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- Background: From Model-Centric Al to Data-Centric Al

From the view of effectiveness, a purely model-centric approach is limited.

BMW Group
Surface Defect Detection

MCAI DCAI
ST

Segmentation
Architecture Hyperparameter g !
Tuning Model 'ﬁ'
Performance Limitation Performance Breakthrough

i 83% i 93%

Nieberl, M. et.al. Enhancing the Performance of Computer Vision Systems in Industry: A Comparative Evaluation Between Data-Centric and Model-Centric
Artificial Intelligence. Electronics 2025



- Background: From Model-Centric Al to Data-Centric Al

Data issues still account for the majority of an Al engineer's workload.

e 80%

. ™ Building training sets : 3%

® Cleaning and organizing data : 60%

of ML users’
Collecting data sets : 19%

__________________________________

time/effort (often

® Mining data for patterns : 9%
more) spent on data
Refining algorithms : 4%

issues !”
® QOther : 5%

Arun Kumar. 2021. Automation of Data Prep, ML, and Data Science: New Cure or Snake Qil? In Proceedings of the 2021 Intemational Conference on Management of Data (SIGMOD '21).



- Background: From Model-Centric Al to Data-Centric Al

Feeding subpar data into Al models leads to severe financial loss.

Bad Data and Trust Erosion Investment and Data Quality

QO 42% coerceden & 13%

j 400/ Suffer from data biases that
EH 0 may stem from incomplete @ $4O 6 M
data

@ 40 O/ Struggle with slow access
0 to data, impacting the

relevancy of insight

Fivetran + Vanson Bourne report: Al in 2024

Average global annual
revenue invested in Al/ ML
model developmentin the
next 1-2 years.

Average global annual
revenueloss due to
underperforming Almodels from
inaccurate or low-quality data.

(based on respondents from
organizations with anaverage global
annual revenue of $5.6 billion USD)



- Overview: Data-Centric Al Across the ML Lifecycle

Machine Learning Lifecycle

TS

o= 01 Data Preparation E‘gj’ 02 Model Training ¢® 03 Model Inference @ 04 Reliable Generation

Raw data Curated data Runtime data flow Grounding data
learnable signals efficient learning efficient serving reliable outputs
Challenge 3:
Challenge 1: Challenge 2: 9 Challenge 4:
Data Preparation Model Trainin Cache and Batch Reliable Generation
P 9 Techniques
Why important ’ ‘ Why important ’ ‘ Why important ’ ‘ Why important
Determines data quality, Reduces training cost, Improves latency,throughput, Reduces latency, ensuring
L . . reliability and factual
robustness, and generalization. accelerates convergence, and serving cost, and scalability. correctness

improves model capability.



- Challenge 1: Data Preparation

Case 1

Amazon scrapped 'sexist Al' tool

Chapter

Amazon Scraps Secret Al Recruiting Tool
that Showed Bias against Women

By Jeffrey Dastin

The artificial intelligence system was trained on data
submitted by applicants over a 10-year period, much of
which came from men, it claimed.

The model inherited historical

bias from the training data.

Case 2

Nature - Model Collapse with Low-
Quality Synthetic Data

Meta's OPT-125M was repeatly trained using low-quality,

n ature model-generated data. After 9 generations, responses went
° from factual to bizarre...

\

(1st generation)

What are the key features of medieval architecture?

(9th generation) l

Oh, Medieval buildings used to house lots of big Jackrabbits!
They had colorful fur, some where light blue and others were
yellow. These rabbits loved to hop through the old stone walls and
gobbled up carrots and lettuce in the courtyards.

Poor-quality, model-generated
data caused factual drift.




- Challenge 1: Data Preparation

Low-Quality Data Leads to Poor Models

A Bottlenecks Apt-Serve Insights

The quality of model output is High quality input data makes more
fundamentally limited by data preparation. efficiency & accuracy.

Biased Predictions Faulty Forecasts Incorrect Responses Hallucina}ions . . .
63 DeepSpeed Data Efficiency Library

15 e (RS

e MODEL OUTPUT e

+ v Efficient data sampling and data routing
v Extensibility, flexibility, composability

)

- Baseline W Ours: 50% training budget of baseline
B Ours: same training budget as baseline

Root Causes in Data Preparation

44.5

better quality,

2x data/time saving, SO ALIOE]

matching quality l
-

Biased Training Data
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Unbalanced & Biased Data Unvalidated Inputs Drift Inconsistent or Outdated
Over Time Information

IS
=
&)

50% 75% 100%
Pretraining data and time on GPT-3 (1.3 billion parameters)

Redundant & Unstructured
Content

DeepSpeed Data Efficiency: A composable library that makes better use of data, increases training efficiency, and improves model quality, Deepspeed.ai



- Challenge 2: Model Training in LLM Era

Key Challenge: Massive Unstructured Data Processing

How to handle massive, unstructured, high-dimensional multimodal data?

Structured single modality Unstructed multi-modality

120 -
Unstructured Data

No data model

One Picture

100 Structured Data
Well-defined, easily organized database information

1000+ tokens i #

80 -

Stored Digital Data (Exabytes)
3

30+ training hours

. 0 _—
InternVL2-8B MLLM tl’alnlng 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

Chen, Zhe, et al. "Internvl: Scaling up vision foundation models and aligning for generic visuatlinguistic tasks." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2024.



- Challenge 2: Model Training in LLM Era

Storage Efficiency Bottlenecks

How to break the storage efficiency barrier for petabyte-scale training data?

WebDataset

Videos

Farmat B
s3
- - -
Clipping Pipeline | Sharding Pipel I I d I
pping P Clips + Metadata 9P ra I n I n g a r e mo e re u Ires
P e - - ~
’ \‘ / Y
1 . I 1 T
1 . I 1
1 [— .
! Video Download Decode & Splitting Stitching Transco: ding Video Embedding Captioning | Text Embedding Dataset Creation !
1 1 [Download mp4 clips 1
1 1 I and Sharding) I - -
| le high lity dat
1

; | , - scale high-quality data.

1
, & & by 1 D RE |
| ! 1 ]
\ C-RADIO InternVideo2 Qwen2-78 | \ T511B 1

7
___________________________________ - o mm mm o o Em oEm oEm Em oEm oEm o e s
Ray, CV-CUDA, PyNVVideoCedec, FFmpeg
= == = =  Multi-node Ray

Training Video Foundation Models with NVIDIA NeMo, NVIDIA

10



- Challenge 2: Model Training in LLM Era

Computational Resource Scaling

How to to improve resource utilization in large-scale training clusters?

S

1 GPU Stage 1(4 videos/sec) Stage 1 1 GPU
1 GPU Stage 2(1 video/s) Wasted GPU cycles Stage2  Stage2  Stage2 = Stage 2 4 GPU
1 GPU Stage 3(2 videos/s) Wasted GPU cycles Stage 3 Stage 3 2 GPU

Total throughput = 4 video/s using 7 GPUs

Total throughput = 1 video/s using 3 GPUs 1.7X ; ¢
. improvemen

Diff

rent Inference Stages have different compute requirements

Training Video Foundation Models with NVIDIA NeMo, NVIDIA

11



- Challenge 3: Cache and Batch Techniques

Key Challenge: Data Redundancy in Inference

Repeated Tokens

Naive Inference .
Processing

Examples

— | Full Prompt
User A

@R — | Full Prompt
User B

@l — | Full Prompt
User C

—p  Model

- Model

- Model

Parrot: Efficient Serving of LLM-based Applications with Semantic Variable

ChunkAttention: Efficient Self-Attention with Prefix-Aware KV Cache and Two-Phase Partition

Column Charts for Token Redundancy
LLM Application Token Redundancy J #shared prompt tokens
|

High Redundancy Apps (>70%)
A

[ |
99% Average Shared Maximum Shared

Prompt Tokens Prompt Tokens

»
100 94%

Extreme Data
Redundancy

80 709, 4257
b = 4057 2000
£ 2626 1432
3 60 3000 1500
§ 2000 1400
g 40
[

1000 1432 gno
20 N.A.

4 0
& 10?‘ o O \e°° ‘\0?‘ e
0 o @ F P R
Long Doc. Chat MetaGPT  AutoGen o & o & & o
Analytics Search [22] [54]

*We count a paragraph as repeated if it appears in at least two LLM requests.

Average Shared Prompt Maximum Shared
Tokens (avg) Prompt Tokens (max)

Over 94% Repeated



- Challenge 3: Cache and Batch Techniques

Input-level: Redundant Shared Tokens

Chatbot models process sequences with a large shared contents, such as prefix tokens.

Shared Prefix Setti
Shered system prompls can excoet

Shared Prefix Unique Suffixes 1 K
You are ChatGPT, a large language model Hi, can you write a... tOkenS
trained by OpenAI, based on the GPT-4 - -
architecture. i i " )
Knowledge cutoff: 2023-04 eLl me a runny...
Current date: 2023-11-16 ) - System Usage of Prompt #shared prompt tokens
] | av max
Image input capabilities: Enabled lWho 1s Alan Turing? | 5
) s Chameleon Tools definition and examples !| 1324 2626
‘;hiz you (Sieng % Ueseags Gl i Debug this Python... CREATOR  CoT examples > 879 2492
ython code to python, it wi e L J .
executed in a stateful Jupyter notebook | r < PDFTriage  PDF docun?(?nt metadata 3 4257 N.A.
enrivonment. Python will respond... Ignore all previous... ToolQA Tools definition and examples 1432 1432

Hydragen: High-Throughput LLM Inference with Shared Prefixes



- Challenge 3: Cache and Batch Techniques

Execution-level: Redundant KV Access

The inability to maintain the TTFT SLO attainment by the existing systems.

X!

Current Token .
LTI Current Toke Overwhelming KV cache (>1 2GB fora
Self-attention Module Feed-forward Networks Module reque st of len gth 8192 over a 30B mod eI)
s TTFT e TBT e TTFT & TBT
;\3 100
=2 801
)
€ 601
£
g 40 -
<
o 20-
-
- , U | | s | | |
]-Past Tokens - Past Tokens 3.0 3.2 3.4 3.6 3.8 4.0

Request Rate (req/s)

Cached Cached

Apt-Serve: Adaptive Request Scheduling on Hybrid Cache for Scalable LLM Inference Serving, ”



- Challenge 3: Cache and Batch Techniques

| System-level: Memory Scheduling Constraints

May not have contiguous memory to batch shared prefix

—e— Existing systems —e— VLLM

: Effective memory utilization can

= 40
O
o 0
o be as low as 20 /0
230
KV > i
o 3
Parameters | Cache 5 Parameter size | Memory management in vLLM
(26GB, 65%) | (>30%) = A | '
v 1.2k
5 | | KV Block 0
S 0.8k - Request KV Block 1 Request
Others 5 3 A KV Block 2 B
504k KV Block 3
NVIDIAA100 40GB é 0 R
= T T T
0 10 20 30 40 KV Cache

Batch size (# requests)

Efficient Memory Management for Large Language Model Serving with PagedAttention



Challenge 4: Reliable Generation

Key Challenge: Unreliable Outputs due to Missing or Misused Data

Naive Inference Hallucination & Unreliability

. Examples
(Retrieve )
r r
User Query =) Model =) Answer
Question E Question
(a) Standard RAG (b) Long Context LLM | What product did Apple release in 2023? [ Who is the brother of Justin Bieber
@ . @ C ) @ C Output | Output .
¢, —— 1l shtai : 1| Justin Bieber is the child of Jeremy Bieber, who
Query g Query q Gyl 1G4zl 1| Query g SgrrﬁI do not Tve knowlceig_gr af1|‘gr‘ fSeptT?OZ‘)I. ! has a daughter named Allie Bieber. Thus, the
. . — Answer =t Answer L ould you provide some additiondl information: brother of Justin Bieber is Allie Bieber.
. — Ci [ 1 €, [ 1| Generate !
Retrieve C;m“m Generate Lack of Knowledge E Hallucination
Tok.K Chunks Enlarge Context Window Factual Knowledge ﬁ E Reasoning Guidance ﬁ
Triple: (Iphone 15, released_at, 2023) Relation path: child_of — has_son
Q no grounding
o S— out-of-date knowledge, factual error, and opaque decision-
no veritrication making
Q no uncertainty awareness

Skyline Retrieval meets Set-Cover Chunk Merging: A Cost-Effective RAG-Sketch for Long-Context LLM QA
VoG: Enhancing LLM Reasoning through Stepwise Verification on Knowledge Graphs 16



- Challenge 4: Reliable Generation

Input-level: Data Selection Problem

Hard to balance comprehensive retrieval with high token costs.

Limited Retrieved Information Issue

Decrease Decrease
25.4% 34.3%
§ 74.6 >
3 g
y
<C

Top-K Retrieval Full-Context
50K 200K

Input Method Input Length

Skyline Retrieval meets Set-Cover Chunk Merging: A Cost-Effective RAG-Sketch for Long-Context LLM QA

17



- Challenge 4: Reliable Generation

Execution-level: Misuse of Retrieved Data

Chat
GPT

-5

Stable
LM

>

Generations often contain many unsupported pieces of information.

Bridget Moynahan is an American actress, model and producer. She is best
known for her roles in Grey’s Anatomy, |, Robot and Blue Bloods. She studied
acting at the American Academy of Dramatic Arts, and ...

Bridget Moynahan is American. v’ l

Bridget Moynahan is an actress. v

Bridget Moynahan is a model. v

Bridget Moynahan is a producer.

She is best known for her roles in Grey’s Anatomy.x
She is best known for her roles in |, Robot, v/

She is best known for her roles in Blue Bloods. v
She studied actingv’

She studied at the American Academy of Dramatic Arts. )}

Bridget Moynahan is an American filmmaker and writer. She is best known for her
work on the soap opera General Hospital, which she co-created with husband
Charles Kelly. Moynahan was raised in a middle-class family in Los Angeles, ...

Bridget Moynahan is American. ¥

Bridget Moynahan is a filmmaker. x

Bridget Moynahan is a writer. { X
She is best known for her work on General Hospital.

General Hospital is the soap opera. 19.0%
She co-created General Hospital. vhat™ S
She co-created General Hospital with her husband. X H 3 f “”v;:,
Her husband is Charles Kelly. x ow O
Moynahan was raised in a middle-class family. x =
Moynahan was raised in Los Angeles. x

Proportion of Responses

Hallucination Incomplete

FACTSCORE: Fine-grained Atomic Evaluation of Factual Precision in Long Form Text Generation
Hallucination-Free? Assessing the Reliability of Leading Al Legal Research Tools

18



- Challenge 4: Reliable Generation

| System-level: Lack of Data Validation

Existing works lack an explicit verification mechanism.

Table 4: Comparison of recent KG-enhanced LLLM reasoning
methods from three perspectives.

Method Plan Retrieve

RoG (Luo et al., 2024b) v
KnowGPT (Zhang et al., 2024) X
KG-Agent (Zhao et al., 2024) v
KD-COT (Wang et al., 2023b) X
X
v
v

:
&

ToG (SUN et al., 2024)
PoG (Chen et al., 2024)
VoG (Ours)

NSNS SNSNX
WX X K X X X

VoG: Enhancing LLM Reasoning through Stepwise Verification on Knowledge Graphs

Retrieval + Plan + Verify (Ours)

RGN Verify Agent
Verify
v v~ Step 1 = 4
PLAN 1 ~__guide _
Plan ' If Retrieve
Agent =1 revise Verify Agent
v
PLAN 2 K Step2 T~ (OO
y  S~——_guide 7 KG
Answer

19



- Overview of Our Research

Efficient and Reliable Mode Inference
A

Data Preparation } Model Training > Cac_lt\eecz:flqﬁztch > Ggﬁgfabtliin
Data Data Replay
Augmentation [ICDE’24]
[SIGMOD’23]
Data Cleaning Coreset Selection
[VLDB’20] [SIGMOD’23]
[ICDE’24]

[VLDB'25]



- Data Preparation

Bottlenecks

Techniques

Continuous Unlabeled
Data / Data Scarcity

|

Informative
Data Selection

Self-supervised

—

Masking

MaidLo Triple-d
Papers g ¥
[ICDE’26] % [ICDE’24]

Noisy Supervision /
Low-Quality Data

| Pattern

Replacement

Semantic
Clustering

Ambiguous Entities /
Canonicalization

\ 4

Semantic Graph/
Global Coherence

v
KBPearl
[VLDB'20]

Multimodal Noise /
Limited Context

Relevance
Processing

Query
Expansion

OpenMEL
[VLDB'25]

21




B Multimodal Noise [VLDB'25]: Key Insights

Problem of Multimodal Entity Linking: link the multimodal mention to the most

Key Insight 2

similar multimodal entity in the KB.

Key Insight 1

mention-to-entity entity-to-entity helps
Improve the input multimodal data quality 10 Chris Bond Ty Sest prsen sk
through three-level relevance processing. 11 Ryan Scott (Wheelchair) B
and it >
Ryan Scott
teammates... \ y(""ghego _

Three-level Relevance

Low Relevance

President Barack Obama discusses
alternative energﬂ in March 2012.

High Relevance Middle Relevance

&y 10|Chris Bond|11|Ryan Scott
=¥ and teammates during a time out.

President Barack Obama discusses
alternative energy in March 2012.

OpenMEL: Unsupervised Multimodal Entity Linking Using Noise-Free Expanded Queries and Global Coherence, VLDB 2025

22



B Multimodal Noise [VLDB'25]: Framework Overview

OpenMEL links multimodal mentions through noise-free query expansion and
global coherence resolution.

Module 1:

Noise-free Expanded
Queries Generation

Module 2:

Global Coherence
Resolution

Remove noise in visual
inputs and expand
limited context in
textual inputs

Establish mention-
entity and entity-entity
relationships for
linking

Expanded Textual Information Three Level Visual Inputs
President Barack Obama - 3
Vi
Raw Texts Barack Obama is the 44th President of the United States, Ision:Caption )
. serving from 2009 to 2017. A man who appears to be speaking or NA
President Barack

Obama discusses alternative
energy in March 2012.

presenting. He is wearing a white shirt

Alternative Energy and a striped tie.

Alternative energy refers to energy that is produced by

methods other than the burning of fossil fuels, such as solar

power, wind power, and hydro power. Vision Caption

10 Chris Bond, 11 Ryan
Scott and teammates during
a time out.

A moment from a wheelchair basketball
'8 | |event. The players are dressed in team NA
% | |uniforms, which indicate they are part of
the Australian national team...

Ryan Scott Chris Bond
[Ryan Scott is a sportsman. | [Chris Bond is a sportsman. |

‘ |

Ryan Scott (Guitarist

Ryan Scott (Chef)

0.

" Chris Bond
(Footballer)

@ --- Chris Bond

Maximum Spanning Tree with Bounded Nodes Generation

23



- Multimodal Noise [VLDB'25]: Queries Generation

. Noise Removal

We process three-level visual inputs

* @: without image information
« image caption T,
« original image 1},

Visual inputs: Generate General Vision Caption

B | Whatis in the image?

players are dressed in team uniforms, which indicate they are part of
the Australian national team.

Visual inputs: Generate Specific Vision Caption

The image is about {Hari}. Also give you related
context that {Hari in 2007}. Give the possible

occupation of the person in the figure WITHOUT

explanations. Just generate in one sentence.

from 2007, possibly involved in entertainment or sports.

The image depicts a moment from a wheelchair basketball event. The $

The person in the figure is likely to be a public figure or celebrity $

ll. Context Expansion

To address Limited Context T,,,, we add
contextual information with general
knowledge by LLMs.

Textual inputs: Add Contextual Information

You will be given a text and a specific mention. We will further link the mention to an entity in the
existing knowledge base. Please provide more information about this mention which will help our
further linking. Please give the information following the example. Given text: A stamp issued by
Russia for the Paralympic Games held in Sochi in 2014. mention: Russian. Information you should
generated: Russia is a country spanning Europe and Asia. Second example. Given text - Bobby
Fischer in his younger days. mention: Fischer. The information you should generated is

Bobby Fische is an American chess player and writer. DO NOT give any other additional sentence

Sure! I'd happy to help you.

except the information.

# Full Template
Question: Raw Text is {Textual input}, the given mentino is {Mention}.

# Example
Raw text is President Barack Obama discusses alternative energy in March 2012, the given
mention is alternative energy.

Alternative energy refers to energy that is produced by methods other than the burning of fossil $
fuels, such as solar power, wind power, and hydro power.

24



. Coherence Data
Structure

B Multimodal Noise [VLDB'25]: Coherence Resolution

ll. Edge Pruning

lll. Approximate
Resolution

Threshold = 0. 55

a8
( 22905 %

_______________

(a) Tree Cover Construction. } (b) Edge Pruning.
« The tree cover is a weighted * Reduce the complexity of
undirected heterogeneous further linking
graph. « Set a pre-defined threshold to
 The root of each tree is a first filter the low coherence
specific mention awaiting linking. edges
* The rest tree node belongs to « Remove cycles associated with
the entity the tree root

(c) Maximum Spanning Tree Generation.

’ Approximation ratio: 1 -1 /e

« Define the linking problem in
tree cover structure as
Maximum Spanning Tree (MST)
problem

« Start Node: root mention m

* Greedily select the entity which
will not form a cycle while bring
the maximum weighted edge

25



 OpenMEL demonstrates competitive performance.

* Directly employ visual information with noise leads to limited performance.

- Multimodal Noise [VLDB'25]: Experimental Performance

cl m Methods WikiMEL RichpediaMEL WikiDiverse
HIT@1 | HIT@5 | HIT@10 | HIT@1 | HIT@5 | HIT@10 | HIT@1 | HIT@5 | HIT@10
T ARNN 32.0% 45.8% 56.6% 31.2% 39.3% 45.9% 22.4% 50.5% 68.4%
T+V DZMNED 34.7% 53.9% 38.1% 32.4% 43.7% 48.2% - 39.1% -

S T+V JMEL 31.3% 49.4% 37.9% 29.6% 42.3% 46.6% 21.9% 54.5% 69.9%
T+V MEL-HI 38.6% 35.1% 65.2% 34.9% 43.1% 50.6% 45.7% 76.5% 88.6%
T+V GHMEFC 43.6% 64.0% 74.4% 38.7% 50.9% 58.5% 46.0% 77.5% 88.9%
T+V DWE 44.7% 65.9% 80.8% 67.6% 97.1% 98.6% 47.5% 81.3% 92.0%

T BERT 31.7% 48.8% 57.8% 31.6% 42.0% 47.6% 22.2% 53.8% 59.8%
T BERT (Aligned)* 40.5% 54.1% 61.5% 37.6% 48.2% 50.4% 30.1% 59.9% 63.4%
T+V CLIP* 40.7% 56.0% 64.6% 38.1% 54.5% 62.4% 34.4% 59.7% 62.2%
T+V CLIP (Aligned)* 45.7% 64.2% 71.3% 41.4% 37.8% 65.3% 41.6% 64.8% 68.5%

U | T+V BM* 33.2% 50.7% 57.5% 45.1% 62.3% 69.9% 28.8% 48.8% 58.1%

T+V BM (Aligned)* 57.8% 72.1% 78.9% 54.4% 69.7% 76.8% 52.4% 68.2% 71.7%

T OpenMEL 61.9% 71.8% 74.6% 37.8% 66.5% 68.2% 63.0% 73.3% 75.6%
T+V | OpenMEL (w/o HITL) | 69.8% 81.0% 83.4% 65.5% 77.4% 80.4% 67.1% 82.2% 85.2%
T+V OpenMEL 69.8% 81.0% 83.4% 65.6% 77.4% 80.4% 67.1% 82.2% 85.2%
T+V | OpenMEL (GPT-40) 75.1% 84.3% 85.9% 72.6% 81.1% 83.2% 72.4% 87.2% 90.3%

26



B Log Anomaly Identification [ICDE'26]: MaidLog

1. Problem / Limitations 2. Key Insight

Logs are crucial for alerting on system anomalies, yet existing

identification methods do not perform well in resource- | can do zero-shot | can work on low
constrained scenarios. generalization. performance devices.
LLM s @ Decouple *-I.’m SN",T"
s
l/il Evolving systems Generalizable to OoD data
>
$ Label-free entries Applicable without labels

LLMs to generate labels for training;

Trained small NNs to deploy for inference.

No GPU for inference Be as lightweight as possible

1. Existing Log Data DO p:<;eudo- 3. Generalizable detector 4. Deployment
labels generation

Domain-invariant log Domain-specific

System init at 0x7e .< Retrieval evidences embedding ensemble heads Real logstreams PR
@ RAG

System failed at 0x8b

- S S
System r.e.iljitat0x9a @D > @ e‘ "E: > - tamnl\,s.,)

RAG reassignment
w/o label @ &

|4

—
— <
U Multiple domains LLM Mislabel identification  verifier Domain generalization Ensemble learning

Efficient Zero-shot and Label-free Log Anomaly Detection for Resource-constrained Systems, ICDE 2026
27



- Data Augmentation [SIGMOD'23]: SSIN

1. Problem

s;é;,

o
5 5
.
Oo o
% °° 3
o
o
0 X
&% . ‘uf
>
gV .0 oje
s 5
6, 0002 ~
Iioun 'a‘
.o ~ "x

O Rain gauge (observed) Low rainfall High rainfall

* Reliable high temporal resolution rainfall
information is essential for disaster
warning.

 Rainfall spatial interpolation estimates
rainfall values for locations without stable
observations.

Traditional methods
n

0) = > X x2(v;)
i=1

Deterministic functions /
statistical assumptions

GNN-Iqased solqtions

pre-defined adjacency
matrices

2. Key Insight: Cloze Task

Cloze task with blanks in a sentence
[?] dog [?] so cute.

My dog is so cute.

Spatial interpolation with missing values
in a spatial map
'O 0O & O 0O = OO0

Spatial interpolation is a fill-in-the-blank
problem in the spatial domain, similar to the
Cloze task.

Self-supervised learning (SSL), widely used in
cloze-style tasks, provides a natural solution.

SSIN: Self-Supervised Learning for Rainfall Spatial Interpolation, SIGMOD 2023

3. Method: SSIN Framework

SSIN Framework

Rainfall records Location info Stations with

unobserved locations

' '
(R | T
o i 5 %o
a4l s, o
Q [e]

\ 4 $

Test sequence

Random Data sequence
P P2 P3 P4+ Ps P6 P1 P8
Mask {O @) ok 2 4K e O] 00000000
U N TR
Train .v ‘
Input
Embedding

Module
(IEM) .
ifpdintion Prediction

Spatial Tmh:;csygzxrl‘:er 2] Module S pa FO rm e r

PM
Ralafive (aT™) M)
Position

Embedding
Module
(SRPEM)
Predictions " Predictions ‘v
P P2 P3 Pa Ps P6 P1Dps
000000 2.9.9000. 06

Py Py
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1. Problem / Limitations

B Data Cleaning [ICDE'24]: Triple-d

2. Key Insight

Distant supervision produces large training data.
But distant supervision introduces noise.
High-quality training data is essential.

At-least-one assumption - cannot identify the true
@ relation instance.

@ High-confidence selection - fails when both
prediction and distant supervision are wrong.

@ Dependency paths - may miss relation semantics.

1. Noisy Distant Supervision - Wodule i Pattern

Replacement

Noisy training instances (bag of triples) context-preserving pattern replacement
via bipartite graph selection

) i Apple
(Apple, acquired, California) } > Organization
(Apple, based in, Beats) Beats -

Calgorm — > Location
select context-preserving replacements

(Apple, headquartered in, Beats)

Triple-d: High-quality Training Data Creation through Denoising Distant Supervision, ICDE 2024

e

Jointly optimize context-preserving pattern
replacement and separate noisy instances with
non-parametric semantic clustering.

—————————————————————————————————————————————————————————

Apple acquired Beats in Lack of

Example S

P California “-~""Ground
truth

3. Module 2: Semantic

Clustering

scalable non-parametric denoising Denoised training instances
(clean triples)

1©® Q.Qk- A A:l Noisy / False
\o " / \A A/ instances

N > = (Apple, acquired, Beats)
Clean/ True

instances

v

29



B Data Cleaning [VLDB'20]: KBPearl

1. Problem

2. Key Insight

KBs are crucial for question-answering, recommendations, and

RAG,but existing KBs are incomplete and rebuilding a KB is costly.

Too many synonymous
relations or ambiguous entities

Separately processing each
triple ignores semantic concepts.

J.W. Lennon He Micheal Jordan Al

X Basketball player X Movie

John Lennon
J Academic field

v/ Scientist

Canonicalization with contextual side information.

Find a subgraph between extracted triples and candidate
triples to ensure global-coherence.

Step 1.1: Side Information Extraction
POS Tagger |

| Sentence Tokenizer | |

Named Entity
Recognition

Time & Source
Constraint

........................................................................................ "

Step 1.2: Triple Extractioné EStep 1.3: Canonicalization:

Open IE Tool side information S(d) |

—

Open triples T*(d) |

3. Method: KBPearl Framework

Extracted Triples Semantic Graph (relatedness via entities /relations)
Pt
[ ti=(upno) | - : !
1 e Micheal Jordan Kurt Miller Al _ 2013 : Micheal Jordan Kurt Miller Y
| tr = (S5,P2,07) | e TTeeeST << | / [
Entity Nodes M.Jordan M.Jordan 1 Kurt Miller I Al Al »I M.Jordan | Kurt Miller | Al
Candidate (basketball playgi) (prof(?ssor) ! (new entity) (mgvie) (CS branch) : (professor) I__(new entity) i (CS)
Triples Relation Nodes — == 4 I
P | supervise | be educated at | | field of study : | supervise | | field of study |
— —
H 1
| KB I Predicate Nodes | supervise | study | | [ _supervise | [study ]

KBPearl: A Knowledge Base Population System Supported by Joint Entity and Relation Linking, VLDB 2020

Selected global coherent subgraph
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- Model Training

Ll Expensive full
Bottlenecks update cost / catastrophic Limited access Ineffective old- Static coreset P :
. .. dynamic
data forgetting to old data data replay poor adaptivity
refresh
redundancy
. merge-and- entropy-based noise- dynamic i
Techniques coreset reduce buffer old-data enhanced coreset graph-guided
selection . . coreset update
management selection replay selection

Camel ESDR ERCA
[SIGMOD 23] [ICDE 24] [Under Review]
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- Coreset Selection [SIGMOD'23]: Background

Online models must learn from continuous data streams.

A stream learning framework

Stream Stream Stream K™\ Update ML
@ Batch 1 @ Batch 2 @ Batch3 P 5 — Model
t |

Continuously update model

E\

Incrementally finetune the model on each new data batch @ Past training samples are not revisited

Example Applications

m A robot learns new skills and adapts to new situations yﬁ A spam filter learns to classify new spams

Camel: Managing Data for Efficient Stream Learning, SIGMOD 2023
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- Coreset Selection [SIGMOD'23]: Limitations

Redundant full-batch updates

4 N\ ( N\ [ N\ ( \ ( \

Batch 1 Train Batch 2 Train Batch 3 Train
@ =\ —»@ = o~ @—» =

®@ OO0 0 Ol NONG] ®@ ® OO

ee0o0o0 2@2 e 0o 2@ ee0 O 2@2

o000 @0 @O0 eo0 @@

\§ J J J J U J L

o

* Naive stream learning treats every arriving sample as
equally useful.
» leading to high update cost and low data efficiency.

Naive stream learning is inefficient at large data and vulnerable to forgetting.

Forgetting under non-lID streams

Stream 1 Stream 2 Stream 3
(Time t,) (Time t,) (Time t3)
OHAA R XA | 0 x %

________

T R T e

‘: data are :
\  not |

past-task performance degrades

________

+ Without a compact and representative memory, the
model gradually loses performance on past distributions.
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Treat both incoming-batch training and historical-memory maintenance as coreset
selection problems: select a weighted coreset for efficient one-pass updates and maintain

a compact replay buffer through merge-and-reduce.

streaming batches

Stream

Batch 1

Stream

Batch 2

Stream

Batch 3

- Coreset Selection [SIGMOD'23]: Key Insight

Coreset Selection
®

®
— ®

°

oo ©°

0020 °Xe)
O

\

\
g Data Replay

e o e
—_—) 00 0 0

[ NON O]

@ Efficient and robust model update

(Model Update\

£
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- Coreset Selection [SIGMOD'23]: Framework Overview

Camel Framework

~ N
New Batch o
e
S - K ¢ ®
° ‘o o @ O
ONAA Improve training efficiency Resolve data redundancy
L ) Model Update
e N —
Historical Cee e
Buffer ©eoe
®®00 > ee 0o
—
a ®O®O ®@ O @O
— R~ L Replay Samples Avoid forgetting past distribution )

Coreset Selection Buffer Update
Select a compact, representative subset from new data to improve replay samples from historical memory to preserve past data

training efficiency and reduce redundancy distribution and prevent forgetting
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- Coreset Selection [SIGMOD'23]: Detailed Modules

Coreset selection approximates full-batch training with a compact weighted subset;
buffer management preserves historical memory through merge-and-reduce.

Module 1: Coreset Selection Module 2: Buffer Management

Camel selects a small weighted coreset from each incoming Camel treats buffer maintenance as another coreset
batch for one-pass model update. problem: merge old memory with the new batch, then
The goal is to make training on the coreset approximate training reduce back to the buffer budget.
on the full batch under a worst-case parameter view. Batch Bt
A
_ . ’ \Data selecti

W *€ argmin,, cgn lwllo=m maXIQE@L(B; w, 0] , Coreset ’,' ! ata selection

_ _ +IHo selection ./’ A
Approximation error » \ Buffer update

-

(Coreset S] - \u{ Buffer M*

L N
\\ Buffer M t‘{

n n
D 16y 0) = ) wil(x;,y,:0)
i=1 j=1 5 7
/ e e
/ ML model

Loss values on the full set B | =
Loss values on the coreset S Model update: 6" - 6

1
L(B,w,0) 2 —
n
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- Coreset Selection [SIGMOD'23]: Experimental Performance

Camel addresses both streaming update cost and catastrophic forgetting by jointly
selecting representative new data and maintaining a compact historical memory.

Experiment 1: Coreset selection Experiment 2: Buffer Management

Coreset outperforms random sampling and even the full batch Merge-and-Reduce (MR) algorithm can better avoid catastrophic
algorithm in model accuracy on a variety of datasets. forgetting while being more efficient.

Table 2: Average test accuracy (%) of Coreset and Random varying sample ratio r. Sample ratio 100% corresponds to the Full-Batch
algorithm. Best results are marked in bold, and the results better than Full-Batch are underlined.

Sample Ratio r

Data Stream  Method - = 5 . . Data Repla Distillation
30% 40% 50% 60% 70% 80% 0% 100% Data Stream | Distribution | Metric pay =
CUB200 Random  47.91+0.45 48.65+0.32 49.1+0.62 49.84+£0.22 50.14+0.13  50.51+0.18 50.55+0.25 50.76 + 0.37 MR Agglo Random GSS MIR 1CaRL DER
Coreset 4878 +0.22 49.57 +0.23 50.12+0.36 50.13 £0.25 50.61+0.14 50.74 £ 0.21 50.66 +0.17 -
ClFARj ~ Random 7558050  7681:0.85 77.81+1.02 79.55+0.64 80.07+043 80.57£0.56 80.84£0.83 8125 0.54 split-CIFAR10 Class- Accuracy 4713 48.57 44.69 43.48 18.24 4332 3378
Coreset 76.63+0.48 77.7+0.67 79.03+0.75 79.96+0.5 80.63 +0.46 80.82+0.42 8153 +0.32 = p incremental | Runtime 247.41 24032 243.68 1122.41 367.15 431.27 18956
Mnigp  Random  95.03£127  95.66£0.38 9695051 974706 977106 9782042  982x0.11  97.99%0.27
! Coreset 95.99+0.65 97.26+ 125 97.31+0.55 97.58+0.5 97.9+0.36 98.07+0.34 98.27 £0.23 = split-CIFAR100 Class- Accuracy 50.23  50.13 49.55 40.85 43.3 8.75 36.74
— Random 88.51+0.38 89.14+0.21 90.17£0.2 90.82+0.39 91.13+0.41 90.97+1.58 91.88+0.28 92.2%0.17 incremental | Runtime 246.86 240.73 244.21  8327.78 386.91 723.15 193.82
Coreset 89.56+0.32 89.85+0.45 90.79+0.42 91.16+0.3 91.64+0.38 91.82+0.23 922+ 0.38 -
CORe50 Random  69.29 £0.43  68.99+0.27 69.21+0.59 68.61 £0.55 69.06+0.42 68.68+0.34 68.54+04  69.36 £0.31 SplithVHN i Class- Accunjacy 82.12 82.79 81.26 58.87 73.59 68.92 79.39
’ Coreset  69.45 + 0.45 69.66 + 0.59 69.58 +0.27 69.45 +0.47 69.59 + 0.56 69.46 + 0.56 68.97 + 0.52 - incremental | Runtime 343.96 339.17 341.25 2093.47 459.06 542,51 269.42
Random 5553037 56.59+0.56 57.31£0.8 57.374£0.33 58.0£034  582+£031 5844+0.24 58.49%0.23 -
COVYPE  Coreset 56.12+0.79 56864079 57.53+0.4 57.84%0.69 5838 +029 58.44+026 58.910.21 - CORe50 Domain- Accuracy 4870 50.25 46.27 42.52 48.82 - 46.09
KDDoo  Random 9401027 9415£0.13 94225026 943028 94.28+027 9416£026 9427038 9439033 incremental | Runtime 529.24 537.09  522.27  2688.85 839.01 ' 468.71
Coreset 94.13 £0.37 94.20 £0.21 94.23 £0.43 9433 £0.19 9445 £0.13 94.46 £ 0.35 94.47 +0.26 =
: CORe50-iid D Accuracy 55.85 54.46 48.0 50.91 52.68 - 50.1
e Random  94.43+£0.2 9472+0.13  9505+0.1 9515403 95.41+0.13 9557+0.16 9568 +0.08 95.78 +0.08 e50-11 .
FULSVEN  eset 94.58+0.12 95.06 % 0.08 95.35%0.07 95.62+0.07 95.69+0.18 9576 +0.14 95.8 £ 0.19 = Runtime = 538.17  544.45 53536 2130.85 837.91 = 454.28
Clothingiyg  RANdom  46.0420.15 46435024 47094028 47425037 4776202 4794015 48074052 48122017 Accuracy 6479  65.37 63.46 62.02 5999 _ 53.67
Coreset 46.91+0.19 47.18 +0.33 47.44 +0.39 47.55+0.24 47.74+031 47.98 +0.17 48.31+0.35 - CIFAR10 1D .
Runtime 208.75 209.25 213.70 960.20 399.14 - 190.86

Random 48.48+0.12 48.56+0.09 48.74+0.06 48.93+0.09 49.03+0.05 49.05+0.05 49.17+0.08 49.28 +0.08
Coreset 48.52 +0.08 48.66 + 0.04 48.77 £0.04 48.98+0.08 49.01 +0.1 49.13 £ 0.06 49.24 £ 0.06 -

ImageNet
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B Data Replay [ICDE'24]: ESDR

Background Key Insight

Continuous unlabeled data arrives over
time, making one-shot training insufficient

Limited access to old data

-
@ Old data is only partially accessible
due to privacy or efficiency issues.
.
-

Catastrophic forgetting

The model must be updated over
time without losing old knowledge.

\_ J

4 )
Ineffective old-data replay

7 \ Existing UCL methods lack

principled sample selection and

9 replay. )

Improve old-data utilization through
entropy-based representative sample
selection and noise-enhanced replay of
past knowledge.

Selected

Old data Subset

Entropy based
data selection

Noisy Enhanced
Data Replay

ESDR combines representative sample

selection and noise-enhanced replay to

mitigate forgetting under limited old-data
access.

Effective Data Selection and Replay for Unsupervised Continual Learning ICDE 2024

" )

Entropy-based Data Selection
e 0

o ®°® ]
:.:._;o..
o g ©

M* = arg max Entropy (M)

Select representative old samples that
preserve maximal information of the full
old dataset.

g

- )
Noise-enhanced Data Replay

Representation Space
Old Model =

_ Q
Jo— i @e—1(r)— O-'O:%
Input 2 Z+r(z
it Noise related to
imi neighbor representations
[ )
Gz

New Model

Distill knowledge from the old model with
representation-level noise to cover

__neighboring samples more effectively. )
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- Cache and Batch Technique

Bottlenecks

Techniques

Unrelated _ :Vlem.ory;(v
retrieval batch intensive
cache

Hybrid Adaptive
?nual:g;?r? ) c;en:zz t Cache Request
? Assigner Schedule

MGRAG
VLDB’ 26
Revision

APT-Serve
SIGMOD’ 25

Throughput
drops from KV
fetch

Probe attention
prediction

Probe&Fetch
WWW’ 26

Context
truncation/
Expensive KG
construction

Set-Cover
Chunk Merging

RAG-Sketch

SIGMOD’ 26

""""""""""" e e L
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B Adaptive Batch [VLDB'26 R]: MGRAG

1. Problem/Limitations 2. Key Insights

different visual contents on the most query similar contents

same image Fine-grained RAG:
X High latency

Different queries focus on §¢ Query-unaware indexing g Construct query specific multimodal KGs only with

Formulate the KG retrieval as path-aware semantic

subgraph matching problem
Query-aware infeasible

due to corpus size and
query number overhead

Query-aware Adaptiveness Feasible latency

3. Method: Query-aware Multimodal Retrieval

e , N - . ) :
Q: What's the Query-aware incremental KG construction ( Topological-aware KV cache b
weather in the image? Incrementally update a query specific KG, until Reuse caches based on the retrieved subgraph’s
find a matched subgraph to the query graph topological feature and tokens’ cross attention
I:> : |:> $ Subgraph
|:> Reuse Augmented
Inference
. J /AN

MGRAG: A Graph-based Multimodal Retrieval-augmented Generation System with Large Language Models, VLDB 26 Revision



B KV Cache [SIGMOD'25]: Background

LLM Inference Breakdown

Prefill Phase Process the entire input.

D) Tee s [0 20| Generate output tokens one-by-one.

® Both TTFT and TBT are

critical to user experience!

Time to First Token (TTFT) Time between Token (TBT)
Latency to generate the first token Latency to generate each subsequent token
TTFT
| l %\» | 1
I I I I I I
| | hadbhad Aad 15N Bal Bl

question | . ' l '

0.5s |- = EE T ER T e . S - -

To|be| , |or | not |to|be| , | that | is | a

| | 7

Prefill Phase Decode Phase P99 TBT

Time

Source: “DistServe: Disaggregating Prefill and Decoding for Goodput-optimized Large Language Model Serving, OSDI 24”.
Apt-Serve: Adaptive Request Scheduling on Hybrid Cache for Scalable LLM Inference Serving. SIGMOD’25
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B KV Cache [SIGMOD'25]: Limitations

Issue I: Limited Batch Size

« KV cache: reusable key and value for past tokens

« Overwhelming KV cache
* Limited GPU memory

Q KT QK"

Attention

P
=
X Q| = X
g
» el | ’—‘
) I i I g I S Value Token 4 Token 4
(1, emb_size) (emb_size, 4) (1,4 (4, emb_size) (1, emb_size)
- : KV Cached Tokens : New Tokens

Source: “Transformer KV Caching Explained - Medium”.

Issue Il: Suboptimal Batch Composition

First-Come-First-Serve (FCFS) scheduling: Performs worse
than random scheduling &

N ERE O @
o o O ©

SLO Attainment (\%)

o

s TTFT s TBT

4.0/

£ 20

t ----- M

Ua 0_0 -------

Ez.o
[ Random FCFS g 4.0
' 0 100 200 300 400 500
] - TTFT TBT
540 ‘
20 d
_____ B E 0.04 e HW'?IW uﬂﬂ t[h
)
EZ.O'
30 32 34 36 38 40 F 4.0/
Request Rate (req/s) 0 100 200 300 400 500

Request ID

First-Come-First-Serve (FCFS) v.s. Random
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B KV Cache [SIGMOD'25]: Key Insight

Time To First Token (TTFT) is the main bottleneck
overall

Extensive use of memory-intensive KV cache prevents
enlarged batch size.

Default FCFS scheduling policy enforces rigid batch
composition.

« Use hybrid KV cache and hidden cache scheme to
reduce memory overhead

« Employ an adaptive runtime scheduling mechanism to
schedule requests efficiently

[
o
o

SLO Attainment (%)

e TBT e TTFT & TBT

801

60

401
201

o

3.0 3.2 3.4 3.6 3.8 4.0
Request Rate (req/s)

43



Adaptive Request Scheduling

Request Manager determines the optimal batch
schedule at the start of each inference .

Hybrid Cache Utilization

Hybrid Cache Assigner seamlessly coordinates
the unified usage of both memory-intensive KV
cache and memory-efficient hidden cache.

- KV Cache [SIGMOD'25]: Framework Overview

Applications

T [
Code Completion = Chatbot Summarization

ry
—=+ Arriving Requests l i © Responding Users

| Request Manager (§ 4.2) i
: Waiting Queue: Quantification 9 Batch Schedule :
1 —= Pending Cache Type :
| .
| |
i ]

Running Queue: ﬂ time? ﬂ Lotz
Memory i ;
. Hidden
? Requirement?

:’ """" Hybrid Cache Assigner c‘gi.'s)'"_' ;;""
Cacha o
el © Assign CacheMap ~ piqq

3
BEH éﬂ l O Generating Tokens

Inference Engine

[y

=

| Shard0 JSWl  Shard 1
Cache : : C

Engine o

Worker 0 Worker1  Worker 2 Worker N-1
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B KV Cache [SIGMOD'25]: Module 1

KV cache: trade storage for time Hidden cache: trade time for storage

Smaller batch size Larger batch size
Higher computation speed Lower computation speed
X!
ED] Current Token X ll
[TT11 Current Token
Self-attention Module Feed-forward Networks Module
""""""""""""""""" T Self-attention Module Feed-forward Networks Module

= 7 ™ Linear
I Complexity

¢ — 7  Linear
[ | Complexity

L Past Tokens - Past Tokens

]- Past Tokens
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B KV Cache [SIGMOD'25]: Module 2

e —————

Two online decisions

_______________________________________________________________________________________________________________________________

Which requests to be scheduled

Which type of cache for a given request

Track Runtime Information

Waiting Queue: @) Quantification @) Batch Schedule 3
5 Z Pending Cache Type
Running Queue: * time? * Hidden Quantify Scheduling Value

e Memory HEZ
ﬁ-l Y Requirement? =

_______________________________________________________________________________________________________________________________

- .

Optimize Batch Composition

Scheduling Value v{= p; — B{(|IW®| + |R®|)t{
N\

Intuition Il: penalty term for hidden cache usage

Intuition I: positively related to the pending time

N
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KV Cache [SIGMOD'25]: Experimental Performance

Chatbot Application:

Code Completion: HumanEval Summarization: LongBench

SharedGPT

—— vLLM —s=— Sarathi-Serve —— DeepSpeed-FastGen —e— Apt-Serve
OPT-13B (1 GPU)

OPT-30B (2 GPU)

OPT-66B (4 GPU)

=100 1007 =100
g 90 g 90 g 90
< 80 £ 80 £ 80
e J¢ [
l'pto £ 70 £ 70 ‘ Z 704
9 60— - 9 60 ~ ; 2 60 ; ;
@ 5 10 15 20 25 @ 00 25 50 7.5 100 12.5 15.0 o 25 50 75 100 125 150

H Igher effeCtlve Request Rate (req/s) Request Rate (req/s) Request Rate (req/s)

8 ] 8x thl’OUghpUt (a) ShareGPT

OPT-13B (1 GPU) OPT-30B (2 GPU) OPT-66B (4 GPU)

— 1001 =100 — 100
= c c
g 901 GE) 90 g 90
£ 801 £ 80 £ 80
© m ©
£ 704 2 70 £ 70
% £o 7.5 10.0 125 15.0 17.5 20.0 g 60 4 ‘ 6 8 10 12 14 ; 80 2 4 6 8 10
Request Rate (reqg/s) Request Rate (reqg/s) Request Rate (reqg/s)
. . (b) HumanEval
Higher effective H ) ,
3 i ) OPT-13B (1 GPU) ) S 55 ) OPT-30B (2 GPU) ) £ 76 ~ OPT-66B (4 GPU)
0 throughput on S ool 5 o0l \ 5 o0 )
€ ; £ €
£ 80 { £ 80 Y £ 80
average £ 70l £ 70 5 %
S 60 : 9 60 - S 60
n 1 2 3 4 5 ) 1 2 3 4 o 1 2 3 4
Request Rate (req/s) Request Rate (reg/s) Request Rate (req/s)

(c) LongBench
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B Adaptive Batch [SIGMOD'26]: RAG-Sketch

1.Problem/Limitation

Equipping LLMs with large external
corpus for Question Answering (QA)
becomes critical.

(a) Standard RAG (b) Long-Context LLM

Query q

—* Answer
Generate

Retrieve

Enlarge Context Window

(c) RAG with Structured Data

Limitations of Existing Approaches

« Limited retrieval (misses scattered
evidence)

*  Truncation of long contexts

* Expensive KG construction costs

Decompose complex questions
Improves retrieval quality through

both semantic and presence objectives

Minimizes token costs through
adaptive batching

Chunk | Presence Semantic Chunk | Presence Semantic
C, 1 0.626 C, 1 0.663
Cs,y 0 0.736 Cyo 0 0.773
Ciy [} 0.750 C3y 0 0.774

vecar2023 %53 |E(qq) | Total Current Liabilities: (Global
08 yseemes 127087 Clean Energy Holdings Inc., 229,361)

Total assets 1,413,408 1,310,306

Accounts payable 14,802 12,236

. PP&E: (Year 2023, 1,369,398)
@wss @8 | pog | (Year 2024, 1,270,187)

Total current
liabilities

Query q P B8 G
Extraction Meta Further
Query E(q) Operations
(Key, Attribute) Clustering
(Head, Relation, Tail) Comparison o
(Timestamp, Value) Selection ) G L fc g
) &
RaW TCXt R'anklng 0.1 02 03 0405 06 0.7 08 0.9 1.0

E(q4), E(g,) answered, Algorithm 3 ends without processing Chunk Cs,.

1 chunk, HIT Rate =1

We adaptively batch queries that
correspond to the same chunk (e.g., C, for
g, and q,) through set cover chunk merge.

Skyline Retrieval meets Set-Cover Chunk Merging: A Cost-Effective RAG-Sketch for Long-Context LLM QA, SIGMOD 2026

3. Method: RAG-Sketch
Framework

Query Decomposition Module:
decompose complex queries;

Skyline Retrieval Module: adaptively
retrieve required evidence;

Set Cover Chunk Merging Module:
we minimize the token costs through
batching with theoretical guarantees.

€, Ty =300 (5T, =100 C3,T3 =150

T; is the
Ela : ! 0 token costs
E(q2) 0 1 0
E) 0 ! ! represents
E(q4) 1 0 1 the selected
chunks
E(gs) 1 0 1
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- Adaptive Search [WWW'26]: Probe-and-Fetch

1.Problem/Limitation

0 Web-scale search incurs high
memory and latency overhead

9 Synchronous KV fetch causes a
massive throughput reduction

Long Document Stream
(many tokens/ chunks)

EEEEEBEE - BE
Ve bbb bl

Large KV Cache (CPU)

1

Synchronous Fetch
A blocking transfer

~35% throughput drop

0 Probe attention prediction before
verification

“legsl ls[s)sENal fups
Predict attention over long context
and find salient positions.

e Asynchronous Fetching

\
\ \ /

\\~> \"L ‘/
Top-k KV CPU to GPU.

I:I! il ‘I---DDE

9 Hide transfer latency by pipelining

o) : )
B +8)»Y)
\ / = /
Predict Fetch Verify

Pipeline context prediction, data
movement, and verification.

3.Method/Framework

||||||||||

AN - - I 2
= ) G 55 1 S

||||||||||

Long Probing  Asynchron Target LLM
Document Module ous Fetch Verification
Stream

v v v
Predict Attention Sparse Top-K KV
Identify Salient Cache CPU to

Context Verification GPU

v
CPU KV Cache (Offloaded Storage)

TR

~ [ Top-k(kept)
|:| Data/Module

O

]
J [[] Pruned (not fetched)

==+ Blocking (synchronous)

=
1

R

‘ " GPU Active Cache (Spaﬁu_m

f®Synchronous Fetch | =
™ (blockingtransfer) | W - W --- W Verification

~35% throughput drop (Sparse Cache)
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- Reliable Generation

Bottlenecks

Techniques

Insufficient
Annotation of ICL

l

Representativeness

Prediction Confidence

Ineffective
Examples of ICL

l

Similarity
| |
I I

Keyword
Coverage

Diversity

\4

LLMLog
[VLDB’25]

v

Prompt4Vis
[VLDBJ’25]

Ineffective Alignment

v

Adaptive Query-aware
Subgraph

GORAG AGRAG

[WWW’26] [ICDE’26]

Accumulated Error
in iterative RAG

v

Stepwise KG
verification

VoG
[ICLR’2026]

P
<«
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- In-context Learning [VLDB'25]: Background

‘ System logs are converted into into structured templates for efficient analysis

System Logs @ Templates

Bas IP- Request Status  Resource n-context [DATE] [IP] <POST> [STATUS] [RESOURCE]
_ Learning

24-05-10  dsa.ust.hk GET 500 /submit/form
[DATE] [IP] <POST> [STATUS] [RESOURCE]

24-05-11 172.16.1.8 POST 404 /resource/a
24-05-11  cseusthk  GET 503 Iservice [EETE[[LA] =el2r= Sl [RE=RUIRCE)

Log Template
Generation
24-05-12 10.10.2.9 POST 200 /upload/file

Q Track error-prone keyword: [STATUS]

llemplate generation helps maintainers analyze massive logs and identify problematic patterns?

LLMLog: Advanced Log Template Generation via LLM-driven Multi-Round Annotation, VLDB 2025
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- In-context Learning [VLDB'25]: Limitations

* Insufficient annotation (missing hard logs).
+ Ineffective examples (Similarity-based demonstration selection).

Demonstration Pool . . In-context Learning
) Demonstration Selection }
Annotation Generation

@ Unlabeled @ Labeled Similarity Query Log (hard) Demonstrative Log-Template Pairs
Logs Logs ] 3§?rchb ; 179.3.1.9 () = [IP]<POST> [RESOURCE]
172.31.9 embedding-base

POST Japiflogin Log-Template ( 9 ) GET /role [3) = [IP] <POST> [RESOURCE]
Pairs
dsa.usthk
POST fform o 172.31.9 Selected Demonstrations for query log N\ & > [IP]<POST> [RESOURCE]
cse.ust.hk POST /api/login L N o i Query Log
POST Jeanvice ‘ ‘ 1P| <POST> 172.3.1.9 POST /role | Noise :
RESOURCE] pog] | [y 172.3.1.9 GET /role

33T GEr |  Human o | Redundant |

\  lrole_ x____{Annotaton _ WL T Wrong Prediction

(rard instance) R [% @ Shared Kewgrc(jjz_(overlooked by p N

b edding-based o Gmbeddings) | Q LLM [IP] <POST>
mbedding-base A s T P " [RESOURCE]
Representativeness | 172.3.19 | /role i | GET X | N Generation J
& Hard logs missed & Insufficient examples & Wrong template generation
% |
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Keyword Coverage Similarity-based Representativeness

Logs that share more keywords
are more similar.

2 shared keywords
Edit distance =0

dsa.usthk POST | —- [IP] POST
|
cse.usthk GET | | [IP] GET
|
cse.usthk POST | 't9 [IP] POST -
|

Ideal labeled logs should be similar to as
many unlabeled logs as possible.

1 LZ L3

‘——~~

\
Ni_—”

Most representative

Ly

) GORKS

- In-context Learning [VLDB'25]: Key Insights

| Confidence in Annotation

Logs with low predic

log A
[IP]POST [ADDRESS]

log B w
[IP]POST [ADDRESS] ¢

tion confidence are

worth annotating.

High confidence

Prediction of A
[IP]POST [ADDRESS]

Prediction of B
[IP]POST [MISSED]

Low confidence

Target Input Log dsa.ust.hk POST 2024-05-10 lapillogin
_ [ ' 1 h |
Candidate d hk POST POST /apillogi 2024-05-10 || ! d hk GET /apillogi
from labeled logs sa.ust. api/login -05- , sa.ust. apillogin
( ' ] :
Coverage Status . | X
9 v Minimal subset v



- In-context Learning [VLDB'25]: Detailed Modules

Step 1: Demonstration Log Annotation

Input: candidate unlabeled logs, each has representative log
set + LLM predicted template.

Output: selected logs for human annotation.

@ Low-confidence logs Also prefer logs similar
(hard instances) to many logs.

Representative | Confidence
Score Score

Rank | Candidate log Selected for

annotation
dsa.ust.hk POST /api
o o 0.87 0.31
cse.ust.hk GET /login 0.76 0.21 o

404

cse.ust.hk POST /index » e
e 00 0.62 0.71 e

cse.ust.hkzF(’)C1)ST /about 0.51 0.63

Goal: prioritize

Step 2: Adaptive Demonstration Selection

Input: an unlabeled log + labeled log set.

Output: demonstrations for the unlabeled log.

Input Log Keywords

v Solution:
'@' Greedy, 1-1/e approx.

p
((/) representativeness + low
L confidence.

dsa.ust.hk POST lapi 500
Labeled Coverage of input keywords
Demonstrations |, sthk | POST | /api 500
dsa.usthk POST /api 500 v v v v
cse.ust.hkzi’]gST /index v v % v
cse.ust.hk GET /login 404 v X X v

/ Goal: minimum : Solution:
@ demonstrations, full keyword ' “—/ Greedy, 1+In n approx.
coverage. L

54



- In-context Learning [VLDB'25]: Experimental Performance

* [n 16 log template generation datasets, our LLMLog is the most accurate method.
» LLMLog also incurs less average generation time and APl cost than baselines.

Datasct Drain LogPPT DivLog AdaICL _LLMLog (Ours) Generation Time (s) _ API Cost (USD) -
MLA PTA RTA | MLA PTA RTA | MLA PTA RTA | MLA PTA RTA |[MLA PTA RTA|l Dataset |DivLog AdalCL,LLMLog DivLog AdaICL'LLMLog

Android 73.0 56.6 62.0 76.7 58.4 68.4 63.8 58.9 68.4 97.8 89.4 92.1 |99.6 946 96.4| Android 1.1 1.1 i 0.7 3.5 35 1 21
BGL 444 33.9 30.8 97.0 68.6 78.3 94.0 68.4 77.5 99.4 93.5 95.8 |99.9 95.1 98.3 I BGL 14 1.1 0.8 3.8 37 | 28
Hadoop 43.9 36.8 34.2 89.5 54.0 58.8 89.0 693 85.1 99.4 92.2 97.4 | 100.0 100.0 100.()I Hadoop 1.1 10 I o6 3.7 3.7 I 2.0
HDFS 95.9 81.3 92.9 90.2 85.7 85.7 | 100.0 100.0 100.0 | 99.9 86.7 92.9 IlOO.O 100.0 100.0 HDFS 1.0 0 1 07 7.6 7.6 5.1
Linux 19.4 43.4 42.2 949 475 49.1 97.3 92.4 93.2 99.7 96.6 9.6 [199.8 96.6 98.3 : Linux 1.2 1] 07 3.1 3.1 | 2.0
Mac 27.2 21.2 249 67.3 43.6 53.4 62.4 48.3 64.5 93.2 74.4 82.1 |196.0 77.1 85.9 | Mac 1.1 1.1 I 0.8 5.5 5.4 I 5.0
Thunderbird | 19.1 29.9 36.9 92.6 50.6 59.1 88.9  B86.8 92.6 98.9 83.3 90.6 [199.9 93.3 98.7 | Thunderbird| 1.1 1.0 | 0.6 33 32 1 27
Zookeeper 49.8 39.1 36.0 99.0 74.1 86.0 | 100.0 100.0 100.0 | 100.0 100.0 100.0 IlOO.O 100.0 100.0| Zookeeper 1.1 1.1 0.3 3.1 31 | 21
HealthApp 24.1 8.3 34.7 78.9 853 85.3 99.9 98.7 98.7 99.9 98.7 98.7 |.100.0 100.0 100.0, HealthApp 1.8 14 | o8 4.4 37 | 23
Spark 37.6 50.0 41.7 99.1 60.0 58.3 82.1 48.3 77.8 99.9 97.2 97.2 IlOO.O 100.0 100.0 Spark 2.1 1.5 | 14 6.5 5.7 I 3.3
Windows 69.6 46.3 50.0 98.3 55.4 72.0 97.6 55.9 76.0 99.9 92.3 96.0 |h00.0 100.0 100.()' Windows 2.2 07 1 07 5.3 5.3 2.6
OpenSSH 534 52.0 50.0 97.6 48.9 84.6 99.9 96.3 96.3 99.9 96.3 96.3 |100.0 100.0 100.0' OpenSSH 1.1 1.1 I 0.7 7.8 7.8 I 2.5
OpenStack | 180 55 395 | 907 844 884 | 969 740 884 |100.0 100.0 100.0 [[100.0 100.0 100.0! OpenStack | 18 L9 10 98 100 | 42
Proxifier 527 269 875 | 100.0 100.0 100.0 | 965 143 750 | 99.9 778 875 [[100.0 100.0 100.0] Proxifier 0.9 0.9 0.8 5.7 57 1 35
HPC 67.2 38.8 41.3 94.7 73.6 84.8 97.5 42.6 87.0 98.6 62.5 97.8 IlOO.O 100.0 100.()' HPC 1.6 0.5 I 0.3 2.6 18 | 13
Apache [ 100.0 100.0 100.0 | 994 833 833 |100.0 100.0 100.0 | 100.0 100.0 100.0 | 100.0 100.0 1000, Apache | 18 05 | 04 } 27 24 , 16
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- In-context Learning [VLDBJ'25]: Prompt4Vis

1. Problem

Increasing need of prompting LLMs to
transform natural language questions into
data visualization queries.

1NLQ bvQ
Bar chart x axis date claim settled y axis Visualize BAR
the number of date claim settled, rank » SELECT Date_Claim_Settled ,
from high to low by the Y-axis. COUNT(Date_Claim_Settled)

> FROM Settlements ORDER BY

4 5 COUNT(Date_Claim_Settled)
DESC
T BIN Date_Claim_Settled BY YEAR
8 ° D) 1y
8[ Visualization Specification 3
E 6 {"data": {""url": "data/settlements.json"},
Gl "mark": "bar",
g 4 "encoding": {
(=} "x": {"field": "x_data",
'g @ "type": "nominal”,
o 2- "title": "Date_Claim_Settled",
e "sort": {"op": "sum", "field":"y_data",
"order": "descending"}},
0- © o~ "y": {"field": "y_data*,
g 3 "type": "quantitative”,
Date_Claim_Settled "title":"COUNT(Date_Claim_Settled) “}}}

Limitations of Existing Approaches

+ Similarity-based example selection provides
less demonstrative prompt.

+ Expensive costs of providing the whole
schema.

« The diversity of examples are
necessary to remove redundance.

*  The estimated influence is crucial for

example selection.

* Filter the irrelevant schemas for the

target

NLQ
Give me a bar chart showing the

query.

NLQ
Draw a bar chart of publisher
versus the total number , and

NLQ
Bar chart x axis gender y axis the

fokal rambr of each nisier; | : total mumber , I want to show by e
want to list in asc by the total could you sort by the y-axis from the x i from High fo low plecse
number . low to high please ? # please.
L 4 L 4 L 4
Example Mining
/* Generate the DVQ query for each question based on the database schema. */
e
'
V' Question: Visualize a pie chart about the maximum age for each pet type .
| Database schema: Table Pets, columns = [*,PetlD, PetType, pet_age, weight]
| Answer: Visualize PIE SELECT PetType , max(pet_age) FROM pets GROUP BY PetType
'
i
'
% ' Question: Visualize a pie chart about the proportion of the number of grape of the wines whose price is bigger than 100
g I ordered by year.
S + Database schema: Table grapes, columns = [*,ID, Grape, Color]
N ' Table wine, columns = [*,No, Grape, Winery, Appelation, State, Name, Year, Price, Score, Cases, Drink]
E E Answer: Visualize PIE SELECT Grape , COUNT(Grape) FROM WINE WHERE Price > 100 GROUP BY Grape
'
h]
3 1 L[_[ ]
'
'
e ..
v
I Question: Return the names and surface areas of the 5 largest countries . Visualize by a pie chart .
!
i Database schema: Table city, columns = [*ID, Name, CountryCode, District, Population]
| Table sqlite_sequence, columns = [*name, seq]
\ Table country, columns = [*,Code, Name, Continent, Region, SurfaceArea, IndepYear, Population, LifeExpectancy, GNP,
| GNPOId, LocalName, GovernmentForm, Head(jState, Capital, Code2]
!
\ Aduswer:.

PROMPT4VIS: prompting large language models with example mining for tabular data visualization, VLDBJ 2025

3. Method: RAG-Sketch
Framework

Effective Example Selection Module:
select top-k examples that maximize the
similarity, diversity and estimated
influence (by machine-learning model);
Schema Filtering Module: removes
the irrelevant tables by few-shot
prompting;

Few-shot
examples
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B Reliable RAG [WWW'26]: GORAG

1. Problem 2. Limitations

Many real-world tasks require dynamic
text annotation with few annotated data Directly applying LLMs
suffer from high cost and

context limitation

Round 1 Text: "All their
mods should be stripped
of moderator status and
be perma-suspended.”

Round 2 Text: "Old
people are lazy, and their
children have to clean up
their messes."

:: Candidate Label Set: Round 1
I:> [ Threatening Language ] T
" [ Anti-human J T

G e )i

E Candidate Label Set: Round 2 :

E [ Identity Hatred ] E

|$i [ Identity Insults ] E

[ Identity Counter Speech ]

SFT-based methods suffer
from high human labeling
cost

3. Method: Keyword-Label

Semantic Graph

Key insight: memorize semantic
correlations between text keywords and
labels, not classification results.

O

egmentatlon

ndaptuk
0.89 /"Eth \

~0.98 ° 9% 0. 96 0.86
Neural 0. 92
Network Object -based
0.95
Machme Cornputer

Clustermg 0.93 Learning \O/‘ 96 vyision Tmage
Optimization Algorithm Remote Sensing

Label sets change overtime.
Previous decisions may

become misaligned Previous classifications may

misalign with current label
set

GORAG: Graph-based Online Retrieval Augmented Generation for Dynamic Few-shot Social Media Text Classification, WWW 2026

A. Extract
text
keywords
as graph
nodes

B. Link
keywords
to labels
as edges

C. Assign
edge
weights by
semantic
relevance

D. Update
graph after
each
classification
batch
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B Reliable RAG [ICDE'26]: AGRAG

Shortest path retrieval misses useful Use more inclusive graph structures for
nodes. multi-source, multi-hop reasoning.

Hybrid Retrieval

'rp for coarse-grained

knowledge.

Q00

Neighborhood Retrieval
produces incoherent trajectory

Min-Cost Max-
Influence Retrieval
for fine-grained knowledge.

Wang, Yubo, et al. “AGRAG: Advanced Graph-based Retrieval-Augmented Generation for LLMs.” ICDE 2026

Query &KG [ am )
s

Node
Influence:

Higher=more MCMI
query related \ Retrieval

®

Hybrid

Retrieval
<

3

Retrieved
Subgraph

Converged
Subgraph

Edge Cost:

Lower=less
noise

Retrieve the subgraph once
the process converges.
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B Reliable RAG [ICLR'26]: VoG

Problem / Insights

Q Error accumulation
Q Limited scope of reasoning

Flexible

Plan agent dynamically guide retrieval and
adjust reasoning depth

Grounded

Stepwise verification continuously
correct errors

Contextual-aware

KG evidence and contextual information
revise the reasoning plan

&

1
I Global roadmap I
y  forthe query |

Plan Agent Context Selector

Generate / update
reasoning plan

Local
Current-step triplets

Q

Lookahead

Current-step triplets + next-
step relations

Stepwise Retrieval

Adaptive retrieval

Stepwise Revision
guided by the plan

Global
All triplets + full reasoning plan

Revise plan and proceed
to next step

B
e ©

Retrieved KG triplets ‘
A UCB- based context selection
entl,relent2) J° = B =  jm—————————-
( ) " Prevent ) Reward
‘ I cascading erors | Local coherence
N o e ’ answer stability

Verify Agent

Compare retrieved
triplets with current
plan

$

Revise plan with selected context, then
execute from t+1 onward

“-'0 Inconsistent

—0 Consistent

VoG: Enhancing LLM Reasoning through Stepwise Verification on Knowledge Graphs, ICLR 2026
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- Summary

Efficient and Reliable Data-Centric Machine Learning Lifecycle

Model Trainin Cache and Batch Reliable
- Technique Generation

Data Preparation

# Data Augmentation

SSIN SIGMOD ‘23

»’ Data Cleaning

KBPearl VLDB 20
Triple-d ICDE ‘24
OpenMEL VLDB ‘25

A Log ldentification

Ma|d|_og ICDE ‘26

'O Data Replay
ESDR ICDE ‘24

ar Coreset Selection

Camel SIGMOD ‘22

ERCA

Under Review

% KV Cache
APT-Serve SIGMOD ‘25
Probe & Fetch WWW °26

2 Adaptive Batch

AGRAG ICDE ‘26
RAG-Sketch SIGMOD ‘26
MGRAG VLDB 26 R

# Context Learning

Prompt4Vis VLDBJ °25
LLMLog VLDB ’25
¥ Reliable RAG

GORAG Www °26
VoG ICLR ’26
Probe & Fetch WWW °26
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- Summary

High-Quality Data + Coreset Training + Efficient Caching + Reliable RAG

Fundamental Techniques Design Choices Optimization

Workload & Reliability trade-offs

Core innovations in research

Hybrid Caching

KV Cache & Hidden Cache

Sparsification

Online Sparse Prefilling
Dynamic KV Pruning

Weighted Coresets

One-pass update selection

Graph-based Retrieval

MCMI Subgraph Matching

Maximum Spanning Tree

Request Scheduling

» Adaptive Runtime Schedule
* FCFS vs. Value-based
Buffer Management

* Merge-and-Reduce (MR)

» Entropy-based selection
Reasoning Depth

«  Stepwise Verification (VoG)

*  Multi-round Annotation
Data Format

»  Structured vs. non-structured

Performance & Cost objectives

Throughput Target

Effective throughput 8.8x

Latency Constraints

TTFT (First Token)
P99 TBT (Subsequent)

Resource Budget

Limited GPU Memory usage
Human Annotation budget

Efficiency Metrics

Sample Ratio (30%-100%)
Token cost minimization
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- Autonomous Agentic Data Workflows

Evolving from static,
manual data preparation

Agentic Data Systems

. . [Config TuningJ (Query Opt.] [ Data CleaninglJ [ Data Integ.] [ Structured Data Analysis J [ Unstructured Data Analysis J
to dynamic, agent-driven (CSystem Diegnosis ) - || (_DataDiscovery ) -~ || "NCZSGLj  NCZVIS }{ TableOA i (__ReportGeneration )
. " . Data Management Data Preparation Data Analysis
data curation pipelines.
_______________________ y OpDataAgent 4
Human in charge Data Agent in charge
/ Level 5 >

Lel 0 Level 1

Level 2 Level 3

Level 4

Solo Integrating FOrohestrahng Overseemg Delegating None
& None Responder Prooedural Autonomous Proactive Generative
No Autonomy Assistance Partial Autonomy Conditional Autonomy ngh Autonomy Full Autonomy
; A Data Lake
@* * Ip.ql Structured Data Semi-structured Data Unstructured Data

i 0 @N-|| B L) - 1A G-

Documents Images  Videos

oxet e

Y. Luo, G. Li, J. Fan, and N. Tang. Data Agents: Levels, State of the Art, and Open Problems SIGMOD 2026 Tutorial
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- Multimodal and Spatial-Temporal Frontier

Expanding Al Data-Centric Multimodal ~ Data-Driven MLLM
capabilities to interact Spatial-Temporal Data Alignment for Reliable
with complex physical Curation Multimodal Reasoning

environments and the
digital Metaverse.

Multi-Modal Data Curation Multi-Modal Alignment

4

AL

WS

sal \
:T=5: Instruction — M-LLM - :T=5: Response
"II II' Pytl«on
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- Papers

SIGMOD:

VLDB

VLDBJ:

ICDE:

ICLR:

WWW:

1.Camel: Managing Data for Efficient Stream Learning. [SIGMOD’22]

2.SSIN: Self-Supervised Learning for Rainfall Spatial Interpolation. [SIGMOD’23]

3.Apt-Serve: Adaptive Request Scheduling on Hybrid Cache for Scalable LLM Inference Serving. [SIGMOD’25]

4.Skyline Retrieval meets Set-Cover Chunk Merging: A Cost-Effective RAG-Sketch for Long-Context LLM QA. [SIGMOD’26]

1.KBPearl: a knowledge base population system supported by joint entity and relation linking. [VLDB’20]

2.0penMEL: Unsupervised Multimodal Entity Linking Using Noise-Free Expanded Queries and Global Coherence. [VLDB’25]
3.LLMLog: Advanced Log Template Generation via LLM-driven Multi-Round Annotation. [VLDB’25]

4.Promptd4vis: prompting large language models with example mining for tabular data visualization. [VLDBJ’25]

5.Semantic Subgraph Matching and Graph-Aware Caching for Multimodal Retrieval-Augmented Generation [VLDB’26 Revision]

1.Effective Data Selection and Replay for Unsupervised Continual Learning. [ICDE’24]

2.Triple-d: Denoising distant supervision for high-quality data creation [ICDE ‘24]

3.AGRAG: Advanced Graph-based Retrieval-Augmented Generation for LLMs. [[CDE’26]

4 Efficient Zero-shot and Label-free Log Anomaly Detection for Resource-constrained Systems [ICDE’26]

1.VoG: Enhancing LLM Reasoning through Stepwise Verification on Knowledge Graphs. [ICLR’26]

1.Graph-based Online Retrieval Augmented Generation for Dynamic Few-shot Social Media Text Classification. [WWW’26]
2.Probe-and-Fetch: Dynamic KV Cache Pruning for Accelerated Long-Context Inference in Web-Scale Al Search." [WWW’26]
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- Team Members

Lei Chen Haoyang Li  Yiming Li

L 4.
e
‘K.

Yubo Wang Xinyi Zhu Wenxin Zhao Zuohan Wu Tianhao Tang  Fei Teng Shihong Gao
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