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Abstract. With the arrival of large language models, generative
retrieval (GR) has emerged as a new paradigm, which generates identi-
fiers of documents relevant to a given query. To deploy this paradigm for
store search of Taobao, we address two key challenges: (i) stores are asso-
ciated with complex store-level metadata and product-related informa-
tion, which increases the need for high-quality labeled data; and (ii) user
queries may either target a specific store or describe a product category
to retrieve a diverse set of relevant stores, resulting in varying demands
for retrieval precision and diversity. We propose GenStore, a GR frame-
work tailored for e-commerce store search. For training, we synthesize
high-quality pseudo-queries from store metadata and affiliated product
details, pairing them with store identifiers to learn query-store map-
pings. During inference, we first classify each query’s intent, then apply
entropy-gated contrastive decoding that performs constrained generation
of store names by contrasting an expert model with a lightweight amateur
model. An intent-specific similarity penalty further promotes diversity
when appropriate. Extensive offline experiments and online A/B test-
ing demonstrate that GenStore significantly enhances retrieval relevance
compared to existing methods while preserving result diversity.
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1 Introduction

E-commerce platforms are now integral to daily life. On Taobao, store search
serves as a key entry point for users seeking official flagship stores or trusted
third-party sellers, directly affecting browsing efficiency and user experience.
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Generative Retrieval. Traditional e-commerce retrieval methods, including
sparse [16] and dense retrieval [3,4], are limited in their ability to incorporate
general world knowledge and often fail to capture the fine-grained semantics
of queries and stores [15]. Generative retrieval (GR) has recently emerged as a
new paradigm in information retrieval (IR), where the knowledge of the entire
corpus is parameterized within a large language model [1,9,21,23,25,28]. GR has
achieved state-of-the-art performance across various retrieval tasks, including
document retrieval [1,21], code retrieval [11], and industrial applications such as
official site retrieval [18] and product retrieval [6,13].

Challenges of Applying GR 0 Fmem ) D (e )
to store Search. Store search
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internalize such diverse informa-

tion requires a large amount of annotated data, which is often scarce in prac-
tice; and (iii) From the query perspective, user queries can be store-centric, i.e.,
directly specifying a particular store (e.g., “Apple Store”), or product-centric,
i.e., describing a product category to find relevant stores (e.g., “sports apparel”).
As shown in Fig.1, in store search, while both require high precision, their
retrieval expectations differ: store-centric queries demand exact matches at rank-
1, whereas product-centric queries benefit from diverse relevant candidates.
Therefore, balancing precision and diversity based on query intent is key to
improving user satisfaction. These characteristics make existing GR methods
ill-suited for effective store retrieval.

Our GR System Tailored for Store Search. Given the challenges of limited
annotated data and the need to balance precision and diversity, we propose
GenStore, a GR framework specifically designed for store search in e-commerce
scenarios. GenStore introduces two key contributions:

— Training with Query Augmentation. We construct high-quality pseudo-
queries from store-level metadata (e.g., store descriptions) and product meta-
data (e.g., product titles). An LLM-based rewriter generates a diverse set of
pseudo-queries from these elements, which are paired with store identifiers
for training together with real user queries.

— Inference with Intent-Aware Decoding. To balance retrieval precision
and diversity, we couple a query-understanding module with an entropy-gated
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contrastive decoding algorithm: (i) each query is first processed by an intent
classifier and then rewritten according to the detected intent; (ii) the rewrit-
ten query is used to perform entropy-gated contrastive decoding under con-
straints to generate candidate store identifiers, by combining the logits from a
fine-tuned GR model (expert) and a smaller general model (amateur), which
effectively penalizes repetitive or templated outputs. In addition, we apply an
intent-specific diversity penalty to the contrastive scores to further balance
the precision and diversity.

Experimental Findings. On a Taobao Store Search benchmark built from all
online stores and real queries (Sect. 2), GenStore outperforms dense retrieval and
generative retrieval baselines in offline evaluation. In online A /B test, deploying
GenStore as an additional recall path in Taobao’s store search pipeline yields
substantial improvements in key business metrics such as Click-Through Rate
and Conversion Rate.

2 Problem Statement

Task Description. We denote the set of all stores as S = s1,..., 5|5 and the
set of user queries as Q@ = q1,...,q)g|, Where each query ¢ falls into one of
two intent categories: (i) store-centric, which explicitly names a store or brand,
and (ii) product-centric, which describes a product category or attribute. Our
objective is to build a GR system that, for any query ¢ € Q, generates the top-k
most relevant store identifiers (stids). We require that, for store-centric queries,
the top-1 result be highly relevant, and that, for product-centric queries, the
candidate set maintain relevance while exhibiting diversity.

Benchmark Construction. We introduce the Taobao Store Search dataset, a
new dataset specifically designed for the store retrieval task, constructed using
real stores and user queries from Taobao!:

— Store metadata Our corpus consists of all currently registered stores in the
Taobao store metadata repository, comprising nearly 9 million stores. For
each store, we collect the following metadata: (i) store name; (ii) store main
category; (iii) store brand; (iv) store description; and (v) best-selling products.

—  Product metadata For each store’s top-selling products?, we obtain the fol-
lowing product metadata: (i) product name; (ii) product category; and (iii)
product description.

— User query We collected 0.95M user query logs for training and evaluation.
For training, we pair each query text with its clicked stores as high-quality
relevance supervision. For evaluation, since click logs cannot fully cover all
relevant stores, we assess retrieval results using relevance models (see Sect. 4.1
for details).

! Detailed descriptions are provided in https://anonymous.4open.science/r/
Generative-Store- Retrieval-in-Taobao-Search.

2 The store’s top-selling products are determined by ranking items in descending order

of their recent sales volumes.
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3 Method
3.1 Data Augmentation for Training

We use each store’s unique registered name (store name for short) directly as
its store identifier (stid). Since store names often contain the store brand, this
choice facilitates retrieval for store-centric queries. However, relying solely on
the store name makes it challenging to associate an stid with product-centric
queries, as the name rarely reflects the store’s primary merchandise.

To mitigate this limitation, we introduce diversity-enhanced query augmen-
tation during training. Specifically, we construct five types of augmented data:
(i) Store name variants: replacing or removing common tokens (e.g., “Shop” and
“Official”) in the store name; (ii) Store brands: the primary brand of the prod-
ucts sold by the store; (iii) Rewritten store description: a concise LLM-rewritten
summary of the store’s business; (iv) Product categories: we use store main
category from the store metadata as coarse-grained categories (e.g., “Musical
Instruments”) and the product categories of its top-selling items as fine-grained
categories (e.g., “Guitar,” “Piano”); and (v) Representative products: the store’s
best-selling products.

We leverage the constructed pairs described above to train our autoregressive
retrieval model. Unlike prior GR approaches [1,2,23,24], we do not explicitly
separate the indexing and retrieval stages. Instead, our objective is to inject
store-specific knowledge into the model through diverse pseudo queries. Given an
input query q concatenated with retrieval promptl,. as input, the model is trained
to maximize the likelihood of the corresponding stid. Formally, the objective is
defined as:

L(S,A;0) =— E log P(s|I,a), (1)
(a€A,s€S)
K Rl 0.27 my
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Fig. 2. GenStore’s inference pipeline. The left shows the two stage process and the
right details our entropy-gated contrastive decoding with similarity penalty. Here, we
only illustrate the case where the amateur model’s entropy Hama > 7. For clarity, we
let « =1 and 7' = 0.5.
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where 6 denotes the parameters of the GR model, and a € A can be any form
of pseudo queries for the store s € S (Fig. 2).

3.2 Intent-Aware Decoding for Inference

Intent Classification and Query Rewriting. During inference, we first clas-
sify each test query into its corresponding intent type and then perform uncon-
strained generation to obtain query rewrites. Specifically, we employ a binary
classifier trained on labeled query intents to separate queries into store-centric
and product-centric types. However, due to semantic ambiguity, not all queries
can be labeled with high confidence. We therefore apply a confidence-based filter-
ing mechanism that introduces a third label, uncertain, whenever the posterior
probabilities of the two classes are close.

Next, leveraging the GR model trained via Eq. 1, we perform unconstrained
semantic expansion of the user query to exploit store-related knowledge acquired
during training and obtain an initial relevance-oriented rewrite. Specifically, we
prompt the model to freely generate a set of plausible store mentions the user
might intend, without imposing lexical constraints. Although such free-form
rewrites may not exactly match the stores’ canonical registered names (stids),
they help disambiguate intent and serve as a bridge between the query and stids,
thereby improving the accuracy of subsequent constrained decoding. For exam-
ple, given ¢ = “adi”, a well-trained GR model may produce “Adidas Direct Store”
as a rewrite, even though the canonical name is “Adidas Official Flagship Store”.

Intent-Aware Stid Constrained Decoding. Given the rewritten query, we
perform constrained decoding via entropy-gated contrastive decoding, with an
intent-specific diversity penalty, to generate candidate stids that satisfy the
requirements specified in Sect. 2. We next detail these two components.
Entropy-Gated Contrastive Decoding for Precision Improvements. By
inspecting the trained model’s outputs under constrained decoding, we observe
two main issues in GR: (i) the model may generate generic or high-frequency
tokens early in decoding, causing the output to diverge from the intended store
name; (ii) for particularly difficult queries (e.g., store names composed of mean-
ingless or repetitive strings), the model tends to produce degenerate outputs.
Although constrained decoding is applied, the existence of user-submitted store
names with repetitive patterns makes such degeneration possible.

To address these issues, we adopt entropy-gated contrastive decoding
(EGCD) with a small auxiliary amateur model drawn from the same family as
the expert (thus sharing the tokenizer) to suppress generic or templated contin-
uations while preserving expert-plausible tokens. Intuitively, when the amateur
is uncertain (high-entropy), its preferences are a good proxy for generic trends
we wish to penalize; when it is confident (low-entropy), contrastive subtraction
risks hurting the very correct token we want to promote. We therefore gate the
penalty by the amateur’s Shannon entropy and additionally enforce a feasibility
filter so that tokens the expert considers competitive are never pruned merely
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due to contrastive pressure. Formally, at each decoding step, given the expert dis-
tribution Pgxp(-), the amateur distribution Papa(-), and the amateur entropy
Hana, the single score passed to beam search is

scoreggep(w) = log Prxp(w) — 1{ Hama > 7 } a log Pama (w)

s.t.  log Paxp(w) > maxlog Pexp (w') + log B3, (2)

w
where o > 0 controls the contrastive strength, 3 € (0, 1] retains only tokens
whose expert probability lies within a factor 3 of the expert’s current maximum,
and the indicator 1{-} activates the contrastive term only when Haya > 7.
Similarity Penalty Term for Diversity Improvements. To promote diver-
sity without hurting quality, we penalize tokens that are too similar to currently
strong beams. At each step, we select a set B of high-quality beams whose per-
plexity satisfies PPL(b;) < T (lower PPL = higher confidence); if B = (), the
penalty is skipped. For each b; € B we take the expert’s last hidden state h; and
normalize h; = h;/|/h;||, and for each candidate token w we use its normalized
embedding €], = e, /|ley||- The penalty applied to token w is the maximum
cosine similarity to the positives:
sim(w) = max h! el . (3)

Tokens closer to any high-quality path receive larger deductions, nudging beam
search toward novel yet plausible continuations.
Weighted Combination for Different Query Intents. We integrate the
similarity penalty (Eq.3) into EGCD (Eq.2) via an intent-aware weight +':

0, store-centric,

score(w) = scoregacp (w) — ' sim(w), ' =< 7, product-centric,  (4)

c-7, uncertain,

where v € (0,1) controls penalty strength and ¢ denotes the intent confidence.
Beam search then uses score(w) as the token score at each step, implicitly trading
precision for diversity without extra re-ranking.

4 Offline Experiments
4.1 Experimental Setup

Metrics. Because a single store-search query typically corresponds to many rel-
evant stores, human labels are sparse and cannot cover all positives. We therefore
evaluate with Taobao’s internal e-commerce relevance model (built on a Qwen-
13B backbone and trained on 10M human-annotated pairs) which achieves 94.6%
agreement with human judgments. We define three metrics based on Taobao’s
internal relevance scoring system?®: (i) Strong Relevance Rate@k (Rel@k): the

3 The model assigns a four-level relevance grade, from level 4 (strongest relevance) to
level 1 (weakest).
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fraction of top-k results whose relevance grade is the highest level; (ii) Awverage
Relevance@k (Avg. Rel@k): the mean relevance grade of the top-k results; (iii)
Diversity@k (Div@k ): the number of distinct brands among the highest-graded
stores in the top-k. In addition, we evaluate Hits@20 on a 1k human-labeled set,
and employ ChatGPT as a binary relevance judge to complement and cross-check
the results of the Taobao relevance model.

Baselines. We compare against term-based retrieval, dense retrieval, and GR
baselines: (i) BM25 [16]; (ii) DPR [3]; (iii) DSI [21]; (iv) SEAL [1]; and (v) MIN-
DER |[8]. We do not include Taobao’s production system in offline comparisons,
as it is a multi-stage pipeline (recall, pre-ranking, fine-ranking) and thus not
directly comparable to the single-stage baselines above. Instead, we provide a
head-to-head comparison via online A/B tests against the production system.

Implementation Details. All GR models are implemented in PyTorch and
fine-tuned from the Qwen2-7B backbone [22| with AdamW [10]. At inference,
we use beam search (beam=20). For EGCD, GenStore adopts Qwen2-0.5B as
the amateur model. Decoding hyperparameters are «=0.1, 5=0.05, v=0.05, 7=3,
and T=1.1. Experiments run on 2x NVIDIA H20 GPUs.

Table 1. Comparison of retrieval performance across GenStore and baselines.

Method |Rel@1 Rel@20/Avg. Rel@1/Avg. Rel@20 Div@20
Term-based/Rense BM25 5.6 4.7 1.49 1.44 0.65
DPR 14.8 10.0 [1.76 1.70 1.44
Generative DSI 14.2 |10.3 [1.77 1.62 1.24
SEAL 17.8 |12.6 [1.92 1.74 1.71
MINDER |14.8 |12.0 [1.77 1.67 1.36
Ours GenStore/20.6 (14.2 |1.97 1.76 1.38

4.2 Experimental Results

Main results. As shown in Table 1, GenStore significantly outperforms all base-
lines on the real-world store search dataset. Specifically, we have the following
observations: (i) GenStore achieves the highest top-1 relevance (Rel@1), demon-
strating its ability to surface the most pertinent store at rank one; (ii) it leads
across all overall relevance metrics (Rel@20, Avg. Rel@1, Avg. Rel@20), evidenc-
ing superior end-to-end retrieval effectiveness; (iii) its diversity score (Div@20)
trails SEAL by only a small margin, indicating that GenStore maintains max-
imal brand variety while preserving high precision; and (iv) GR methods that
construct stids from text (SEAL, MINDER, and our GenStore) all markedly out-
perform both term-based and dense retrieval baselines, underscoring the strong
potential of text-based stid methods in store search.
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To complement and cross-check the Table 2. Human-labeled evaluation and
relevance-model results, we evaluate GPT-based evaluation.

Hits@20 on a 1k human-labeled set

and employ ChatGPT as a binary rel- Method | Hits@20 Rel@1 (GPT)
evance judge and the results are shown BM25 3.3% |48%
in Table 2. Compared with Table 1, the DPR 6.6%  |65%
relative ordering of methods is largely DSI 4.6%  |55%

SEAL 58% |67%

consistent across the relevance model,
ChatGPT, and human labels, support-
ing the effectiveness of GenStore. How-
ever, absolute scores on the human-labeled set are uniformly low, reflecting lim-
ited coverage (a single query often has many relevant stores). Given the high
agreement between ChatGPT and the production relevance model, we adopt
the relevance model as the primary offline evaluator in subsequent experiments.

MINDER |5.2% 63%
GenStore | 8.5% 2%

Ablation study. The ablation
results are shown in Table 3.
We can draw the following con- Table 3. Ablation study of GenStore’s core com-
clusions: (i) data augmentation ponents.

meaningfully boosts overall rel-

evance, demonstrating its role Variants Rel@l Avg. Rel@20 Div@20
in enriching the model’s expo- GenStore 20.6 176 1.38
sure to diverse store attributes; W/© data augmentation 18.7 172 1.35
.. o . iy w/0 query rewriting 16.0 1.65 0.97
(ii) query rewriting is critical for , _
GenStore. as its removal leads to w/o contrastive decoding 17.5  1.68 1.23
’ w/o similarity penalty 20.3 1.78 1.21

a substantial drop in both rel-
evance and diversity; (iii) entropy-gated contrastive decoding effectively sup-
presses degenerate outputs and contributes to a balanced improvement in pre-
cision and result variety; and (iv) the similarity penalty refines the precision-
diversity trade-off and enhances diversity. Therefore only the full GenStore could
achieves the best trade-off between high precision and competitive diversity.

Efficiency. We evaluate the time overhead of adding an amateur model for
EGCD and a similarity penalty to GenStore by comparing average retrieval
latency under identical hardware. Our results show that GenStore is only 46%
slower than standard GR. Moreover, because the expert and amateur models
decode independently, their computations can be parallelized, further reducing
this overhead in practice.
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Performance Under Different Query Table 4. Retrieval performance by
Intents. Table4 summarizes GenStore’s query intent (store-centric: 46.0%,
effectiveness across the three intent groups. product-centric: 53.1%, uncertain:
We draw the following insights: (i) for 0.9%).

store-centric queries, GenStore achieves the
highest Rel@1, markedly outperforming all
baselines and demonstrating superior capa-

Method Rel@1 Avg. Rel@20 Div@20

Store-centric

bility in exact retrieval; (ii) across all Ell\f;‘r’ g'z 1‘2? N
three intent categories, GenStore consis- - 1'18 1'71 -
tently attains the top Avg. Rel@20 scores, .. & 152 @ B

indicating its robustness in maintaining high  \/\xpErR 160 1.80 -
relevance throughout the result list; (iii) in  genStore 24.2 1.97
product-centric queries, GenStore’s Div@Q20  proguct-centric

surpasses most baselines and approaches BM25 - 1.48 0.55
the highest diversity levels while still pre- DPR - 1.66 1.91
serving relevance; and (iv) GenStore signif- DSI - 1.55 1.25
icantly improves both Rel@l and Div@20 SEAL - 1.63 1.46
for uncertain queries, confirming its abil- MINDER - 1.54 1.23
. . . . tore — 1. 1.
ity to balance precision and diversity when SenStere 6 L.79
. . . . Uncertain
intent is ambiguous. The consistent supe-
riority of GenStore across all intents vali- o2 00 150 006
Y he effecti ¢ L DPR 6.3  1.53 1.29
dates the effectiveness o .comb}mng intent- o 133 117 0.24
aware query understanding with entropy- ggar 195 1.53 1.06
gated contrastive decoding for a unified GR  yiNDER 0.0 1.29 0.65
framework. GenStore 20.0 1.58 1.53

GenStore
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Fig. 3. Case study. We selected one example each for store-centric and product-centric
queries to compare GenStore against the next-best method, SEAL, showing only the
top-3 retrieved stores. Green boxes indicate perfectly relevant stores, red boxes denote
completely irrelevant stores, and purple boxes mark relevant stores that are not the
user’s first preference. (Color figure online)
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Case Study. Figure3 contrasts GenStore with SEAL. GenStore returns more
relevant results for both query types, while SEAL tends to repeat patterns or
match only at the token level. However, in the product-centric case, GenStore
still includes a “Solid State Drive SSD” store (a token-level match). This likely
stems from the LLM’s strong lexical-association ability and its limited under-
standing of ranking.

5 Online Test

To validate GenStore in real-world conditions, we conducted an online A/B test.

Fine-Ranking

- _ =
[Candidate Store Set

Online Deployment. Figure 4 illus-
trates how GenStore integrates
query understanding, recall, and
pre-ranking within the system. The
Taobao online store search pipeline

is divided into two primary stages: |l ——
recall and ranking. Th}e, reiall {» —
stage already incorporates multiple
retrieval branches including term-
based methods such as BM25 and Fig. 4. The deployment of GenStore and the
dense-vector methods like DPR. In role of retrieval plays in the Taobao store
this work, we add GenStore as an search engine.

additional recall path. To mitigate

latency, we precompute and cache results for head queries (those issued more
than 100 times in the past 30 days), thereby reducing on-the-fly inferences. Our
cache contains approximately 3.12 million entries and covers 87.2% of query
traffic.

Recall

GenStore

Online Metrics. We use several key business metrics: (i) Click-Through Rate
(CTR): the ratio of clicks to impressions; (ii) Conversion Rate (CVR): the ratio
of completed transactions to impressions; (iii) Click Count (CC): the total num-
ber of clicks received; (iv) Order Count (OC): the total number of completed
transactions; (v) Gross Merchandise Value (GMYV): the total monetary value
of completed transactions; (vi) Relevance (Rel): the average relevance score of
exposed results, as judged by human assessors; and (vii) Page View Rate (PVR):
the proportion of exposures attributable to each individual recall path.

Online Performance. As shown

in Table5, we can conclude

that: (i) GenStore increases user Table 5. Online A/B test results.
engagement, as evidenced by
higher CC and OC in live traf- CC ocC GMV  Rel@l Rel Div

fic; (ii) the overall transaction vol- ~ +1.73% +0.64% +1.25% +1.21% +1.97% +0.97%
ume, measured by GMV, benefits

from the improved recall quality of GenStore; (iii) precision gains at rank one
and across all result positions confirm that GenStore’s relevance enhancements
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translate into real-world effectiveness; and (iv) introducing GenStore as an addi-
tional recall path brings more varied store options to users without sacrificing
accuracy.

To understand GenStore’s unique
contribution, we compared differ-
ent recall paths in the enhanced Table 6. Performance of different recall paths.
system, as shown in Table6. Ov. denotes overall and Ex. denotes exclusive.

We can conclude that GenStore
exhibits a lower overall expo- Recall Path Ov. PVR Ex. PVR Ex. CTR Ex. CVR

sure rate compared to traditional =~ BM25 45.4 5.3 3.9 L6
recall paths, indicating it retrieves ~ Pense 35.5 1.2 40 L7
GenStore 16.7 3.2 4.3 1.8

fewer stores in total. Despite this,
GenStore achieves the highest
exclusive CTR and CVR, demonstrating its ability to surface unique, high-
quality stores that other methods do not recall.

6 Related Work

Generative Retrieval (GR). Numerous studies have explored GR for stan-
dard document retrieval, including the design of document identifiers (docids)
[8,21,26], training pipelines [9,19], and constrained decoding mechanisms [1,26].
Recently, GR has been extended to other IR domains, such as code retrieval [11],
image retrieval [27], and book retrieval [20]. However, these methods are tailored
to the characteristics of their respective domains and do not readily generalize
to the store retrieval scenario. This work addresses that gap.

Contrastive Decoding (CD). In recent years, CD has emerged as an effective
way to curb degenerative LLM outputs by injecting negative signals alongside
the model’s own probabilities. Classical CD [17] penalizes tokens overly similar to
prior context, preserving semantics while improving diversity; speculative CD [7,
12] uses a smaller “amateur” to propose negatives for the expert; adaptive CD [5]
modulates the penalty by context reliability; and distillation CD [14] synthesizes
negatives via quantization/dropout when no auxiliary model is available.

7 Conclusion

We proposed GenStore, a generative retrieval framework for e-commerce store
search. By training with diverse pseudo-queries and decoding with entropy-gated
contrast plus intent-aware diversity control, GenStore directly generates store
identifiers and achieves consistent gains in relevance and diversity in both offline
and online A/B evaluations. However, EGCD adds inference overhead and may
underperform when expert—amateur predictions coincide, and our study focuses
on store retrieval only. Our future work will explore lighter contrastive gates and
extensions to product- and multi-vertical retrieval.



Generative Store Retrieval in Taobao Search 617

Acknowledgments. This work was funded by the National Natural Science Foun-
dation of China under Grants No. 62472408, U25B2076 and 62441229, the Strategic
Priority Research Program of the CAS under Grant No. XDB0680102, the National Key
Research and Development Program of China under Grants No. 2023YFA1011602. This
research was also (partially) supported by the Dutch Research Council (NWO), under
project numbers 024.004.022, NWA.1389.20.183, and KICH3.LTP. 20.006, and the
European Union under grant agreements No. 101070212 (FINDHR) and No. 101201510
(UNITE). All content represents the opinion of the authors, which is not necessarily
shared or endorsed by their respective employers and/or sponsors.

References

1.

~

10.

11.

12.

13.

14.

Bevilacqua, M., Ottaviano, G., Lewis, P., Yih, S., Riedel, S., Petroni, F.: Autore-
gressive search engines: Generating substrings as document identifiers. Adv. Neu-
ral. Inf. Process. Syst. 35, 31668-31683 (2022)

Chen, J., Zhang, R., Guo, J., Fan, Y., Cheng, X.: Gere: Generative evidence
retrieval for fact verification. In: Proceedings of the 45th International ACM SIGIR
Conference on Research and Development in Information Retrieval, pp. 2184-2189
(2022)

Karpukhin, V., Oguz, B., Min, S., Lewis, P.S., Wu, L., Edunov, S., Chen, D., Yih,
W.t.: Dense passage retrieval for open-domain question answering. In: EMNLP
(1), pp. 6769-6781 (2020)

Khattab, O., Zaharia, M.: Colbert: Efficient and effective passage search via con-
textualized late interaction over bert. In: Proceedings of the 43rd International
ACM SIGIR conference on research and development in Information Retrieval,
pp. 3948 (2020)

Kim, Y., et al.: Adaptive contrastive decoding in retrieval-augmented generation
for handling noisy contexts. arXiv preprint arXiv:2408.01084 (2024)

Li, M., Wang, H., Chen, Z., Nie, G., Qiu, Y., Tang, G., Liu, L., Zhuo, J.: Gener-
ative retrieval with preference optimization for e-commerce search. arXiv preprint
arXiv:2407.19829 (2024)

Li, X.L., et al.: Contrastive decoding: Open-ended text generation as optimization
Li, Y., Yang, N., Wang, L., Wei, F., Li, W.: Multiview identifiers enhanced gener-
ative retrieval. arXiv preprint arXiv:2305.16675 (2023)

Li, Y., Yang, N., Wang, L., Wei, F., Li, W.: Learning to rank in generative retrieval.
In: Proceedings of the AA AI Conference on Artificial Intelligence, vol. 38, pp. 8716—
8723 (2024)

Loshchilov, I., Hutter, F.: Decoupled weight decay regularization. arXiv preprint
arXiv:1711.05101 (2017)

Nadeem, U., Ziems, N., Wu, S.: Codedsi: Differentiable code search. arXiv preprint
arXiv:2210.00328 (2022)

O’Brien, S., Lewis, M.: Contrastive decoding improves reasoning in large language
models. arXiv preprint arXiv:2309.09117 (2023)

Pang, M., et al.: Generative retrieval and alignment model: A new paradigm for
e-commerce retrieval. In: Companion Proceedings of the ACM on Web Conference
2025. pp. 413-421 (2025)

Phan, P., Tran, H., Phan, L.: Distillation contrastive decoding: Improving llms rea-
soning with contrastive decoding and distillation. arXiv preprint arXiv:2402.14874
(2024)


http://arxiv.org/abs/2408.01084
http://arxiv.org/abs/2407.19829
http://arxiv.org/abs/2305.16675
http://arxiv.org/abs/1711.05101
http://arxiv.org/abs/2210.00328
http://arxiv.org/abs/2309.09117
http://arxiv.org/abs/2402.14874

618

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

Y. Zhang et al.

Ren, Z., He, X., Yin, D., de Rijke, M.: Information discovery in e-commerce. Found.
Trends Inf. Retr. 18(3-4), 262-535 (2024)

Robertson, S., Zaragoza, H., et al.: The probabilistic relevance framework: Bm25
and beyond. Foundations and Trends® in Information Retrieval 3(4), 333-389
(2009)

Su, Y., Collier, N.: Contrastive search is what you need for neural text generation.
arXiv preprint arXiv:2210.14140 (2022)

Tang, Y., Zhang, R., Guo, J., Chen, J., Zhu, Z., Wang, S., Yin, D., Cheng, X.:
Semantic-enhanced differentiable search index inspired by learning strategies. In:
Proceedings of the 29th ACM SIGKDD Conference on Knowledge Discovery and
Data Mining, pp. 4904-4913 (2023)

Tang, Y., Zhang, R., Guo, J., De Rijke, M., Chen, W., Cheng, X.: Listwise gen-
erative retrieval models via a sequential learning process. ACM Trans. Inf. Syst.
42(5), 1-31 (2024)

Tang, Y., et al: Generative retrieval for book search. arXiv preprint
arXiv:2501.11034 (2025)

Tay, Y., et al.: Transformer memory as a differentiable search index. Adv. Neural.
Inf. Process. Syst. 35, 21831-21843 (2022)

Team, Q.: Qwen2 technical report. arXiv preprint arXiv:2407.10671 (2024)
Wang, Y., Hou, Y., Wang, H., Miao, Z., Wu, S., Chen, Q., Xia, Y., Chi, C., Zhao,
G., Liu, Z., et al.: A neural corpus indexer for document retrieval. Adv. Neural.
Inf. Process. Syst. 35, 2560025614 (2022)

Zeng, H., Luo, C., Jin, B., Sarwar, S.M., Wei, T., Zamani, H.: Scalable and effective
generative information retrieval. In: Proceedings of the ACM Web Conference 2024,
pp. 1441-1452 (2024)

Zeng, H., Luo, C., Zamani, H.: Planning ahead in generative retrieval: Guiding
autoregressive generation through simultaneous decoding. In: Proceedings of the
47th International ACM SIGIR Conference on Research and Development in Infor-
mation Retrieval, pp. 469-480 (2024)

Zhang, P., Liu, Z., Zhou, Y., Dou, Z., Liu, F., Cao, Z.: Generative retrieval via term
set generation. In: Proceedings of the 47th International ACM SIGIR Conference
on Research and Development in Information Retrieval, pp. 458-468 (2024)
Zhang, Y., et al.: Irgen: generative modeling for image retrieval. In: European
Conference on Computer Vision, pp. 21-41. Springer (2024)

Zhuang, S., et al.: Bridging the gap between indexing and retrieval for differentiable
search index with query generation. arXiv preprint arXiv:2206.10128 (2022)


http://arxiv.org/abs/2210.14140
http://arxiv.org/abs/2501.11034
http://arxiv.org/abs/2407.10671
http://arxiv.org/abs/2206.10128

	 Preface
	 Organization
	 Contents
	Information Extraction and Summarization
	MORE-R1: Guiding LVLM for Multimodal Object-Entity Relation Extraction via Stepwise Reasoning with Reinforcement Learning
	1 Introduction
	2 Related Works
	2.1 Multimodal Relation Extraction
	2.2 Reinforcement Learning for LLMs and LVLMs

	3 Methods
	3.1 Task Formulation and Overall Framework
	3.2 Cold-Start Training Stage
	3.3 Reinforcement Learning Stage

	4 Experiments
	4.1 Experimental Settings
	4.2 Main Results
	4.3 Ablation Studies
	4.4 Case Studies

	5 Conclusion
	References

	Discrimination Matters: A Simple but Effective Method for Zero-Shot Relation Triplet Extraction
	1 Introduction
	2 Related Work
	2.1 LLM-Based Pseudo Data Generation Methods
	2.2 Constraint-Based LLM Inference Methods

	3 Methodology
	3.1 Problem Formulation
	3.2 Relation Discrimination Learning
	3.3 Why Discrimination Matters
	3.4 Optimal Candidate Size Analysis
	3.5 Attention-Driven Entity Enhancement

	4 Experiments
	4.1 Datasets
	4.2 Experiments Details
	4.3 Compared Baselines
	4.4 Main Results

	5 Analysis and Discussion
	5.1 Comparison with Large Language Model Methods
	5.2 Ablation Study
	5.3 Entity Enhancement via Multi-candidate Attention
	5.4 Low-Resource Experiments
	5.5 Base Vs. Instruction-Tuned Model Study

	6 Conclusion
	References

	Spatial Relation Extraction Using Type Correlation and Structural Constraints
	1 Introduction
	2 Related Work
	3 Methodology
	3.1 Task Definition
	3.2 Candidate Triplet Construction
	3.3 Prompt-Based Spatial Relation Classification
	3.4 Virtual Words for Knowledge Injection
	3.5 Auxiliary Tasks for Element Types
	3.6 Element Correlation
	3.7 Type Correlation
	3.8 Structural Constraints
	3.9 Training Details

	4 Experimentation
	4.1 Experimental Settings
	4.2 Baselines
	4.3 Experimental Results

	5 Analysis
	5.1 Ablation Study
	5.2 Analysis on Different Operations
	5.3 Analysis on Different Templates
	5.4 Analysis on Different Base Models
	5.5 Analysis on Null-Role Relations
	5.6 Analysis on Element-Type Pairs
	5.7 Error Analysis
	5.8 Case Study

	6 Conclusion
	References

	From Implicit Heuristics to Explicit Optimization: A Unified Framework for In-Context Relation Extraction
	1 Introduction
	2 Related Work
	2.1 From Heuristic to Optimized Example Selection.
	2.2 From Black-Box to Steerable Inference

	3 Methodology
	3.1 Task Formulation
	3.2 Predictive Contribution Estimation (PCE)
	3.3 Adaptive Inference Modulation (AIM)

	4 Experiment
	4.1 Experimental Setup
	4.2 Main Results
	4.3 Ablation Study
	4.4 Analysis on AIM and PCE
	4.5 Analysis of Positive Example Composition
	4.6 Empirical Validation of Targeted Head Identification

	5 Conclusion
	References

	Self-supervised Learning for Sparse Matrix Reordering
	1 Introduction
	2 Related Work
	2.1 Graph-Theoretic Methods
	2.2 Deep Learning Methods

	3 Fill-in Generation
	4 Method
	4.1 Network Architecture
	4.2 Triplet Sampling and End-Max Chain Loss

	5 Experiments
	5.1 Experimental Details
	5.2 Reasonablity of End-Max Chain Loss
	5.3 Fill-In and Speedup Analysis
	5.4 Ablation Study

	6 Conclusion
	References

	Document-Level Relation Extraction with Bayesian-Adaptive Monte Carlo Tree Search
	1 Introduction
	2 Related Work
	2.1 Document-Level Relation Extraction
	2.2 Reasoning with Large Language Models

	3 Methodology
	3.1 Problem Formulation and Overview
	3.2 Fast-Thinking Initial Extraction
	3.3 Implicit Reconstruction Verification
	3.4 Bayesian-Adaptive MCTS for DocRE

	4 Experiments
	4.1 Experimental Setup
	4.2 Main Results
	4.3 Analysis on Relation Density
	4.4 Ablation Study
	4.5 Computational Efficiency Analysis

	5 Conclusion
	References

	Event Category Discovery Through Multi-dimensional Event Feature Construction from Textual Structure
	1 Introduction
	2 Related Work
	2.1 Event Feature Construction
	2.2 Event Category Discovery

	3 Methodology
	3.1 Problem Formulation
	3.2 Model Overview
	3.3 Text Preprocessing
	3.4 Feature Extraction
	3.5 Supervised Learning
	3.6 Self-contrastive Learning
	3.7 Overall Loss

	4 Experiments
	4.1 Dataset
	4.2 Evaluation Metrics
	4.3 Baselines
	4.4 Experimental Setup
	4.5 Main Results
	4.6 Analysis

	5 Conclusion
	References

	Precedent Retrieval Based In-Context Learning for Legal Rationale Generation
	1 Introduction
	2 Related Work
	3 Precedent Retrieval Based ICL for LRG
	3.1 Problem Definition
	3.2 Architecture of PRICL

	4 Meta-reasoning Path Guided PRICL
	4.1 Initial Reasoning Path Generation
	4.2 Reasoning Path Evaluation
	4.3 Reasoning Path Refinement
	4.4 Reasoning Path Application in Meta-PRICL

	5 Experiments
	5.1 Datasets
	5.2 Experimental Setup and Comparison Methods
	5.3 Performance on Legal Rationale Generation
	5.4 Hyperparameter Sensitivity Analysis
	5.5 Performance of Meta-reasoning Path Generation
	5.6 Case Study

	6 Conclusion
	References

	Inductive Controlled Generation Based on Adaptive Templates for Answering Subjective Product Questions
	1 Introduction
	2 Methodology
	2.1 Data Filtering
	2.2 Conditions Formulation
	2.3 Template Construction
	2.4 Template-Guided Generation

	3 Experiments
	3.1 Datasets
	3.2 Experimental Settings
	3.3 Results on Datasets
	3.4 Ablation Analysis

	4 Related Work
	5 Conclusion
	References

	DBEE: Dual-Path Biomedical Event Extraction with Large Language Model
	1 Introduction
	2 Materials and Methods
	2.1 Overview
	2.2 Dual-Path Event Extractor
	2.3 Discrepancy Retention Module
	2.4 Training and Inference

	3 Experiments
	3.1 Experimental Setup
	3.2 Main Results
	3.3 Complex Scenario Analysis
	3.4 Detailed Analysis

	4 Conclusion
	References

	Generative Query Augmentation with Dual-view Contrastive Learning for Dense Retrieval in Conversational Search
	1 Introduction
	2 Related Work
	2.1 Conversational Dense Retrieval
	2.2 Conversational Query Rewriting
	2.3 Contrastive Learning

	3 Methodology
	3.1 Task Formulation
	3.2 Generative Augmentation for Training Queries
	3.3 Dual-view Contrastive Learning
	3.4 Overall Objective

	4 Experiments
	4.1 Experimental Setup
	4.2 Main Results
	4.3 Ablation Study
	4.4 Application to Other Base Retrivers
	4.5 Low-Resource Evaluation
	4.6 The Impact of LLMs

	5 Conclusion
	References

	GGEF: A Framework for Automatic Extraction of Gene-Drug Relationships from Cancer Guidelines
	1 Introduction
	2 Related Works
	2.1 Limitations of Existing Biomedical Knowledge Graphs and the Need for Guideline-Centric Automation
	2.2 From Triple Extraction to Verified N-Ary Relation Mining in Clinical Text
	2.3 Hallucination Mitigation: Toward Clinically Safe LLM Applications

	3 Method: GGEF (Guideline Graph Extracting Framework)
	3.1 Document Preprocessing
	3.2 Guideline-Aware LLM Prompting
	3.3 Systematic Accuracy Assessment

	4 Experiments
	4.1 Data and Evaluation Set: CGMR-361
	4.2 Baselines
	4.3 Evaluation Metrics
	4.4 Results and Analysis
	4.5 Ablation Study

	5 Limitations
	6 Conclusion
	References

	Online Estimation of Weighted Reachability Between Vertex Pairs with Edge Similarity Decay in Temporal Interaction Graphs
	1 Introduction
	2 Related Work and Motivation
	3 Preliminary and Problem Definition
	4 TReachTracker: Precise Track Temporal Reachability
	4.1 Incremental Maintenance of Vertex-Edge Reachability
	4.2 Incremental Maintenance of Vertex-Vertex Reachability

	5 TReachSketch: Approximately Track Reachability with Limited Memory
	5.1 Truncation of Vertex-Edge Reachability
	5.2 Compression of Vertex-Vertex Reachability

	6 Experimental Evaluation
	6.1 Experiment Settings
	6.2 Parameter Sensitivity Evaluation
	6.3 Efficiency and Accuracy Comparison
	6.4 Ablation Study

	7 Conclusion
	References

	Query Processing and Optimization
	Can Vision-Based Pretrained Models Help with Time Series Similarity Search Under Elastic Distances?
	1 Introduction
	1.1 Background
	1.2 Motivation
	1.3 Contributions

	2 Preliminary and Related Work
	2.1 Preliminary
	2.2 Related Work

	3 Method
	3.1 Time Series Metadata to Image
	3.2 Feature Extraction via Fine-Tuned Pretrained Vision Model
	3.3 Approximate Phase in Feature Space
	3.4 Exact Phase via Lower Bound Strategy
	3.5 Why EViTS Is Efficient

	4 Experiment
	4.1 Experimental Settings
	4.2 Experimental Results

	5 Conclusion and Future Work
	References

	Diversified Top-k Optimal Routes with Collective Spatial Keywords in Road Networks
	1 Introduction
	2 Related Work
	2.1 Keyword-Aware Route Planning
	2.2 Diversified Route Planning

	3 Problem Definition
	4 RDA Algorithm for Dk-ORCSK
	4.1 Road Network Regions Partition
	4.2 Regional Deviation Search

	5 Optimization Strategies
	5.1 Common Prefix Path Pruning Strategy
	5.2 Different Prefix Path Pruning Strategy

	6 Experiment Evaluation
	6.1 Experimental Setup
	6.2 Experimental Results

	7 Conclusion
	References

	TGA: Efficient Trajectory Approximate Top-k Query with High Precision
	1 Introduction
	2 Preliminary and Motivation
	2.1 Problem Definition
	2.2 Related Works
	2.3 Graph-Based ANN

	3 Our Solution
	3.1 Overview
	3.2 Spatial Index Module
	3.3 Graph Index Module
	3.4 Query Processing
	3.5 Complexity Analysis

	4 Advanced Optimization
	4.1 Probing Optimization by Pruning
	4.2 TIE-Based Pruning

	5 Experiment
	5.1 Index Construction Overhead
	5.2 Compared with Exact Approaches
	5.3 Precision Evaluation
	5.4 Compared with Graph-Based ANN Methods

	6 Conclusion
	References

	SecKQL-Agent: A Real-World APT29 Events Benchmark and Framework for Reliable Text-to-KQL in Security Analytics
	1 Introduction
	2 Related Work
	2.1 Text-to-QL Datasets
	2.2 LLM-Based Text-to-QL

	3 Preliminaries
	3.1 Kusto Query Language (KQL)
	3.2 Problem Formulation
	3.3 In-Context Learning

	4 Method
	4.1 Hybrid Attention Schema Refiner
	4.2 Adaptive Few-Shot KQL Generator
	4.3 CoT-Based Semantic Consistency Reflector

	5 SecKQL-APT29: A Security Events Dataset for Text-to-KQL
	5.1 Dataset Construction
	5.2 Data Expansion

	6 Experiments
	6.1 Experiment Settings
	6.2 Overall Performance Comparison (RQ1)
	6.3 Component-Wise Analysis (RQ2)
	6.4 Strategy and Design Choice Analysis (RQ3)
	6.5 Case Study

	7 Conclusion
	References

	Knowledge Graph Completion via Centroid-Driven Adaptive Type Information Capture Graph Attention Network
	1 Introduction
	2 Related Work
	2.1 Translation-Based Method
	2.2 Semantic-Based Method
	2.3 Neural Network-Based Methods

	3 Method
	3.1 Preliminary
	3.2 Type Feature Extraction
	3.3 Relation Centroid Dynamic Aggregation
	3.4 Type-Perceiving Entity Aggregation
	3.5 Model Training and Link Prediction

	4 Experiments
	4.1 Experimental Settings
	4.2 Main Results (RQ1)
	4.3 Ablation Experiments (RQ2)
	4.4 Number of Clusters Setting (RQ3)
	4.5 Data Analysis (RQ4)

	5 Conclusion
	References

	RDF and Knowledge Graphs
	LieT-H2K: Temporal Homogeneous and Heterogeneous Knowledge Joint Representation Driven by Lie Group
	1 Introduction
	2 Related Work
	3 Preliminary
	3.1 Symbol Description and Task Definition
	3.2 Lie Group Geometry

	4 Methodology
	4.1 LieT-H2K

	5 Experiment
	5.1 Experiment Settings
	5.2 Main Results

	6 Conclusion
	References

	Decomposing Complexity: A Difficulty-Aware Multi-agent Framework for Open-Domain Knowledge Graph Construction
	1 Introduction
	2 Related Work
	2.1 Multi-agent Systems for KG Construction
	2.2 Difficulty-Aware Agents in Other Domains

	3 Difficulty Analysis for KG Construction
	3.1 Dataset and Evaluation Methods
	3.2 Open Information Extraction
	3.3 Automated Schema Induction
	3.4 Difficulty Analysis

	4 Methodology
	4.1 Document Preprocessing
	4.2 Schema Induction
	4.3 Triple Instantiation
	4.4 FAISS Construction
	4.5 Relation Deduplication

	5 Experiments
	5.1 Experimental Setup
	5.2 MINE Benchmark Results
	5.3 Open-Domain Knowledge Graph Construction Evaluation
	5.4 Results on Open-Domain Datasets
	5.5 Analysis of Task Difficulty for DAMA

	6 Conclusion
	References

	MN-Cascade: Multi-hop Neighborhood-Aware Cascaded Reasoning for Knowledge Graph Completion
	1 Introduction
	2 Related Work
	3 Preliminaries
	4 Methodology
	4.1 Overview
	4.2 Cascaded Propagation
	4.3 Attention Fusion
	4.4 Path Pruning
	4.5 Multi-layer Fusion Optimization

	5 Experiments
	5.1 Experimental Setting
	5.2 Transductive Performance (RQ1)
	5.3 Inductive Performance (RQ2)
	5.4 Ablation Studies (RQ3)
	5.5 Sensitivity Analysis (RQ4)
	5.6 Further Analysis (RQ5)

	6 Conclusion
	References

	DIAL-KG: Schema-Free Incremental Knowledge Graph Construction via Dynamic Schema Induction and Evolution-Intent Assessment
	1 Introduction
	2 Related Work
	3 Preliminaries
	3.1 Meta-Knowledge Base
	3.2 Task Definition: Incremental Knowledge Graph Construction
	3.3 Knowledge Graph State Definition
	3.4 Entity and Event Normalization
	3.5 Knowledge Increment Definition

	4 Methodology
	4.1 Stage 1: Dual-Track Extraction
	4.2 Stage 2: Governance Adjudication
	4.3 Stage 3: Schema Evolution
	4.4 Transactional Integration

	5 Experiments
	5.1 Experimental Setup
	5.2 Results
	5.3 Ablation Study and Case Study
	5.4 Judge Reliability and Validity Controls

	6 Conclusion
	References

	Ponzitracker: A General Detection Framework for Ponzi Scheme in Blockchains
	1 Introduction
	2 Related Work
	2.1 Ponzi Scheme on Cryptocurrency
	2.2 Graph Neural Network

	3 System Architecture
	3.1 Overview
	3.2 Transaction Information Collection
	3.3 Address and Transaction Cluster
	3.4 DTG Construction

	4 Hunter Model
	4.1 Model Design

	5 Experimental Evaluation
	5.1 Experimental Setup
	5.2 Baseline Methods
	5.3 Effectiveness of the Hunter Model
	5.4 Comparison with Existing Frameworks
	5.5 Effectiveness of DTG

	6 Conclusion
	References

	Distributed Ledger and Blockchain
	RVLLM-Bench: A Comprehensive Benchmark for Large Language Model Inference with RISC-V Vector Extension
	1 Introduction
	2 Background
	3 The RVLLM-Bench Framework
	4 Experiments
	4.1 Framework-Specific Benchmarking Results
	4.2 Hardware-Specific Benchmarking Results
	4.3 LMUL-Specific Benchmarking Results

	5 Discussion
	6 Conclusion
	References

	Point-Patch Transformer for Multivariate Time Series Forecasting
	1 Introduction
	2 Related Works
	2.1 Time Series Transformer
	2.2 Time Series Contrastive Learning

	3 Methodology
	3.1 Point-Patch Cross Encoder
	3.2 Channel Contrastive Learning

	4 Results
	4.1 Datasets and Baseline Models
	4.2 Implementation Details
	4.3 Main Results
	4.4 Ablation Study
	4.5 Parameter Analysis

	5 Conclution
	References

	ExperMatch: A Unified Benchmark for Bidirectional and Cross-Domain Expertise Matching
	1 Introduction
	2 Related Work
	3 The ExperMatch Benchmark Framework
	3.1 Generalized Task Definition
	3.2 Datasets and Preprocessing
	3.3 Evaluation Metrics

	4 Experimental Setup
	4.1 Baseline Models
	4.2 Representation and Matching Strategies

	5 Results and Analysis
	5.1 RQ1: Overall Performance on Core Tasks
	5.2 RQ2: In-Depth Analysis of the P-to-R Task
	5.3 RQ3: In-Depth Analysis of the R-to-P Task
	5.4 RQ4: Generalization to the Cross-Domain J-to-R Task
	5.5 Analysis of Matching Strategy Trade-Offs
	5.6 RQ5: Overall Quality-Efficiency Trade-Offs

	6 Conclusion
	References

	An Effective Distributed Ride-Sharing Framework on Large-Scale Road Networks
	1 Introduction
	2 Related Works
	2.1 Centralized Driver-Rider Matching
	2.2 Distributed Driver-Rider Matching

	3 Definitions
	4 Framework
	4.1 Overview
	4.2 Complexity Analysis

	5 Algorithms
	5.1 Overview
	5.2 Filtering Algorithm
	5.3 Multi-capacity Matching Algorithm
	5.4 Merge Algorithm

	6 Experiments
	6.1 Experimental Settings
	6.2 Experiment Results

	7 Conclusion
	References

	Adaptive Piece-Wise Space-Filling Curves for Dynamic Query Workloads
	1 Introduction
	2 Related Work
	2.1 Space Filling Curves

	3 Design of Dya-BMTree
	3.1 KL-Based Workload Change Indicator
	3.2 Dual-Rule Trigger Adjustment Mechanism
	3.3 Partial Construction Merging Method

	4 Experiments
	4.1 Setup
	4.2 Parameter Tuning
	4.3 Effectiveness Results

	5 Conclusion
	References

	Industry Papers
	FORCE: A Benchmark for Formula Reasoning and Comprehension in Academic Papers
	1 Introduction
	2 Related Work
	3 The Construction of FORCE
	3.1 Data Collection
	3.2 Benchmark Construction
	3.3 Benchmark Statistics

	4 Experiments
	4.1 Baseline Settings
	4.2 Results

	5 Conclusion
	6 Disclosure of Interests
	References

	KCoEvo: A Knowledge Graph Augmented Framework for Evolutionary Code Generation
	1 Introduction
	2 Related Work
	2.1 Knowledge Graphs for Code Representation and Reasoning
	2.2 LLM-Based Reasoning and Knowledge Integration
	2.3 Code Evolution and Migration Tooling

	3 Method
	3.1 Task Definition
	3.2 Framework Overview
	3.3 Modeling API Evolution with Knowledge Graphs
	3.4 API Knowledge Graph Construction
	3.5 Dynamic Graph Alignment Across Versions
	3.6 Knowledge Graph Augment Evolutionary Code Generation

	4 Experiments
	4.1 Experiment Settings
	4.2 Results and Analysis
	4.3 Ablation Study
	4.4 Case Studies and Error Analysis
	4.5 Discussion

	5 Conclusion and Future Work
	References

	CRAG: Causality-Aware Retrieval-Augmented Generation for Budget Auditing QA
	1 Introduction
	2 Related Work
	3 Preliminaries
	3.1 Problem Formulation
	3.2 Domain-Specific Institutional Constraints

	4 Methodology
	4.1 CARC: Causal Adaptive Retrieval Control
	4.2 CES: Consistency Evidence Scoring
	4.3 Closed-Loop Generation

	5 Experiments
	5.1 Dataset
	5.2 Experimental Setting
	5.3 Results
	5.4 Ablation Results
	5.5 Case Study
	5.6 Parameter Analysis

	6 Conclusion
	References

	Efficient Moving-Together-Patterns Discovery from Large-Scale Travel Data
	1 Introduction
	2 Related Work
	3 Problem Definition
	4 Move-Exact
	4.1 Framework
	4.2 Coarse Bin-Based Mapping
	4.3 Finer Intra-Bin Refinement

	5 Move-Approx
	5.1 Framework
	5.2 Transformer-Based Trajectory Encoder
	5.3 Moving-Together Pattern Discovery via Decoder
	5.4 Optimization

	6 Experiments
	6.1 Experimental Setup
	6.2 Effectiveness Evaluation
	6.3 Efficiency Evaluation
	6.4 Case Study

	7 Conclusions
	References

	Eureka: Intelligent Feature Engineering for Enterprise AI Cloud Resource Demand Prediction
	1 Introduction
	2 Related Works
	3 Methodology
	3.1 Eureka Expert
	3.2 LLM Feature Factory
	3.3 Self-evolving Alignment Engine

	4 Experiment
	4.1 Experimental Setup
	4.2 Overall Performance Comparison
	4.3 Ablation Study
	4.4 Case Study

	5 Application in Practice
	6 Conclusion
	References

	T2D-CNet: A Temporal-Aware Decoupling and Data-Aware Debiasing Coordination Network for Personalized Call Timing at Scale
	1 Introduction
	2 Related Work
	3 Problem Statement
	4 Methodology
	4.1 Hybrid Attention Module (HAM)
	4.2 Temporal-Aware Decoupling Module (TDM)
	4.3 Data-Aware Debiasing Module (DDM)
	4.4 Coordination Learning Module (CLM)
	4.5 Joint Optimization and Training Strategy

	5 Experiments
	5.1 Experimental Settings
	5.2 Offline Evaluation
	5.3 Online A/B Testing
	5.4 System Deployment

	6 Conclusion
	References

	SkillPrice: Semantic Skill Hierarchical Reinforcement Learning for Interpretable E-commerce Dynamic Price Recommendation
	1 Introduction
	2 Related Work
	3 Problem Formulation
	4 Methodology
	4.1 Teacher-Student Semantic Skill Distillation
	4.2 Loss Function
	4.3 Hierarchical Policy Learning
	4.4 Theoretical Analysis

	5 Experiments
	5.1 Experimental Setup
	5.2 Performance Evaluation
	5.3 Online A/B Test
	5.4 In-Depth Analysis

	6 Conclusion
	References

	ENDeliver: An Energy-Aware Framework of Large Spatio-Temporal Model for E-Bike Delivery Route Planning
	1 Introduction
	2 Related Work
	3 Preliminaries
	4 Framework
	4.1 Energy-Aware Pretrained Model
	4.2 Inference Module

	5 Experiments
	5.1 Experiments Setup
	5.2 Performance
	5.3 Ablation Study

	6 Conclusion
	References

	Large Language Model-Enhanced Dense Retrieval for Food-Related Search on Meituan
	1 Introduction
	2 Related Work
	3 Preliminaries
	4 Explorations of LLM Usage
	4.1 Readout Function
	4.2 Prompt Template

	5 Explorations of Training Strategies
	5.1 Negative Sample Selection
	5.2 Contrastive Constraints
	5.3 Domain-Adaptive Designs

	6 Experiments
	6.1 Experimental Settings
	6.2 Overall Performance Comparison
	6.3 Online A/B Test

	7 Conclusion
	References

	Beyond Residuals: A Progressive Semantic-Preserving Quantization Approach for Recommendation
	1 Introduction
	2 Related Work
	2.1 Semantic ID Generation Methods
	2.2 Application of Semantic IDs in Recommender Systems

	3 Methodology
	3.1 Residual Quantization
	3.2 Dense Residual Quantization
	3.3 DenseRQas a Plug-and-Play Module

	4 Experiments
	4.1 Experimental Setting
	4.2 Offline Evaluation

	5 Conclusion
	References

	Generative Store Retrieval in Taobao Search
	1 Introduction
	2 Problem Statement
	3 Method
	3.1 Data Augmentation for Training
	3.2 Intent-Aware Decoding for Inference

	4 Offline Experiments
	4.1 Experimental Setup
	4.2 Experimental Results

	5 Online Test
	6 Related Work
	7 Conclusion
	References

	Counterfactual Reasoning for Weak Interest Overfitting in Sequential Recommendation via Interest Segmentation
	1 Introduction
	2 Problem Definition
	3 The Proposed Method
	3.1 Embedding Layer
	3.2 Implicit Multi-interest Segmentation Module (IMSM)
	3.3 Adaptive Weighting Module (AWM)
	3.4 Counterfactual Fusion Module (CFM)
	3.5 Loss Function

	4 Experiments
	4.1 Experimental Setup
	4.2 Experimental Results

	5 Conclusion
	References

	Beyond the Trigger: Learning Collaborative Context for Generalizable Trigger-Induced Recommendation
	1 Introduction
	2 Proposed Method
	2.1 Overall Architecture
	2.2 Collaborative Contrastive Network (CCN)
	2.3 CTR Prediction and Joint Optimization

	3 Inference and Deployment
	4 Experiments
	4.1 Experimental Setup
	4.2 Offline Performance
	4.3 Ablation Study
	4.4 Online A/B Test

	5 Conclusion
	References

	NICE: Neighborhood-Consistent Counterfactual Generation for Minority Class Augmentation
	1 Introduction
	2 Related Work
	3 Notations and Preliminaries
	4 Method
	5 Experiments
	5.1 Datasets
	5.2 Experiment Setup
	5.3 Results

	6 Ablation Study
	7 Conclusion
	References

	PBRaft: A Scalable and Workload-Adaptive CFT Consensus Protocol for Permissioned Blockchain
	1 Introduction
	2 Background and Related Work
	3 Overview of PBRaft
	4 Block Replication
	5 Block Ordering
	5.1 Basic Procedure
	5.2 Unify Ordering Into Sending-Receiving Communication Framework

	6 Performance Evaluation
	6.1 Experimental Setup
	6.2 Replication Pattern's Bandwidth Consumption
	6.3 Performance Under Different Workload Skewness
	6.4 Scalability
	6.5 Performance Under Peer Failure or Peer Sluggishness

	7 Conclusion
	References

	AutoASD: A Unified System for Anomalous Subgraph Discovery in Financial Networks
	1 Introduction
	2 System Overview
	3 Demonstration
	4 Conclusions
	References

	Demo Papers
	Notice-Augmented Real-World Audit Report Generation by Large-Scale Complex Tabular Data Understanding and New Fields Discovery
	1 Introduction
	2 Method
	3 Evaluation and Conclusion
	References

	RAG-Cache: Efficient Query-Specific Knowledge Caching for Retrieval Augmented Generation
	1 Introduction
	2 System Overview
	2.1 Non-redundant Three-Layer Cache Structure
	2.2 Hotness-Aware Cache Replacement with High Concurrency

	3 Evaluation and Demonstration
	References

	CCOptimizer: Resource Configuration Optimizer for Model Cache Pool in Cloud
	1 Introduction
	2 System Architecture and Key Techniques
	3 Demonstration
	4 Conclusion
	References

	SQL-QMARS: A Query-Guided Multi-agent Recommendation System for SQL
	1 Introduction
	2 System Architecture and Key Techniques
	2.1 Multi-agent Framework of SQL-QMARS
	2.2 Vagueness Evaluation and Multi-granularity Recommendation
	2.3 Path Ambiguity Detection and Interactive Disambiguation
	2.4 Fusing External Data with Local Metadata

	3 Demonstration
	References

	PJDL: Parallelizing Leapfrog Triejoin via Incremental Trie Construction and Dynamic Load Balancing
	1 Introduction
	2 System Architecture and Key Techniques
	3 System Demonstration and Evaluation
	4 Conclusion and Future Work
	References

	GeneDrug: A Retrieval Platform for Analyzing Gene-Drug Relations in Cancer
	1 Introduction
	2 System Overview
	3 Demonstration
	4 Conclusion and Future Work
	References

	SemInfer: Accelerating LLM-Based Semantic Data Processing via Sparse Indexing
	1 Introduction
	2 System Overview
	2.1 Offline Sparse Index Construction
	2.2 Online Data Processing

	3 Demonstration
	4 Conclusion
	References

	MELT-Rec: A Meta-learning-Based System for Tourism Recommendation
	1 Introduction
	2 System Architecture
	3 Use Case: Tourist Attraction Combination Recommendation
	4 Discussion and Future Work
	References

	Investigating Machine Learning Models for Cardinality Estimation: An interactive Approach
	1 Introduction
	2 The System Design
	2.1 Model Zoo and Database System
	2.2 Graphical User Interface
	2.3 Extension

	3 Demonstration Overview
	References

	Drug-Target Explorer: An Interactive System for Real-Time Extraction of Drug-Target Relationships Based on Large Language Models
	1 Introduction
	2 System Overview
	2.1 Core Module Introduction
	2.2 System Workflow

	3 Demonstration
	3.1 Standard Search Mode
	3.2 Advanced Analysis Mode

	References

	Author Index

