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A complex analyticapipeline

» A researcher wants to run a medical study comparing patient data from several sources
* The input contains PDF papers, images, genomics, and tabular data
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In Brief

McDermott et al. present the
proteogenomic analysis of prospectively
collected ovarian high-grade serous
cancer samplas and apprapriate normal
precursor samples under tight ischemic
control. They identity tumer-associated
signaling pathways and mitotic and
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cyclin-dependent kinases as key
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chromesomal instability.
Survival Signature
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= Gomparison of ovarian cancer and normal precursors

identifies key signaling pathways
= Mitotic and cyclin-dependent kinases emerge as potential
therapeutic targets
. ty hallmarks of status

and survival are confirmed

= Replication stress appears to drive increased chromosomal
instability
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A complex analytical pipeline

» A researcher wants to run a medical study comparing patient data from several sources
* The input contains PDF papers, images, genomics, and tabular data
 ..the linked datasets contain relevant as well as irrelevant tables
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/ =NODE_1_length_ 1481924 cov_ 73, 350687

ARMGTCTCCTCACGCAMACCOT TOT TGO T TROGTCACGOAAGATAACCTTGLCCAMAGGA A

o e

GCACTRODE T _Tength 1401924 _cov_73 350687 ! 1 Column name Column definition

TCOY ARAGTCTECTCACGEAMC CCTTETTGETTGOGTCACGOAAGATAM CTTGGECAAAGGA

AAGH GCACCTCTACCAGGGTCGTGANTGATCTGCTTAACATATCCACGOATCTGTCETTCACGT 2 SamplelD ID of the prospective partici

TTCT| TCOGAAGATCCAAAGCTCTAAGC TTGRCAGCTCCETTTC TCAGACGAGTGTGAGCGGTG L. . I

TTCT| ARGATGEAAC CAGCACCETTTCT TTGAGCACGAATARCTC TACCCATGTTGTGTTARTGT 3 [Clinical Clinical data availability

AGET| TTCTTGETGTAAGAGGACTTGARATTTTTTATTGGTTTTTTTTTTTGGRGAGTATGAGGG . R . e

Grar] TTCTT6T6T TCGGGGTTAACCC TAG TG T66TCACGTGLCTTATTGEGCARGCTGTGTG 4 Mutation Mutation data availability
AGGTATCATAAGGTGGTAGTTGAAAGG TACCT TATGLAACACT TCGTTAGGAAGGTGTCT - .

MO A TGATTAGAGTGGCGTAGGGT GAATGATTTAATTCTTCTTCG, . . v 5 CNV Copy number variation (CN

TUTALKODE_2_Length 1392447 cov_ 73, 757244 A
GTTA TGTACCTACTAGE TTGAAT AACARGTTTATCTTTGAGGAAAC TTGGTTTCAGAGACARNA B < > - A-Annotation B-ClinicalData
AL GTTAAGTACTTGACATTGGGAGL TAAGETTCTACATTGLTCCTCTCTGAMAGACTTCAMG ki | ——
ACTTACCATTTGOAAMCANGTGAGTTTGCATTAGTATCAMAAGE TTGGTATGATATAGET
A B C A B C D E A B C D

1 |Case_ID _ltumor_node tumor_sample_id_protein 1 Icase id age gender height weight 1 SamplelD Clinical Mutation CNV mi

D MR oROA  HbROdT FNCaL-00104 [58 [Male [188 [115 Slowooot A

4 11BR049 BRCA 11BR049-T 3 |C3L-00365 59 Female 162 54 4 01CO005 1 1 1

5 11BR023  BRCA 11BRO23-T 4 (C3L-00674 45 Male 193 102 5 01C0006 1 1 1

6 18BRO10  BRCA 18BRO10-T 5 |C3L-00677 69 Female 164 52 6 010008 1 1 1

< > Data_dictionary ~ Supplementary Table 1 < > README clinical_data cbttc | < > = A_Annotation B-ClinicalData
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A complex analytical pipeline

» A researcher wants to run a medical study comparing patient data from several sources
* The input contains PDF papers, images, genomics, and tabular data
 ..the linked datasets contain relevant as well as irrelevant tables
 ...the tables do not have the same schema

=

A B

AAAGTCTCCTEACGCARCCCTTCTTGRTTGOGTCACGEARGATAACE TTGCCCAAAGGA
GCACTROBE 1. Tengeh 1481824 cov. 73, 350687 T 1 Column name Column definition

/ =NODE_1_length_ 1481924 cov_ 73, 350687

TG ARAGTCTCCTCACGEAAMCCCTTCTTGRTTGOGTCACGEAAGATAMCCTTGRCCAMAGGA | &

AAGH GCACCTCTACCAGGGT CGTGANTGATCTGCTTAACATATCCACGGATCTGTCCTTCACGT T 2 SamplelD ID of the prospective partici

TTCT| TCGGAAGAGTCCAAAGCTCTAAGC TTGGLAGCTCCCTTTCTCAGACGAGTGTGAGCGETE f L . L

TTCT| ARGATGEANC CAGCACCCT TTCT TTGAGLACGAATAMC TC TACCCATGTTGTGTTAATGT g 3 [Clinical Clinical data availability

AGGT| TTCTTGCTETAAGAGGACTTGAAATTTTTTATTGGTTTTTTTTTTTGGGGAGTATGAGGE b1 . . AR

GraT| TTCTTGT6T TCGCGRETTAACCCTAGTGLTGGTCACGTGLC TTATTGGRCANGCTGTGTG 4 Mutation Mutation data availability
AGGTATCATARGGTGGTAGTTGARAGGTACE T TATGGANGAL TTCGTTAGGANGGTGTCT e

MO A TGATTAGAGTGGCGTAGGGT GAATGATTTAATTCTTCTTCG, . . v 5 CNV Copy number variation (CN

TGTA.NODE_2_length_1392447_cov_73. 757244

GTTH TETACCTACTAGE TTGARTAACAAGTTTATCTTTGAGGAMAC TTOGTTTCAGAGACARM

ACTI| GTTARGTACTTGACATTGGGAGE TAAGCTTCTGEATTGETCETCTCTGAAAGACTTCAAG
ACTTACCATTTGOAMCANGTGAGT TTGEAT TAGTATCAAMAGGTTGGTATGATATACGT

o =
A~

> == A-Annotation  B_ClinicalData

amplelD Clinical Mutation CNV

D E
age gender heig i

tumor_code tumor_sample_\

e oL 30104 oo ale 135 11 A, e
4 11BR049  BRCA 11BRO49-T C3L-00365 59 Female 162 54 4 010005 1 1 1
( s 11BR023  BRCA 11BRO23-T ) C3L-00674 45 Male 193 102 5 |01C0006 1 1 1
6 18BRO10  BRCA 18BR010-T C3L-00677 69 Female 164 52 6 01C0008 1 1 1
> README  clinical_data > A-Annotation B

wimonary Supplementary Tahle/
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A complex analytical pipeline

* A researcher

* The input In the original StUdy

gy  data curation took 66 authors!

everal sources

/_ \ /_ - _\
case_submiage_at_di: ajcc_path: ajcc_path ajcc_pathi ethnicity gender morphology tissue_or_organ_of_origin tumor_focality tumor_grade tumor_largest vital_status
L-00977 20440 pN1 Stagelll pT1 not Hispanic or Latino Male Squamous cell carc Oral cavity Unifocal G1 Well differentiated 1.2
L-00987 22265 pN1 Stage lll pT2 not hispanic or latino Male Squamous cell carc Tongue Unifocal G2 Moderately differentiated 40
L-00994 15250 pNO Stagell pT2 unknown Male Squamous cell carc Oral cavity Unifocal G2 Moderately differentiated 3
L-00995 20454 pN1 Stagelll  pT2 unknown Male Squamous cell carc Buccal mucosa Unifocal 51 Well differentiated 4 Mormal
L-00997 17155 pN1 Stagell pT2 not Hispanic or Latino Male Squamous cell carc Oropharynx Unifocal G2 Moderately differentiated 40 Normal
L-00995 20454 pMNO Stagell  pT2 white Male squamous cell carc Floor of mouth Unifocal 51 Well differentiated 2.2 Normal
L-01138 22630 pN1 StagelV pTda not Hispanic or Latino Male Squamous cell carc Larynx Unifocal G1 Well differentiated 60 Deceased
L-01237 20805 pN2 StagelV  pT2 unknown Male Squamous cell carc Floor of mouth Unifocal G2 Moderately differentiated 40 Deceased
L-02617 23360 pNX Stagell pT2 black or african american Male Squamous cell carc Larynx Unifocal 53 Poorly differentiated 60 Deceased
L-02621 24820 pNX Stagel  pTl black.or.african.americar Male Squamous cell carc Larynx Multifocal G3 Poorly differentiated 0.6 Living
L-02651 29565 pNX Stagell pT2 black.or.african.americar Male Keratinizing Squam Larynx Unifocal G2 Moderately differentiated 2.5 Living
L-03378 19710 pN2c StagelV  pT4a White Male Squamous cell carc Oral cavity Unifocal G2 Moderately differentiated 1.8 Deceased
s R

w > Data_dictionary SupplcrmntaryTahlﬂy w > README clinical_data CW &( > e A-Annotation B-CIinicaIDay
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Our Vision

Are there genetic factors that affect the relapse

probability of lung cancer?

A B C D E |
1 A B C D E
2|1 [case_id age gender height weight
3|2 [C3L-00104 58 Male 188 115
4|3 |c3L-00365 59 Female 162 54 i
5|4 |C3L-00674 45 Male 193 102 Multlqual
|5 |c3L-00677 69 Female 164 52 Analytics
I R README  clinical data  cbttc_ System

>NG_008679.1:5001-38170 Homo sapiens paired box 6 (PAX6)

AFFCTCTTTTC?%%W@%; GCTGTCAGATCT
GCCACTTCCCC g:[\:?gt((mscr,tm((nnrmmnnmu(u@mcm}m(mnncmﬂgﬂ [CTGCCTCCCCGC
Cell e s 1 Tength 14@152s. cov. 3. 100647
A pro ic portrait of lung cell reccrnacaan] moY ARAGTCTCCTCACGCARACCCTTLT TGETTGGGTCACGEAAGATAACCT TEGLCANAGGA
o TrerTe| GCACCTCTACCAGGGTCGTGAATGATCTGCTTAACATATCCACGGATCTGTCCTTCACGT
el Ko TGCCCRETCTEC aggrat] TCOGAAGAGTCCAAAGLTCTAAGCTTGGLAGL TCCETTTCTCAGALGAGTGTGAGLGGTG
» el Reports CGRGCTCGGAGTAY 6 M ANGATGGAACCAGCACCLTTTCTT TGAGLACGAATAACTCTACCCATGTTGTATTAATGT
] g"ﬁﬂ:M dicin GGAGETGGEGAC] yrnce] TTCTTGETGTAAGAGGACTTGAMATTTTTTATTGGTTTTTTTTTTTGGGGAGTATGAGGG
el RdlViedicine rcceracceee]oras TTCTTOTG T TCRLEGET TAACCCTABTGCTGETCALGTECCTTATTGOGCANGCTGTGTG
i ization of Ovarian HGSC GeGGTTGCARAG KT AGETATCATARGGTGGTAGT TGAMAGGTACCTTATGGAAGAC T TCGTTAGGAAGGTGTCT
Implicates Mitotic Kinases, Replication Stress in GTATGATTAGAGTGGCGTAGGGTGAATGATTTAATTCTTCTTCG. ... . Study cohort (n =55 of 65)
/ Q. Observed Chromosomal Instability >NODE_2_length_1392447_cov_73.757244
| %%/\.,7‘ Graphical Abstract Aathors TGTACCTACTAGCTTGAATAACAAGTTTATCTTTGAGGAMCTTGGTTTCAGAGACAAAA
| T o S MeDett. Orame A Anhad, GTTAAGTACTTGACATTGGGAGCTAAGCTTCTGCATTGCTCCTCTCTGAMAGACTTCAAG :
‘\g WMM:F};_;»M ACTTACCATTTREARAL AAGTGAGT TTGLATTAGTATCAAMNGGTTGGTATRATATAGGT 100 —L— p53 missense
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M U Itl I I lOd aI / \na Iytl CS MMInA Benchmark Leaderboard
* Analytical workloads I o
¢ Large data inpUtS GPT-40 (w/ memory) 20/02/25 Multimodal . 14.36 - 27.4 17.8
° Complex data relationships Gemini-Pro-Vision (w/ me... | 15/03/24 Multimodal 14.27 392 239
« Heavy computation loads erammmanon s | e B vs | WaE|
Gemini-Pro (w/ image ca... | 15/02/24 Text 12.38 30.1 111
GPT-4 (w/o image caption) | 15/01/24 Text 12.26 14.4 30.6
- OLAP systems for relational data sensutrostom s | e (§ v QSR s
* Require data engineering AND domain expertise
* Rely on predefined schemas
« Do not generalize across workloads Overall
e OA(%) SA(%) AVG CS(%) |
Tool-Free
° in_ od-mini-high 7.14  3.13 13.67
Agentlc baS.ed SyStemS ) od-mini 5.36 2.23 12.41
* Not quite work yet for multimodal data [1,2] GPT-4.1 750 536 14.68
. . . GPT-40-2024-11-20 1.34 0.45 4.63
» Cost, time, and quality (!) uncertain GPT-4o-mini 0.89  0.00 1.47
Gemini-2.5-Pro-Preview-05-06 6.31 4.50 11.56
Gemini-2.5-Flash-Preview-05-20 2,70 2.25 8.57

. . . . . . L. Table 1 Performance on MM-BrowseComp.
[1] Tian, Shulin, et al. MMInA : Benchmarkingmultihop multimodal internet agents." Findings of the ACL2025.

[2]Li, Shilong, et al. "MM-browsecomp: Acomprehensive benchmark for multimodalbrowsing agents." arXiv preprint arXiv:2508. 1318620 25
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A Graphical Agenda

KramaBench
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i | Natural | PalimpChat
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Semantic Applications Palimpzest

Al and Agentic Methods
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Infusing LLM with knowledge

» The pretraining phase infuses LLMs with world knowledge
 Calledparametric memory since it's implicitly within the model neural parameters
» This knowledge can be used to answer questions

* Why not use parametric knowledge for QA?
* Answer requires data more recent than preraining (expensive/impossible to rerain)
« Answer requires private data
* LLM might hallucinate or give unrealistic answer
« Grounding answers on facts

 |dea: compound parametric knowledge with external, nomparametric knowledge

Agentic Data Systems and Multimodal Analytics L



RAG—Retrieval Augmented Generation

 RAG-Retrieval Augmented Generation
« Use a Dense Vector Representation to encode input query (x) and documents (z)
* Inner vector product (e.g., cosine similarity) to rank documents
» Populate context of generator model with relevant evidence

B e
End-to-End Backprop through q and pg
ﬂ)uery Retriever P Document Generator pBN
Encoder (Non-Parametric) ndex (Parametric)
d(z)

24

q(x)

. 23~ Margin-
-
_ _ PR 22 alize
Z:f.-:ne middle - MIPS P = 'y Z4 L The middle ear
(x) T Agmms ~— includes the tympanic
X — \_/\ cavity and the three
Question Answering: A ossicles (y)
Question Query i .
~ Question Answering:
| \ * Answer Generation
N )

[3] P. Lewiset al, ‘“Retrieval-augmented generation for knowledge-intensive NLP tasks,”in Proceedings oNeur/PS.2020
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Agentic Retrieval

* Some questions require 'reasoning', e.g., mathematical problems
* Abreakthrough technique was the introduction of Chain-of-Thought prompting [4]
* Main idea: leverage fewshot examples ofeasoning traces to prompt models to "reason”

» Other questions require both reasoning AND information retrieval
 |dea: interleave reasoning with retrieval, in a stefpy-step pipeline: ReAcT[5], FLARE[6]
« E.g., "How many rooms are in the hotel that is home to the Circus show Mystere"
« Search query depends on intermediate results (first find which hotel, then room info)

[4] J. Weief al, “Chain-of-thought prompting elicits reasoning in large language models,”in Proceedings of NeurlPS2022.
[5]S. Yao et al, “ReAct: Synergizing Reasoning and Acting in Language Models,” Proceedings of ICLR2023.
[6]Z.Jiang ef al, “Active Retrieval Augmented Generation,”in Proceedings of EMNLFP2023.

Agentic Data Systems and Multimodal Analytics




ReAct: Reason then Act

: : : Actions
* ReAct: Reasoning + Acting with LLMs /—\
» Purely promptbased technique (with incontext Reasoning /—\
examples) Traces LM Env

* Three traces: 1. thought 2.action and 3. observation ‘\_/ v

» Actions may be API calls, observations are the outputs
« Reasoning stops after fixed number of steps

Observations

ReAct (Reason + Act)

* Two approaches
* Prompting: use 36 few-shot examples

* Finetuning: use 3000 training samples

[5] S. Yacet al, “Re Act: Synergizing Reasoning and Acting in Language Models,” Proceedings of ICLR2023.
Agentic Data Systems and Multimodal Analytics L



FLARE: Active Retrieval

Search results: D,
[1]: search results: Dy,

 FLARE: Forward Looking Activ&Etrieval L2 E} Search results: D ~_
« Generator decides "when" and "what" to retrieve (1) Q

* Both are dynamic based on intermediate outputs i
* When to retrieve:

« If the answer lacks confidence (low logits)
* What to retrieve:

« Based on current outputs ("Forward") and not
on previous generations

Retriever

X Generate a summary about Joe Biden.

Input

Y1 Joe Biden attended

q2 [Search(Joe Biden University)]

¥z the University of Pennsylvania, where he earned

43 [Search(loe Biden degree)] -—/qg

Y3 alaw degree.

» Black box models: use prompting

» White box models: use logit activations

[6] Z. Jianget al., “Active Retrieval Augmented Generation,”in Proceedings of EMNLP2023.

Agentic Data Systems and Multimodal Analytics




What naive RAG looked like....

Generation

Inclexing Retrieval
a )
2 {_J\"
| < \
Question = —_— - _ . E — Answer
! |
Il’tﬂte.)f Re[ern‘t alocume_ﬂt o

]

boﬂumeﬁts

. _J

Source: RAGrom Scratch, Lance Martin: https://docs.google.com/presentation/d/1C9laAwHoWcc4RSTgpCoN3hOnCgqV2JEYZUJunv_9Q
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I l‘\de)dr\&

P —— T —————————— " - N

’ ~
! Chunk Optimization Multi-representation indexing Specialized Embeddings Heirachical Indexing )
— Summaries 1
] —
Charecters e. Sphts =) 1
( Q o P El = e s B) 7
) —‘ > Sections =4 == Summary —> =| 7 Cluser | E |
EEE y y PRRRLLE *'”»sm-c —9 [8:1, .1 E o g ~N :
: ' Delimters ] = B '
: 2 1
H : Semantic Splitter | Parent Document, Dense X Fine-tuning, ColBERT RAPTOR :
. ( ¥ / v Pt 5
. . Optimize chunk size Convert documents into compact Domain-specific and / or Tree of document summarization |
Rela‘t-om| DRs GPAPMDBS Ve_c.'toc‘DBs . | used for embedding retrieval units (e.g., a summary) || advanced embedding models at various abstraction levels 1
— — : e e I e e S RN S S - - e
Question e-@—) o Question %@——) Question —)-@—) “ Retrieval Generation
SUCIE o - : . - - --
— : ,——-------‘- ----------------- -~ ’——-"-- S ==
Text-to-SQL Text-to-Cypher Self-query retriever . f B Raviing e ! l Active retieval |
Natural language to SQL Natural language to Cypher Auto-generate metadata . ' ) e _l ! = \
and/or SQL w/ PGVector query langugage for GraphDBs -]:j_ltegs from query E ] Quethicy E;@ Eclevance g @"g . : @9 Q @ e :
. | ' ! ]
Qu e.f‘y 'T'r‘ansla‘tion E Re-Rank, RankGPT, RAG-Fusion CRAG i : M/ :
. 1 Rank or filter / compress documents based on relevance ; ] [l
’_-------;----{------------------—\ . ' : ' Self—RAG, RRR :
t Psuedo-documents : ! = [
i Query Decomposition 2 = \ | Actie retieval CRAG || Use generation quality to inform :
I Quest: — —=>Sub/! -back ionls) uestion —= - ] A question re-writing and / or
1 tion @ Step quests Does s @_)': 'I : i . = : : re-retrieval of documents !
I— _|Il ] ‘ Ize—retne;; azd / or resr;ve from new data so{u'ces ) 9 Vi
. - .g., W i triev t t t L I
: Multi-query, Step-back, RAG-Fusion HyDE : W o s iyl A g
l Decompose or re-phrase the input question Hypothetical documents | szph DB : E E
\--——------.-----------------—--—-- : -
1 .
1 ﬁ r
Questuon é O —*O —; ~,
]

DR / Documents

Vectorstore

Source: RAGrom Scratch, Lance Martin: https://docs.google.com/presentation/d/1C9laAwHoWcc4RSTgpCoN3h0nCgqV2JEYZUJunv_9C

%
d

®

;

Let LLM choose DB based Embed question and choose
on the question prompt based on similarity

{ \
(] [
p
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Semantic Applications

import palimpzest as pz

papers = pz.Dataset("medical-pdf", schema=ScientificPaper)

table urls = papers.map(pz.URL, "The URLs of the XLS tables from the page", "one-to-many")
table urls.download()

patient_tables.filter("The table contains patient biometric data")

patient tables

patient tables

case_data = patient tables.map(CaseData, desc="The patient data in the table", "one-to-many")

* Building data pipelines
* Semantic: use naturallanguage
* Declarative: what not how
« Automatic optimization

Agentic Data Systems and Multimodal Analytics



Introducing Palimpzest

« A programming language that offers
semantic operators as primitives

« Support for an (extensible) large number of
under-the-hood operator implementations

» Optimize for the fastest, cheapest, or
highest-quality implementation (or
combination!) *A palimpsest is a physical document that has

been erased and rewritten multiple times, just as

our system rethinks and revises the best
 Declarative benefits: if models or prices or implementation

hardware change, it will choose differently
[7] C. Liuet al.,“Palimpzest: Optimizing AFPowered Analytics with Declarative Query Processing,” Hroceedings of CIDR2025.

Agentic Data Systems and Multimodal Analytics




Inputs

(% Optimization Inputs
Objective
) - =

System Architecture

e Main workflow:

papers = pz.Dataset(...

 Users write declarative programs Eatiant tablec & patient, tables. FAItan..

case_data = patient_tables.map(...

Agentic Data Systems and Multimodal Analytics Gerardo Vitagliano Slide 23




Inputs

(g) Optimization Inputs
Obijective
(o A =

System Architecture

e Main workflow:

papers = pz.Dataset(...

 Users write declarative programs Eatiant tablec & patient, tables. FAItan..
case_data = patient_tables.map(...

« Compile logical plans

« Enumerate possible physical plans Logical Plan Physical Search Space

Agentic Data Systems and Multimodal Analytics




System Architecture

e Main workflow:

Users write declarative programs
Compile logical plans

Enumerate possible physical plans
Estimate the cost, quality, and latency
Choose the (pareto) optimal plan

Agentic Data Systems and Multimodal Analytics

Inputs

&

Optimization
Objective

InEuts

papers = pz.Dataset(...
table_urls = papers.map(...
patient_tables = patient_tables.filter(...
case_data = patient_tables.map(...

Logical Plan Physical Search Space

M_A1

M_A2

- M_A3

(IEENEEN =N

=
e

M_B1

M_B2

.| m B3

Per-operator cost estimates

0.95
0.75
0.78
0.31

$0.001
$0.003
$0.540
$0.070

0.0001s

0.0003s

4.5036s

1.15210s

Final Plan

Scan

Map A2

Map_B1




Inputs

(g) Optimization Inputs
Obijective
= =

System Architecture

e Main workflow:

papers = pz.Dataset(...

 Users write declarative programs e 5 e A e
case_data = patient_tables.map(...

« Compile logical plans

« Enumerate possible physical plans Logical Plan Physical Search Space

Estimate the cost, quality, and latency

IEEEEE EEN

Choose the (pareto) optimal plan

=
e

« Example: physical implementations fomap: MB1 | MB2 ... MB3
« Single LLM prompting Per-operator cost estimates Final Plan
« RAGbased reduction of context

=Tl 0.95 $0.001  0.0001s Scan
$0.003  0.0003s Map_A2

(VET Y $0.540  4.5036s
Map_B1

PR 075

D 0.78

* Main challenges: 0.31 $0.070  1.15210s
« Cost, quality, runtime estimation

» Mixture of Agents

» Search space is combinatorial!

Agentic Data Systems and Multimodal Analytics




Cancer Cell o
Insights: Abacus Cost Estimation e a—
| i
Logical Plan 3 [y & NS

[8] M. Russo et al., “Abacus: A CeBlased Optimizer for Semantic Operator Systems,”, RVLDE 2026
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Insights: Abacus Cost Estimation

Sample j inputs

Logical Plan
N T Sample k physical operators
\
\
\
\\
\
\

[8] M. Russo et al., “Abacus: A CeBlased Optimizer for Semantic Operator Systems,”, RVLDE 2026

Agentic Data Systems and Multimodal Analytics Gerardo Vitagliano
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Insights: Abacus Cost Estimation

Logical Plan

N \ 4 \ 4
\\ Map_ A2 Map_ A3 Map_ A4 - \ETOAN

\ Quality: Quality: Quality:
> [1,01] [1,1,1] [0,0,1]
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Insights: Abacus Cost Estimation

==

— (LCB, mean, UCB)

(0.83, 1.00, 1.00) Map_A4
(LCB, mean, UCB) T

\ 4

(0.5, 0.67, 0.85) Map_ A3

—— (LCB, mean, UCB)
(0.16, 0.33, 0.50)

Max Quality

1. Estimate confidence bounds for each metric of interest & operator
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Insights: Abacus Cost Estimation

Max Quality

Ly g 43

— % (LCB, mean, UCB)
(0.83, 1.00, 1.00)

(LCB, mean, UCB) "=~~~ 7~ T v
(0.5, 0.67, 0.85) m

—— (LCB, mean, UCB)
(0.16, 0.33, 0.50)

Estimate confidence bounds for each metric of interest & operator
Find pareto optimal operators based on mean

Remove operators outside of pareto boundaries

Select new operator to sample (until budget exhausted)

BN~

Agentic Data Systems and Multimodal Analytics




Experimental results e i
=t GPT-4—>o_
« Goal of our experiments: § 4 *°l e PLAN

 Can we produce optimal plans? 2 e o o

. (] @ R’ -
« Can we estimate and choose the correct plan? " e4-—-—--——"9-0°
0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50 0.55
« Can we respect user preferences? F1 Score
(Max Quality) | Quality Total Cost ($) Total Time (s)
« Effect of constrained optimizations BIODEX | Q261006 089 w011 430+ 47
0.662 = 0.010 0.69 + 0.05 450 = 67
MMOQA 0.304 + 0.079 13.10 + 10.6 1,149 + 300

* Minimizing time: ~ 1.5xlower runtime

(MinCost) | Quality Exec. Cost ($) Reduction

* Minimizing costs: ~ 2.52x lower cost

BioDEX 0.21 +0.02 $0.28 + 0.10 2.50x
. . CUAD 0.05 +0.02 $0.12 + 0.01 4.25x
* Due to stochastic nature, not always wins MMQA | 0314005 $160497  081x

(MinTime)| Quality Exec. Time (s) Reduction

* Room for future work adding rules/implementations!

Agentic Data Systems and Multimodal Analytics

BioDEX
CUAD
MMOQA

0.21 £0.03
0.10 £0.05
0.28 £0.07

128 + 50
55+ 18

540 = 382

1.15x
2.4x
1.02x




A Graphical Agenda

KramaBench [ Y Natural )
SemBench Benchmarks Language
Interfaces

c N

Semantic Applications

Al and Agentic Methods
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HOTPOTQASA8BC4695542995E66 A47502
How many films she acted who was in lead role of Siva“

e Siva (1989 Tamil film), a film starring Rajinikanth as the title character

e Siva (1989 Telugu film), an action film

Cast [edit]

Rajinikanth as Siva (Tiger)

Raghuvaran as John

Shobana as Parvathy
In a career spanning over four decades, Shobana has

Sowcar Janaki as John's mother

starred in 230 films across several languages.!”l8] She has

Agentic Data Systems and Multimodal Analytics



BEERQAO0 1887248 C0 C595E79 BDF235F51CEB8 6 D8 CD4 ADF7
For a role in what okay did contestants compete in the

2007 reality show based out of the united kingdom?

Any Dream Will Do, is a 2007 talent show-themed
television series produced by the BBC in the United
Kingdom. It searched for a new, unknown lead to play
Joseph in a West End revival of the Andrew Lloyd Webber
musical Joseph and the Amazing Technicolor Dreamcoat.

Agentic Data Systems and Multimodal Analytics L




MMQA: 26 7IEDE0 DC2966D8169366 64172BFASE
Was East Carolina University or the school where

Richard Lindzen worked when he proposed the iris
hypothesis the institution that was a conference chair
of SIGDOC first?

Conference Chairs

Year Name Institution Location

A Michael Massachusetts Institute of Cambridge, Massachusetts,
Trice Technology United States

2015-2014 Kathie I State Uni ity (ISU) A I United Stat

- owa State Universi mes, lowa, United States

Gossett / BO N usl
Michael Greenville, North Carolina, United '

2013 Alb East Carolina University Stat IT S WRONG'

ers ates
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BEERQA4C51937064C2E67763812065211BD750 BB45E9El
What ways can god interact with the universe?

Agentic Data Systems and Multimodal Analytics Gerardo Vitagliano Slide 38



BE
Wh rse?

Are we really sure we want to ask the Al this question?

Agentic Data Systems and Multimodal Analytics L



\We need better benchmarks!

« Realworld data science icomplex:
» Data sources are multimodal, noisy, ambiguous
« Domain knowledge might be required
* |t requires whole processing pipelines

« But popular benchmarks evaluatdso/ated tasks
* ExData Discovery, Coding, NL2 SQL, ...

* Our goalisto have encompassing benchmarks!

Agentic Data Systems and Multimodal Analytics Slide 40




Realworld data science

Task What is the median number of
variants perMbp for the serous tumor
samples in the study? Round the
result to 4 decimal

places.

A B ] D E

; A B C D E

3 1 Icase id age gender height weight
Cell 4 2 |C3L-00104 58 Male 188 1156
el Medicine - | 3 |c3L-00365 59 Female 162 54
e e e i oC ~ I 4 |C3L-00674 45 Male 193 102

‘Observed Chromosomal Instability < 5 CaL_OOGT? 69 Fema |e 1 64 52
< > README clinical_data cbttc |

=NODE_ 1. length 1491924 _cov_73, 350687
AMAGTCTCCTCACCCAARCCCTTCTTERT TRGGTCACGGAAGATAACCTTEGLCAAMGGA

GCACC

TG >NODE_ 1 length 1491924 _cov_73, 350687

ANGRT| ARAGTCTCCTCACGUAMCCCTTCT TGGTTGRGTCACGEAAGATAACCTTGGECAMGGA
GCACCTCTACCAGGGOTCGTGAATGATCTGCTTAACATATCCACGGATCTGTCCTTCACGT
TCGGAAGAGT CCAARGCTCTARGCTTGGCAGCTCCCTTTCTCAGAL GAGTGTGAGLGGTG
ANGATEGAA CAGCACCCTTTCTTTGAGEACGAATARCTCTACCCATGTTGTGTTAATGT
TTCTTEETGT AAGAGGALTTGAMTTTTTTATTGGTTTTTTTTTTTGOGGAGTATEAGGG
TTCTTGTGLTTCGLGEGT TAACCCTAGTGLTGRTCACGTGCCTTATTGLLCAAGLTGTGTG

AGGTATCATAAGETGGTAGTTGAMMGETACCTTATGEARGACTTCGTTAGEANGETGTCT
GTATGATTAGAGTGGCGTAGGGTGAATGATTTAATTCTTCTTCG. . .. ...
»NODE_2_length.1392447_cov. 73, 757244
TGTACCTACTAGCTTGAATAACAAGT TTATCTTTGAGGRAACTTGGTTTCAGAGACAA
GTTAAGTACTTGACATTGGGAGCTAAGCTTCTGCATTGETCCTCTCTGAAAGACTTCAAG
ACTTACCATTTGOAANCANGTOAGTTTCEATTAGTATCAAMAGGTTGOTATOATATAGG]

Agentic Data Systems and Multimodal Analytics



Introducing KramaBench

Archeology

» Goal: evaluateautomation of data science pipelines
Astronomy

Biomedical
» We collected data from 6 challenging domains

« >100 pipelines reproducing published studies

Environment

Legal
« Each pipeline is broken into suttasks Wildf
narire
* The tasks span ~1700 real world data files
Overall

» We provide reference solutions
» Verified by external contributors
* Annotated into key functionalities/subtasks
« Enable evaluation of planning vs. execution

[10] Vitagliano et al., “KramaBench: A Benchmark for Al Systems on Data Intensive Tasks, Piaceedings of ICLR2026

Agentic Data Systems and Multimodal Analytics

12
9
20
30
21
104

68
38
148
188
120
633

7.5 MB
1556 486MB
7 175 MB
37 31 MB
136 1.3 MB
23 1GB
1764 1.7GB

KRAMABENCH




Systems Under Test

* We tested three families of systems with multiple LLM backends
« GPT family (03, 40), Claude 3.5, Llama33 DeepseekR1
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Systems Under Test

* We tested three families of systems with multiple LLM backends
« GPT family (03, 40), Claude 3.5, Llama33 DeepseekR1

 Naive single-agent baselines
* One-shot pass
« Sampled contents of the data lake

DSGURU

Agentic Data Systems and Multimodal Analytics L



Systems Under Test

* We tested three families of systems with multiple LLM backends
« GPT family (03, 40), Claude 3.5, Llama33 DeepseekR1

* Naive singleagent baselines
* One-shot pass
« Sampled contents of the data lake

* Robust single-agent baselines
« Fewshot debugging/iterating
 Full contents of data lake

DS-GURU Il
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Systems Under Test

* We tested three families of systems with multiple LLM backends
« GPT family (03, 40), Claude 3.5, Llama33 DeepseekR1

* Naive singleagent baselines
* One-shot pass
« Sampled contents of the data lake

* Robust singleagent baselines
« Fewshot debugging/iterating
 Full contents of data lake

» Deep Research and Multi-agent baselines
« Reflection and planning loops
» Access to web search and tools

Agentic Data Systems and Multimodal Analytics h

smolagentsReflexion



Pipeline design easier than implementation

 Best systenonly obtains 52.2% endto-end accuracy

 Single-shot LLM fail on most tasks
* Fewshot show improvements

» Multi-agent reflection approaches SOTA

* Pipeline design is easier than implementation
» Models identify required steps but can't solve them

« Domain-specific knowledge, e.g., data cleaning

T Avg.
Baseline End P[;p:::lnne SCUO%?SK Runtime /
9 9 Task

DS-Guru 9.64% 40.60% |12.95% |0.54 min
DS-Gurull §22.08% §41.58% [19.75% }|0.76 min
) smolagents | 50.64% §42.14%*|14.23% |6.10 min
OpenAl
Deep — — 10.35 min
Research
Human 71.07% |64.00% | 4.36 min
Experts

Agentic Data Systems and Multimodal Analytics
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SemBench

« We target semantic systems that optimize for processing large workloads
» Different from KramaBench, we assume the query implementation is provided

» Goal: evaluateefficient multimodal queries SEMBENCH
« Focus on solutions witmax quality and minimum cost
« Benchmark comprises 6 multimodal scenarios (text, image, tables, audio)
* We formulate 61 "Alpowered" queries

SELECT Patient ID WHERE :
Al('The patient is sick according to the symptoms.’) ON Text description of symptoms
Al('The patient is sick according to the audio.') ON Lung Audio
Al('The patient is sick according to the X-ray image.') ON X Ray Image
Al('The mole or skin patch is malignant/sick according to the image.’) ON Skin mole Image

[11] J. Lao, et al.SemBench A Benchmark for Semantic Query Processing Engineé/fider revision 2026.
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Systems Under Test

» We evaluated multiple semantic query processing engines
« LOTUS, PalimpzesfThalamusDB GoogleBigQuery
 Backend LLMs: Gemini, GR4o mini, GPT5
« Assume default configurations for systems

* Measurements
» Relative error and F1 score
« Execution time, monetary costs, memory consumption

» QOverall score: a system “wins” on a query if it's better than others
« We allow a given tolerance

Agentic Data Systems and Multimodal Analytics




Semantic joins dominate costs

—e— BigQuery  —=— LOTUS —— Palimpzest = —&— ThalamusDB
» General results:

_ _ Execution Time Monetary Cost
® NO Slngle SyStem Supports all querles 60 _:::::::::::::::::::::::::: 60 o e S e
w0
. . ﬂ T AA—A
« Large cost and quality variance SR L T g [roessessa s s
oy 45 A -~ _e—b=o=0=¢ o= O== === P=#=4=0=0=4=
o /A“ ,0-0-0“ & P ’-’/' ."I—I—I
5 ' A 30 {7 g
« System performances: ] 30 / _a-aagenat”® A e
. . . . . g /‘/;}=’ 5 ; ’.,l /"A/‘/
* Multimodal join queries dominate cost and are the Z 15 ﬁg'.' ]:{,,.»-‘
least supported o 1o 300 o 130 300
» LIMIT queries are unoptimized (only postprocessing) Tolerance (%) Tolerance (%)
» Reasoning is costly but not effective :
Quality
60 _:=::::::::::f::::::‘if===?
* Open challenges: 50 --_7{‘_’____",.,?:_:_:;;;::::._-;._}:
. . . . . I ap- o PRI S
« Adaptive LLM invocation and queryplan optimization w0/ £
. . . . A .-I A ""‘¢
- Balancing accuracy and cost for multimodal joins 30 -.%.""
20 4

0 20 40 60 80 100
Tolerance (%)
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A Graphical Agenda

i o 'f Natural " PalimpChat
enchmarks anguage -
Interfaces Caravagglo
ra N

Semantic Applications

Al and Agentic Methods
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A data programming assistant

« Domain experts != coding experts
* The less new tools, the better
* Quick prototyping and debugging

» Designing a chat/notebook based copilot
» A custom notebook frontend (based on Jupyter)
* A coding assistant agent (based on ReAct)
* A backend for data workloads (Palimpzest)

* The combination enables a new way to code data pipelines

[9] C. Liu et al., "PalimpChat: Declarative and Interactive Al analytics". I6ompanion of SIGMOL0?2025
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From ReActive to Proactive

Agentic RAG
Workflows

Reasoning
Agent

Ex: What was the revenue in sales
in 2020-2025 for
red sports cars and black trucks?

Rewriting

Top-K
Retrieval

Answer
Generation

Ex: [THOUGHT] | need to find the
revenue in sales for red sports
cars from 2020 to 2025.

[ACTION] Search[revenue red
sports cars 2020-2025]

1. “sports cars generated $1.1M in
2020, $1.2Min 2021..."

2. “..Porsche Carrera models 911
comes in red color"

3.“..[IMAGE] ..."
[OBSERVATION] Evidence about
sport cars report a revenue for
2020-2025 total = $6.8M.

Ex: Red sports cars sales 2020
were reported to be $6.8M, while
black trucks stood at $10.4M, ...

Agentic Data Systems and Multimodal Analytics

Analytical RAG
Workflows (Our Vision)

Reasoning
Agent

Logical
Query Plan

( Retrieval \
Strategies

Join
Strategies
Strategies

\Q >

[

Execution

Agent

Ex: What was the revenue in sales in
2020-2025 for red sports cars and black
trucks?

Ex: [THOUGHT] There are three datasets:
product listing, images and sales tables.
[ACTION] Read[sales.csv]
[OBSERVATION] Fields in the table do not
include car type (sports).

Ex: FILTER sales.csv (date in 2020,2025)
FILTER listings (type == sports car)
COMBINE listings, sales (car model)

Ex:TABLE_SCAN(sales,date’, '2020-2025")
DENSE_RETRIEVE(listings, 'sports car')
SEM_JOIN(listings, sales, 'car model')

Ex: [{red_sports_cars,2020,1.22M},
{black_trucks,2020,5.13M},
{red_sports_cars,2021,2.12M}, ... ]




A Graphical Agenda

KramaBench
SemBench

¥ Claude @

(&) Genin

i " Natural A
Benchmarks Language
Interfaces

ra N

Semantic Applications

Al and Agentic Methods
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Open Challenges

* Logical Query Planning:
« How to derive a program from natural language sentence and unstructured data?
« Challenges:
* No fixed operators
* No fixed schema, missing join keys
« Ambiguous query intent

 Query-driven indexing

» How to optimize the choice of chunking and indexing strategies for unstructured data based on
the characteristics of a logical query plan?

« Challenges:
« Balance indexing costs
* Infer attributes from context

Agentic Data Systems and Multimodal Analytics




Open Challenges

 Native multimodal support: Multimodal
« How to unify retrieval across heterogeneous Query
modalities (text, image, audio, video)?

« Challenges:
 Alignment of modality-specific embeddings

______________

« Avoid mode collapse M1 M2
« Semantic joins: v v . v .
* How to design and optimize joins operations over [TTITTTN P— |' :
[T]
unstructured data? EEENEEE, T

] []
« Challenges: '| '| '| '| '| || I| L/fﬂl [T |||
(]

* Noisy join attributes 1 1
» Avoid combinatorial costs or crosgroducts

Agentic Data Systems and Multimodal Analytics
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