abstract (int-abs) pairs. By associating each
query with the int-abs pairs of the ads it led users
to click, we create a high-quality training dataset
consisting of query and int-abs pairs. This data con-
struction method leverages real user interactions to
provide relevant and diverse supervision signals for
model fine-tuning, thereby improving the model’s
ability to understand query-advertisement relation-
ships in practical scenarios.

B Fine-tuning Data

This section primarily describes the datasets used
for fine-tuning the GDR-LLM on the query side
and the base LLM on the advertisement side. As
shown in Table 5, the training data for the base
LLM are derived from open-source models such as
ChatGPT. For each advertisement title, the model
is first prompted to generate the advertising intent,
followed by a request to produce a concise abstract
of the advertisement. The specific prompts used in
this process are detailed in Table 5. Subsequently,
both the generated intent and abstract undergo rig-
orous data cleaning, and are then combined to cre-
ate multiple intent-abstract pairs corresponding to
each advertisement title. This structured approach
ensures that the training data are high-quality and
relevant, thereby enhancing the model’s perfor-
mance in downstream tasks.

C Evaluation Metrics

In this paper, ACR (Fan et al., 2019), Hit Ratio
(HR@K) (Alsini et al., 2020), and Mean Average
Precision (MAP) (Cormack and Lynam, 2006) are
used to evaluate the performance of ANGLE. Ad
Coverage Rate (ACR) is a metric used to evalu-
ate the proportion of unique advertisements that
a system is able to retrieve from the total pool of
available ads. A higher ACR indicates that the re-
trieval system can expose users to a broader variety
of ads, which is important for both user experience
and advertiser fairness. Ad Pave View (AdPV) is
the number of requests with ad recall, and Pave
View (PV) is the number of requests.

ACR = AdPV/PV (7)

Hit Ratio (HR@K) is a metric that measures
the proportion of relevant items appearing in the
top K results of a retrieval system. Specifically,
Hits@K represents the number of relevant ads
within the top-K retrieved candidates that belong to
the ground truth set and Ground Truth (GT) repre-
sents set of candidate ads. A higher HR@K reflects
better retrieval accuracy and effectiveness for users.

HR@K =
Hits@K

|GT |
(8)

Mean Average Precision (MAP) measures over-
all ranking quality by averaging the Average Pre-
cision (AP) across all queries, as defined in Equa-
tion 9.

MAP =
1

Q

∑
q∈Q

APq (9)

Average Precision (AP) for a given query is de-
scribed in Equation 10. In this formula, Ωq denotes
the set of true relevant items, pqj is the rank posi-
tion of adj in the output list, and pqj < pqi signifies
that adj is ranked higher than adi.

APq =
1

|Ωq|
∑
i∈Ωq

∑
j∈Ωq

h(pqj < pqi) + 1

pqi
(10)

D Online Inference Support

For online inference deployment, we have con-
structed a dedicated GPU cluster comprising hun-
dreds of L40 GPUs. This cluster has been opti-
mized for workload distribution and peak GPU uti-
lization, achieving a utilization rate of nearly 90%.



The trained models are converted to FP8 format,
enabling each L40 GPU to process approximately
30 queries per second. We also optimize each stage
of the inference pipeline, including input prepro-
cessing, model inference, output postprocessing,
and network transmission, in order to reduce over-
all end-to-end latency and ensure that each request
can be completed within 60 ms.



Model Used Prompt Output Data
Size

GDR-LLM
query-side

As a search system, when a user enters a query =

"12306", please first analyze the user’s search in-

tent. Then, recommend suitable advertisements

based on that intent, and generate corresponding

ad abstract information for display.

From online click logs:Train Ticket

Booking_12306 Official; High-Speed Rail

Ticket_12306 Official; Online Ticketing_12306

Official; Travel Services_12306 Official.......

5k

Base LLM
ads-side

Task Requirements: Generate advertising ti-

tles based on user search queries and extract a

abstract for each title. The abstract should fol-

low the format: Commercial Intent_Brand/Core

Service, where "Commercial Intent" specifies

a concrete product or service category, and

"Brand/Core Service" clearly identifies the brand

or core service. Correct Example: Organic

Vegetables_Meituan Grocery (product category

+ brand), Incorrect Example: Organic Vegeta-

bles_Direct from Source ("Direct from Source"

is a selling point, not a brand or service). Busi-
ness Point Guidelines: Must directly reflect

the user’s search intent (e.g., “Fresh Food De-

livery,” “Grocery Shopping App”) Avoid vague

terms (e.g., “Quality Guaranteed,” “Fast Deliv-

ery”). abstract Guidelines: Must include a

brand name (e.g., "Meituan Grocery") or core

service name (e.g., "Gaming"). Given the query

“12306”, please perform the following steps:

1. Identify specific business points from the

query, ensuring alignment with the above cri-

teria. 2.Generate ad titles conveying commercial

information for each business point. 3.Extract a

compliant abstract from each title. 4.Combine

each business point with its abstract in the for-

mat: Business Point_Brand/Core Service. 5.On

the last line, concatenate all results separated by

semicolons.

Output from open source LLM models (e.g.
ChatGPT): Step-by-step execution: 1. Busi-

ness point analysis: * Train ticket booking (User

need: purchasing train tickets/high-speed rail

tickets) * High-speed rail ticket discounts (User

need: purchasing tickets at lower prices) * On-

line ticketing platforms (User need: booking

tickets through official channels) * Travel ser-

vices (User need: train schedule inquiries/ticket

availability monitoring) 2. Advertisement head-

line generation: * Train ticket booking: Of-

ficial 12306 booking: High-speed rail tickets

starting from 50% off, online seat selection

with no service fees! * High-speed rail ticket

discounts: 12306 limited-time offer! All stu-

dent/adult tickets at 20% off * Online ticket-

ing platforms: 12306 official booking: Real-

time ticket availability + standby ticket grabbing,

click to purchase * Travel services: 12306 offi-

cial services: Train schedules, ticket availability

monitoring, worry-free travel! 3. Title summa-

rization and extraction: * Train ticket booking

: Train Ticket Booking_12306 Official * High-

speed rail ticket discounts : High-Speed Rail

Ticket_12306 Official * Online ticketing plat-

form : Online Ticketing_12306 Official * Travel

services : Travel Services_12306 Official Fi-

nal output: Business Point_Brand/Core Service:

Train Ticket Booking_12306 Official; High-

Speed Rail Ticket_12306 Official; Online Tick-

eting_12306 Official; Travel Services_12306 Of-

ficial

430k

Table 5: Details of fine-tuning data.
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