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1. INTRODUCTION

Large language models (LLMs) enable the state-of-
the-art in language processing by framing diverse tasks—
from code synthesis and healthcare to finance, digital
assistance, and scientific discovery—as next-token pre-
diction problems [38} |53} 60} |65} 72, |20} |68, [76, 32]]. In
addition, LLMs enable automation in data science and
engineering, optimizing processes such as data analysis,
manipulation, querying, interpretation, research, and ed-
ucation [33, (7, |8l 22| |24} |42, [77, |37, 143}, 144} 166} 49]l.

LLMs encode probabilistic token patterns instead of
maintaining explicit knowledge structures, which (1) con-
strains multi-step reasoning under the next-token predic-
tion paradigm; (2) ties outputs to static, pre-cutoff train-
ing data—undermining performance on evolving knowl-
edge tasks; and (3) lacks a built-in factual verification
mechanism, resulting in hallucinations [25]].

Retrieval-augmented generation (RAG) enhances LLM
outputs by integrating dynamic, authoritative external
knowledge sources rather than relying solely on static
pre-training data [29, (74} 56]]. Advanced embedding
models convert heterogeneous datasets, e.g., text, multi-
media, graphs, and tables into high-dimensional vectors
that preserve semantic similarity, storing them in vector
databases such as Weaviate, Chroma, FAISS, Milvus,
Pinecone, Qdrant, and Vespa [46]. At query time, RAG
performs a vector similarity search to retrieve semanti-
cally relevant information, appends this context to the
LLM prompt for in-context learning, and thus mitigates
hallucinations while boosting accuracy, transparency, and
capability without costly retraining or fine-tuning.

The retrieval phase in RAG mirrors classical informa-
tion retrieval-queries return documents based on rele-
vance metrics [48]]-but it uniquely injects retrieved con-
tent into the generative pipeline for LLM in-context learn-
ing, yielding responses that are both contextually co-
herent and precisely tailored. This approach raises key
technical questions: Why vector similarity search via
approximate nearest neighbor (ANN) methods performs
effectively in high-dimensional spaces [23]]; which inno-
vations in indexing and quantization mitigate the curse
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of dimensionality for dense vectors [26]; and to what
extent dataset characteristics, embedding models, or rel-
evance metrics drive retrieval performance. While data
management has long addressed high-dimensional time
series, spatial, multimedia, and geometric data, the re-
cent surge in vector workloads has catalyzed novel in-
dexing and search algorithms, specialized vector databases,
and hardware accelerators [58]]. These advances power
enterprise RAG deployments—Microsoft Azure Al [6],
DoorDash delivery [[19]], Pinterest’s Text-to-SQL [45]],
and LinkedIn customer service [67]-promising to trans-
form search technologies [36].

Nevertheless, RAG systems remain brittle: Partition-
ing large external knowledge bases into vectorized chunks
dilutes critical details, severs global interrelationships
needed for multi-hop queries, and depends on embed-
ding similarity that often retrieves contextually irrele-
vant content. Consequently, conventional RAG under-
performs on queries demanding synthesized, compre-
hensive insights, driving the emergence of variants, e.g.,
GraphRAG [21], multimodal RAG [64], Agentic RAG
[52], knowledge-augmented generation (KAG) [35]], tool-
augmented generation [S1]], table-augmented generation
(TAG) [[10]], and cache-augmented generation (CAG) [16].

At the LLM+Vector Data’25 workshop (ICDE 2025,
Hong Kong, China), the focus was on data management
challenges and opportunities arising from LLM-vector
data interactions [27]]. A panel featuring Yuyu Luo (Hong
Kong University of Science and Technology, Guangzhou),
Wenjie Zhang (University of New South Wales), Minqi
Zhou (Huawei), and Xiaofang Zhou (Hong Kong Uni-
versity of Science and Technology), moderated by Ari-
jit Khan (Aalborg University), discussed emerging RAG
opportunities at the intersection of data science, data en-
gineering, and data-centric AI/ML methodologies. The
session attracted over 100 attendees.

2. OVERVIEW OF PANEL DISCUSSION

The discussion was organized into three broad themes.

Theme 1: Future prospects of RAG, vector data
management, and LLMs for data management



Background. Rapid advancements in large language
models and their integration with external data systems
are transforming the computational landscape [18}, 57,
17,59, 47, |71]]. With models like Gemini 1.5 Pro boast-
ing a 2-million token context window [28]], questions
arise regarding the necessity of traditional RAG archi-
tectures when semantic search can be performed by long-
context LLMs. Meanwhile, the exponential growth and
complexity of vectorized data present new challenges in
data management, driving the need for advanced solu-
tions that efficiently store, retrieve, and update heteroge-
neous data. These trends raise several critical questions
about the future direction of the field.

Q1. With long-context LLMs like Gemini 1.5 Pro—
having its impressive 2-million token context window-
emerging, how do you foresee RAG architectures evolv-
ing to fully exploit these extended capabilities? What
are the most significant recent innovations and future
trends in RAG that excite you the most?

Yuyu Luo. Long-context LLMs with million-token
context windows create new opportunities for RAG. In-
stead of segmenting external knowledge into small, iso-
lated chunks, we can retrieve larger, more semantically
coherent units. Future RAG pipelines may intelligently
determine how much retrieved context to include in the
prompt. For example, with the availability of extensive
context windows in models such as Gemini 1.5 Pro, en-
tire documents or interconnected knowledge segments
could be retrieved and integrated, thus preserving global
semantic relationships that previous approaches might
have disrupted. Moreover, retrieval strategies could dy-
namically adapt context selection to efficiently utilize
the available context window, ensuring optimal model
performance without excessive computational overhead.

However, these expanded context capabilities intro-
duce significant efficiency challenges, particularly around
memory management. This opens exciting research op-
portunities for database researchers. Database-inspired
techniques, such as KV caching mechanisms, could op-
timize the reuse of previously computed representations
and mitigate the overhead of repeatedly processing sim-
ilar context segments [34} 61]].

Wenjie Zhang. RAG architectures are evolving to
take advantage of the capabilities of long-context LLMs
through techniques such as fine-grained retrieval, itera-
tive reasoning, and dynamic compute allocation. Fine-
grained proposition retrieval enhances information den-
sity by reducing noise, ensuring that only highly rele-
vant content is used by the LLM. Iterative approaches
like IterDRAG [70] optimize multi-hop reasoning by re-
fining retrieval and generation cycles. Dynamic com-
pute allocation models intelligently distribute resources,
balancing cost and efficiency for large-scale RAG de-

ployments. Hard negative fine-tuning further strength-
ens robustness by addressing challenging retrieval sce-
narios, improving accuracy in diverse domains. Emerg-
ing trends include multimodal RAG, which integrates
text, images, and audio for richer responses, interac-
tive systems that allow real-time user feedback, and in-
tegration of knowledge graphs for enhanced structured
contexts. They facilitate precise and efficient inference
in long-context settings, significantly boosting perfor-
mance on knowledge-intensive tasks.

Mingi Zhou. The current long-context LLM capabil-
ity, like Gemini 1.5 Pro, does create a set of new oppor-
tunities to enlarge the external information that can be
used. Meanwhile, our findings underscore the urgency
of refining new RAG techniques for practical deploy-
ment. (1) Integrate the document semantics together
with the document structure: In the document/mail QA
system, it is easier to get the correct answer when taking
the total substructure of the document/mail into account.
(2) Understand the versions between the document on
the same topic: While building systems or projects, it is
important to understand the concept evolution in the dif-
ferent versions of the system/project architecture or sys-
tem design documents. (3) Adhere to the original text:
For example, it is a must to return the original text from
the issuance of government documents and the issuance
of legal documents in the corresponding QA systems.
As for the sophisticated RAG systems in practice, they
do require different innovations to provide the correct
answers (i.e., “no one-size-fits-all”).

Xiaofang Zhou. While long-context LLMs showed
exciting possibilities, they also introduce new challenges.
First, handling such large inputs can significantly in-
crease the time to first token (TTFT), which directly im-
pacts user experience if it becomes too slow. Second,
these models still rely heavily on GPU resources, which
are considerably more expensive than CPU-based solu-
tions. In my view, this means that CPU and memory-
efficient RAG systems still hold a strong advantage when
it comes to retrieval efficiency and cost-effective use
of computing resources. Rather than seeing RAG and
long-context LLMs as competing approaches, I believe
they are complementary. Combining them effectively
could lead to more powerful and efficient systems. One
particularly exciting research direction is how to design
optimal system architectures that intelligently integrate
RAG with LLMs-leveraging the strengths of both. This
hybrid approach has great potential to shape the future
of retrieval-augmented generation.

Q2. What emerging issues are we seeing in vector
data management, and how can advanced data manage-
ment solutions mitigate these complexities?

Wenjie Zhang. High-dimensional embeddings, such



as those with thousands of dimensions for text, images,
or videos, drastically increase storage and computational
costs for vector data management. Sparsity in these
high-dimensional spaces reduces the efficiency of simi-
larity searches. Recent research on approximate nearest-
neighbor search [75]] uses hybrid approaches that com-
bine locality-sensitive hashing (LSH)’s rapid coarse fil-
tering with the efficient exploration performance of ap-
proximate proximity graph (APG) for large-scale datasets,
reducing storage needs and improving query efficiency
to support scalable RAG and LLM deployments.

Mingi Zhou. In term of the industry deployment,
we find several issues still need to be fixed, especially
for the vector index. (1) Vector indexes must support
continuous, incremental updates without degrading top-
k recall, precision, or query latency—yet existing struc-
tures (e.g., IVF, HNSW, HCNNG, DiskANN) exhibit
performance drops even on simple insertions. (2) We
must also reduce index-building times, which currently
stretch into hours once vector counts exceed one billion.

Xiaofang Zhou. Vector data management today faces
a wave of interrelated challenges. As models gener-
ate billions or even trillions of high-dimensional embed-
dings, systems must scale accordingly while maintain-
ing efficiency. Storing dense vectors at this scale puts
enormous pressure on memory, demanding techniques
like ultra-low-bit quantization and intelligent tiering. For
instance, frequently accessed (“hot”) vectors can be kept
in fast memory tiers, while infrequently used (“cold”)
data can be offloaded to cost-effective storage such as
NVMe or cloud object stores. Beyond traditional near-
est neighbor search, modern workloads increasingly de-
mand support for set-level queries, hybrid retrieval that
combines semantic similarity with symbolic filtering, and
operations over multimodal or multilingual embeddings.
These introduce significant algorithmic and system-level
complexity. Meanwhile, most existing infrastructures
are ill-equipped to handle continuous, low-latency up-
dates or support rapid incremental inserts without costly
index rebuilds. In my view, addressing these challenges
requires more than marginal improvements in algorithms.
It calls for end-to-end system design. Real progress will
come from holistic hardware-software co-design, where
approximate retrieval, adaptive indexing, and tier-based
resource management are seamlessly integrated into scal-
able, production-ready systems.

Q3. What specific roles will RAG—and broadly, LLMs
and generative Al-play in advancing database research
and shaping the next-generation DB systems?

Yuyu Luo. LLMs and RAG are poised to become in-
tegral parts of future database systems. A natural entry
point is the extensively studied Text-to-SQL task [30,
31]], where an LLM translates user questions into exe-

cutable queries. RAG enhances this pipeline by dynam-
ically retrieving relevant database documentation, such
as schema definitions, data dictionaries, and data seman-
tics, to generate accurate SQL queries even for unfamil-
iar databases [40,78,/41]]. Moving beyond Text-to-SQL,
RAG fits naturally here by pulling in relevant data from
the database (or other sources) as needed for the LLM to
produce accurate answers. This could transform how we
do data analytics, making it more accessible — imagine
getting a narrative report of your data, compiled via SQL
queries and explanatory text from an LLM [50}|69].

Wenjie Zhang. LLMs can synthesize data to fill gaps
in databases or expand datasets; and RAG, by retriev-
ing relevant knowledge, ensures that the generated data
align with real world scenarios and requirements, thus
improving data quality and usability. Additionally, LLMs
can analyze users’ query patterns and automatically gen-
erate optimized execution plans; and RAG can retrieve
historical query logs to provide additional insights for
optimization, further enhancing query efficiency.

Mingqi Zhuo. RAG, LLM, and generative Al will en-
large the database research scope. In the traditional en-
terprise data warehouse system field, RAG and LLM are
able to accelerate the ETL phase for adding new data
sources or creating new data marts and to enhance the
quality of the data integration from isolated data/database
sources inside the enterprise.

Xiaofang Zhou. LLMs are reshaping the role of DB
systems—from passive stores of structured data to ac-
tive participants in semantic retrieval, reasoning, and
generation. As users increasingly pose natural-language
queries over heterogeneous data—text, tables, images—
natural language becomes the new query interface, em-
bedding based retrieval emerges as a core operator, and
structured and unstructured data are increasingly fused
within a unified retrieval layer. This paradigm shift calls
for systems that blend the precision and consistency of
structured storage with the flexibility and recall of se-
mantic retrieval. Researchers could begin by developing
compound query planners that coordinate exact lookups
and approximate searches within a single framework,
along with storage engines that natively support both re-
lational and vector data. New benchmarks and evalua-
tion metrics are needed to reflect the multimodal, gener-
ative, and user-facing nature of next-generation DB sys-
tems. Meanwhile, it’s worth keeping in mind a broader
question: Next-generation database systems may forgo
full human interpretability in favor of machine-driven
adaptation, optimization, and reasoning.

Theme 2: Deep dive into the technical frontiers of
RAG and synergy with data management

Background. Recent breakthroughs in approximate
nearest neighbor search (ANN5s) and scalable vector DBs



are revolutionizing the indexing and retrieval of large-
scale, high-dimensional, dense vectors, resulting in faster
and more precise information synthesis. Concurrently,
the development of specialized RAG variants—such as
GraphRAG, KG-RAG, Agentic RAG, and multimodal
RAG-demonstrates the capacity to enhance LLMs by
integrating domain-specific structures and multi-modal
inputs. This dynamic landscape warrants technical in-
vestigation into merging these innovations into cohe-
sive, high-performance systems.

Q4. What emerging research directions in approxi-
mate nearest neighbor search and vector databases hold
the most promise, and how can these developments inte-
grate with modern data management strategies?

Wenjie Zhang. Emerging research in ANN search
and vector databases includes advancing toward scal-
able, multimodal, and real-time solutions that integrate
seamlessly with modern data management tasks in the
generative Al era. Key directions include learned index
structures for intelligent retrieval, dynamic ANN meth-
ods for streaming data, knowledge-aware ANN supports
to reason over graph and LLM-augmented systems, mul-
timodal search across text, images, and graphs. These
developments are transforming vector search into a core
component of next generation data platforms.

Mingqi Zhou. In the age of agentic Al, a lot of agents
will be created on the devices side, such as phone, Pad,
PC, etc., where vector databases would play a critical
role in enhancing the semantic search capability. On
such devices, how to reduce the energy consumption
when building vector index, and how to lower the stor-
age capacity of vector index without sacrificing the top-
k search recall/precision, are crucial research directions.

Xiaofang Zhou. In my view, there are many inter-
esting topics, such as Maximum Inner Product Search
(MIPS), dynamic indexes that let you add or remove
vectors on the fly, and new quantization methods that
dramatically cut memory without killing accuracy.

QS. With the RAG landscape rapidly diversifying into
forms like GraphRAG, KG-RAG, Agentic RAG, multi-
modal RAG, and beyond, which features do you find
most compelling? What emerging frameworks do you
envision that can harmonize their unique capabilities?

Yuyu Luo. Each RAG variant brings something unique
to the table—several of their features stand out to me.
GraphRAG and KG-RAG are compelling because they
retain relationships and structure-rather than retrieving
isolated text passages, they leverage connections in a
graph or a knowledge base. This means answers can
follow a chain of facts or traverse a hierarchy, which is
powerful for complex reasoning. Agentic RAG is ex-
citing for giving the LLM more autonomy: The model
can iteratively decide what to retrieve or which tool to

use next, almost like it’s doing its own research. And
of course, multimodal RAG extends capabilities beyond
text—a system that fetches relevant images or audio along
with text can provide much richer responses. To get
the best of all worlds, it is necessary to develop unified
frameworks capable of integrating multiple specialized
retrieval modules [73]. A promising direction involves
creating an orchestrator that modularizes various knowl-
edge sources and external tools into a cohesive pipeline,
e.g., extracting structured facts from knowledge graphs,
retrieving detailed context from vector-based indexes, or
invoking computational APIs as needed.

Wenjie Zhang. Graph-based variants, such as Graph
RAG and KG-RAG, appeal to me most, because a graph
view makes hidden links explicit. In classic text only
RAG, the LLM struggles to track cross sentence jumps
or connect evidence spread over multiple documents.
Adding nodes for entities and edges for their relations
turns those implicit jumps into a visible path, so the
model can follow a multi hop chain, keep the reasoning
transparent, and answer complex questions with higher
accuracy [54]. Agentic RAG then lets the model de-
cide which extra tools to invoke, such as search, calcu-
lation, and coder, whenever the retrieved context is not
yet enough. This keeps the chain-of-thought short and
grounded, and it brings the workflow closer to real ap-
plications that mix retrieval, analysis, and generation. A
complete retrieval layer, however, needs to look beyond
text. Human knowledge arrives as images, video, audio,
and sensor streams, not just prose. Multimodal RAG
aims to meet that reality. If a system can fetch a dia-
gram, a short clip, and a passage of text about the same
topic, then combine them through a common represen-
tation, its answers become richer and better grounded.
Looking forward, I expect a unified framework with an
agent planner at the core, a bank of modality specific re-
trievers, and a shared graph as the hub. The graph would
align text, images, audio, and tables in one structure
and give the model a single stage for orderly reasoning.
Early tests with models that reason over both structured
and unstructured data already show clear gains, suggest-
ing that such a unified framework is within reach [55].

Mingi Zhuo. In the time being, a set of RAG frame-
works are emerging, like GraphRAG, KG-RAG, Agen-
tic RAG, multimodal RAG, etc., but each of them has its
own advantages in solving a set of real application sce-
narios. Based on our industry deployment observations,
as discussed in QI1, we found that it requires different
capabilities to serve different application scenarios, e.g.,
document/mail QA system, the issuance of government
documents, or the issuance of legal documents QA sys-
tem, and it is very difficult to find one framework which
is able to server all the purpose.



Xiaofang Zhou. What’s most compelling about the
evolving RAG landscape is its movement from simple
text retrieval toward richer, context-aware reasoning. Each
variant-GraphRAG, KG-RAG, Agentic RAG, multimodal
RAG-brings a distinct strength: structured knowledge
grounding, entity-level disambiguation, reasoning over
actions, or cross-modal alignment. To harmonize these
capabilities, the main challenges lie in either modular
orchestration or alignment of diverse feature spaces. Mod-
ular orchestration requires a unified control layer capa-
ble of routing sub-queries to specialized retrievers and
aligning their outputs semantically. On the other hand,
feature alignment demands a unified embedding space
where each modality’s encoder projects data into com-
parable vectors. Harmonizing these modalities under
one retrieval-planning interface—while managing latency
and ensuring trustworthiness—will advance the effective-
ness and versatility of RAG systems.

Theme 3: Relevance to Academia and Industry

Background. The rapid evolution of LLMs+RAG
solutions is transforming academic research and indus-
trial applications in various sectors. This shift forces
researchers to continually innovate while sidestepping
common methodological pitfalls and industry to update
technical competencies and operational frameworks. Be-
sides, the integration of these technologies prompts crit-
ical discussions on fostering an equitable research land-
scape and mitigating monopolistic influences.

Q6. Given the rapid surge in LLM literature and
emerging solutions, how can academic researchers stay
abreast of new trends while ensuring that their work
remains impactful? What common pitfalls should new
Ph.D. students avoid when entering this domain?

Yuyu Luo. I suggest regularly scanning key confer-
ence proceedings and arXiv for emerging work — often,
just reading abstracts or discussion posts can flag im-
portant trends without needing to deep-dive into every
paper. It’s also useful to follow a handful of experts or
community newsletters that digest new breakthroughs.

Grounding research in real-world needs and funda-
mental questions is essential for impact. The open-source
movement accelerates innovation, and my research group
actively contributes to projects tackling complex data
management and analysis [2]], including Text-to-SQL
systems [4]], data analysis agents [|1]], and LLM agents [3]].

For Ph.D. students, common pitfalls include chasing
trends without a clear research question and neglect-
ing rigorous evaluation. Impactful work demands care-
ful experimentation and validation, not just demos. I
also encourage students to embrace interdisciplinary re-
search at the DATA+AI frontier.

Wenjie Zhang. [ think it is essential to embrace new
technologies like LLMs to tackle longstanding and emerg-

ing real-world data management challenges. Rather than
viewing LLMs as separate from traditional database sys-
tems, we could explore how they can augment tasks
such as query understanding, query answering, and data
quality management. Staying impactful means focusing
on how these models can address practical pain points
in real-world data-centric applications, while grounding
solutions in core database principles like efficiency, ef-
fectiveness, and scalability. For new Ph.D. students, a
common pitfall is either chasing LLM trends without a
clear research perspective or overlooking the transfor-
mative potential of these models. A solid foundation
in data management can guide responsible and innova-
tive applications of LLMs that effectively bridge Al ad-
vances with real-world database problems.

Xiaofang Zhou. I believe that embracing new trends
is essential, and we should view Al as a valuable op-
portunity to drive disruptive innovation in the database
field, enabling novel approaches and advancements. The
scope of database research is continuously evolving, and
the impact of a research effort largely depends on whether
it addresses a genuine, real-world problem. This under-
scores the importance for students to have strong hands-
on experience with real systems and applications, allow-
ing them to identify new challenges and develop inno-
vative solutions. However, one concern I have regard-
ing the training of future Ph.D. students is that Al tools
may lead to a lack of patience among young researchers.
Since Al can quickly generate seemingly plausible an-
swers, it may discourage deep critical thinking—an es-
sential skill for any Ph.D. candidate. This could ul-
timately hinder the development of rigorous analytical
and problem-solving abilities.

Q7. What industry requirements are projected for this
area over the next 3-5 years? Which technical skills will
organizations prioritize when hiring new graduates?

Yuyu Luo. In the next 3-5 years, industry demand
will grow heavily for professionals capable of bridging
data management and artificial intelligence (DATA+AI).
Companies will increasingly seek experts proficient in
deploying and maintaining LL.Ms within production en-
vironments. Expertise in vector databases and efficient
similarity search techniques will be particularly valu-
able, as organizations aim to construct and optimize data
infrastructures (e.g., data retrieval pipelines) for LLM-
driven applications. Due to the necessity of scaling these
systems, experience in AI/Cloud infrastructure and per-
formance optimization—especially involving GPUs and
specialized hardware—will also be highly sought after.

Wenjie Zhang. From my own experience collaborat-
ing with industry partners in Australia, one of the most
critical requirements is the development of trustworthy
and reliable LLM-powered data solutions. Industries



are increasingly interested in applying LLMs to enhance
data-driven decision-making, but they are equally con-
cerned about issues such as data privacy, security, model
hallucination, explainability, accountability, and regula-
tory compliance. Besides strong programming and sys-
tem skills, technical capabilities in areas like LLM fine-
tuning, prompt engineering, RAG, data governance, and
evaluation of model trustworthiness will be in high de-
mand. Graduates who can bridge Al techniques with
rigorous data management practices will be particularly
valuable in addressing real-world challenges.

Mingi Zhou. Over the next 3-5 years, enterprise and
consumer agents will proliferate, with enterprise agents
autonomously executing or augmenting worker tasks by
interpreting organizational processes via integrated data
pipelines, and consumer agents personalizing experiences
through unified, cross-device (e.g., phone, Pad, and PC)
data aggregation. How to integrate all these unstruc-
tured, isolated data to understand the enterprises and the
users is an important direction for the graduates.

Xiaofang Zhou. I believe that over the next 3-5 years,
the scale and variety of data we handle will be signifi-
cantly different from what we see today. With the rapid
growth of Al applications, there will be an explosion of
high-dimensional data that needs to be generated, pro-
cessed, and managed. To handle this shift, new systems
and tools will need to be developed. Additionally, the
increasing prevalence of multimodal and unstructured
data will drive the need for innovative storage and index-
ing strategies. As aresult, organizations will seek gradu-
ates who not only understand traditional DB systems but
are also well-versed in emerging trends like Al-powered
DBs and multimodal data processing. Candidates who
demonstrate adaptability, cross-disciplinary knowledge,
and hands-on experience with AI+DB and system de-
velopment will stand out in this evolving landscape.

Q8. What strategies can curb big tech monopolies in
the LLM era, and how might advanced database tech-
nologies help democratize AI?

Yuyu Luo. Open-source Al models like LLaMA [|63|
62] provide a practical countermeasure against monopo-
listic control, especially when combined with advanced
data management tools that enable seamless integration
with high-quality local datasets. RAG exemplifies how
such integration boosts utility. Extending crowdsourced
data management to LLM-agent systems, where multi-
ple agents collaborate, raises classic cost-quality trade-
offs—an area well-aligned with database researchers’ ex-
pertise in cost-based optimization. Data-centric Al 37,
13,39, |12]], which focuses on enhancing data quality to
drive model performance, offers another fertile ground
for database research [[15} /14, [11]].

Wenjie Zhang. From a technical perspective, ad-

vanced database technologies can play a key role in de-
mocratizing Al by enabling more efficient, cost-effective,

and domain-specific model deployment outside large cloud-

based ecosystems. Techniques such as RAG allows smaller
organizations to build powerful Al systems without train-
ing or hosting large foundation models. Open-source
LLMs combined with high-performance data infrastruc-
ture can empower researchers, startups, small/medium
enterprises, and public institutions to develop tailored
solutions using their local data and tasks.

Mingqi Zhuo. In agentic Al, deployed agents hinge
on three core capabilities: leveraging LLM infrastruc-
tures for world understanding, invoking diverse tools
via the Model Context Protocol (MCP), and employ-
ing database-driven techniques to integrate isolated en-
terprise or consumer data sources with atomicity, con-
sistency, and isolation—underscoring the critical impor-
tance of rigorous data preparation and high-quality inte-
gration for democratizing Al

Xiaofang Zhou. On the application side, open-source
LLMs such as DeepSeek and Qwen are increasingly ca-
pable of competing with closed-source alternatives. In
many sensitive and high-privacy scenarios, there is a
strong demand for locally deployed LLMs. In such cases,
database solutions supporting these models can be more
distributed and flexible compared to monolithic, super-
scale databases, better aligning with the needs of privacy-
preserving and decentralized Al deployments.

3. CONCLUDING REMARKS

The panel concluded by discussing the other chal-
lenges for real-world LLM-RAG deployment: consis-
tency, robustness, privacy, security, and human-in-the-
loop — noting that semantically equivalent queries often
produce divergent LLM outputs, a problem magnified
by varying retrieval orders in iterative or multimodal
RAG workflows. Achieving robustness requires end-
to-end guarantees for query execution and formal val-
idation of retrieval completeness and soundness across
the pipeline. Addressing privacy and security calls for
advanced privacy-preserving methods and fine-grained
access controls over data, embeddings, model parame-
ters, and query logs. Ensuring trust and transparency de-
mands tight human-DB interfaces and provenance-based
explanations citing source documents. We hope that this
discussion and open challenges will inspire future works
on the domain’s emerging data management issues.

Some of the panelists and the moderator of this panel
(1) will co-organize and participate in a future Dagstuhl
seminar on “Managing Vector Data for Retrieval Aug-
mented Generation: Systems and Algorithms” [9]; and
(2) will also co-organize the second edition of the LLM
+ Vector Data workshop at ICDE 2026 [5] for initiating
more discussion and interdisciplinary collaboration.
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