Gl

ICDE 2026

MODEL LAKE MANAGEMENT

Renée J. Miller
Canada Excellence Research Chair in
Data Intelligence

w UNIVERSITY OF FACULTY OF

A@\ WATERLOOQO | matHeMATICS

DATA
INTELLIGENCE

LAB %

WATERLOO

D55

Data Systems Group



Outline

» Data Lakes

« Difference from DBMS
= A bit of history

= Major influential innovations

» Model Lakes
« What are Model Lakes

= Why do Model Lakes need data management?
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DBMS/Data Warehouse World

= Climate NGO tracking UK Greenhouse gas emissions

Districts District Populatio Unemployment Avgincome

Amersham 100 Low 80

Barnett 200 High 75

Chesham 205 Medium 95

City of London 5500 Medium 200
LondonEmissions BuckinghamshireEmissions
Fuel Type District Sector KWh Fuel Type District Sector KWh
Electricity Barnett Domestic 62688 Electricity Amersham  Domestic 62688
Gas Barnett Domestic 206438 Oil Amersham Domestic 206438
Diesel City of London Transport 2730044 Electricity n Chesham  Transport 2730044
Oil City of London Domestic 430078 Oil Chesham  Domestic 430078
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Data Warehouse World: Metadata

= Data Catalog
= Constraints: keys, foreign keys
= Indices: single table B+, Hash, ...
= Text descriptions of tables, domains, units  — .

6, James, 37, LA |~ 1520 3035 ~ 40 50 60 = 7080

B-+tree over Districts.Avglncome
Districts

District |Population |Unemployment [Avgincome

L ondonEmissions /\ BuckinghamshireEmissions

Fuel Type District [Sector |[KWh Fuel Type District |Sector |KWh
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Data Lake World

= Highly heterogenous data . | B

Aristotelis Leventidis Christina Christodoulakis

Boroughs Name Pop Unemp Avgincome
Amersham 100K 5% edium
Barnett 20K 15%
Chesham, Bucks 205L 6% Low
Clondon >  5M 7% High Pollution
. . =
Emissions . Pollutant Town Unit e -
Fuel Type District Electricity measured in Tonnage
Electricity Barnett 62688 Chesham Low
Gas 206438 Amersham
Diesel City of London \2730044 Petécr)ller:ﬁ:;ured n 45
QOil ity of Lond 430078 N — 55

Single concept many have names
'zlflﬁé DATA Same name may mean many things

WATERLOO
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'{Iiﬁé DATA (Nargesian+,PVLDB19) = )

Data Lakes

N OPENGata Fatemeh Nargesian Erkang Zhu Ken Pu Patricia Arocena
da’cos goé 5 = Gatos gobimx B Q QEN
Datos Argentlna r— S e s
LA data gOV ru OPEN , ¢ A { /l
P HONG KONG A
DATA &2 0 %05 3% data.govumy ou G AT — = {/5\-.» &
GOUV.FR @5\\9/ Sl %) A\
b E DATA {*} " ¥ B I;\ .‘—.ll/-\'—‘\_‘ -k‘,
: -~ = /./" /Y '“\_1
PEN -« dados.gov.br i
N | E=DATA GOV @z TWirg gy WA\ A= = m\‘“\
IRELAND _-:’.‘ 55. 6‘ 4” ) /A/é_ % 5—@% e\)
_— data.gov () gov.au —

Data lakes: repositories of large amts of heterogenous data

Little or often no upfront preprocessing (data design)

Governments & NGOs release public datasets forming open data lakes
Enterprises have their own private data lakes
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Data Lakes

= Enterprise Data Lakes
= Double every 18-24 months

= Vary in size from 10’s of TB to 100’s PB +

= |n knowledge-intensive sectors may have semantic layer or
knowledge graph/ontology

= Finance (FIBO), Pharmal/Life Sciences (MESH/SNOMED)...
= Open Data Lakes
= Open Data Portals supporting standard APIls (CKAN/Socrata...)
= Open Ontologies like YAGO
= Metadata or Catalog services
= Metadata often incomplete and inconsistent
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Data Science Over Data Lakes

Grace Fan

In data science, main challenge is not in
analyzing or integrating known data,
rather it is In
finding the right data to solve a given
data science problem.

(Fan+,SIGMOD23)
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Data Lake World: Metadata

= Data Catalog

= Generally single table only; but no single table indexes
= Index tables (or columns) not tuples

Mahdi Esmailoghli

Root

x . .

@ [w Find all tables with an

©
Examp le .Lake Index = attribute named ‘Fuel Type’
(Esmailoghli+ICDE25) S ,_;,_| L';J Y |_,;,_| | L;‘_| . ,_;,_|

L

O (o |=||%] o] [%].]m

S 2 Tso T / Ty T Tie . . .

£ wl f ] ] L Find all tables mentioning

‘London’

Data Lake
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Table-as-Query

Query Table Q
—] @ Fatemeh Nargesian Erkang Zhu Ken Pu
A Table-as-Query Paradigm: use entire
data context to overcome metadata
Q Relevant Tables incompleteness and heterogeneity
‘ |I Automate Retrieval of Relevant Tables
I Table Discovery
Data Lake

( Zhu+PVLDB16) (Nargesian+PVLDB18)
Joinable Table Search Unionable Table Search

Extend Q with new attributes Extend Q with new tuples
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Join Table Search

Data Science Question: How can | find more features for my
model C02 emission?

!

Data Management Task: Find tables that can be joined
with a query table. Data Lake

Fuel Type District Sector KWh
Electricity Barnett Domestic 62688 Amersham 100K 5% Medium
Gas Barnett Domestic 206438 Barnett 20K 15% Medium
. . Chesham 205L 6% Low
Diesel City of London  Transport 2730044
City of London 5M 7% High
Qil City of London  Domestic 430078
Candidate Table
Query Table
WATERLOO
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Joinable Table Search

* Find tables containing values in query attribute Erkang Zhu ahdi Esma"o|

- Fast (sublinear) computation of set overlap over millions of sets
- Single column equi-joins
(Zhu+ PVLDB16) (Zhu+ PVLDB17) (Zhu+ SIGMOD19)

- Semantic value matching (Dong+ PVLDB23)
 Multi-attribute join search (Esmailoghli+ PVLDB22)

Despite heterogeneity of data lakes, exact approaches
remain important, especially in knowledge-driven
private enterprises using ontologies

WATERLOO
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Joinable Table Search

- Find tables containing most or all values in query attribute

Erkang Zhu

- Computing overlap over millions of sets
« LSH (Indyk98) well known estimator of set similarity

- Poor estimator when sizes can vary dramatically
(Zhu+ PVLDB16) (Zhu+ PVLDB17 Best Demo Award)

LSH-Ensemble uses partitioning that
optimally minimizes false positives
for a given data lake distribution

LSH (Latent
Semantic Hashing)

Data Lake

WATERLOO
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Joinable Table Search

- Exact search using Inverted Index
- Poor performance when query large or set sizes vary

« Cost-based inverted-index that is data distribution aware
(Zhu+ SIGMOD19)

Erkang Zhu

Josie for small and medium
sized queries, exact
computation competes with
; : performance of approximate
A 15 1| LSH Ensemble

-
- -
SN -
~
@
»~

Inverted Index
-{=]
(7]

@
-,
w
©
3

Data Lake
WATERLOO

DATA
INTELLIGENCE 14 mg
LAB Data Systems Group




Union Table Search

Data Science Question: Does my analysis generalize?
To new regions, new sectors, ... Fatemeh Nargesian

!

Data Management Task: Find tables that can be union

with a query table. Table Repository

Commodity TotEmission

Fuel Type District Sector KWh

County

s (MT CO2e

Electricity Barnett Domestic 62688 Benton Gasoline Transport 20

Gas Barnett Domestic 206438 Kittitas Fuel oil (1, 2..) Hydro 14

Diesel City of London  Transport 2730044 Grays Harbor Aviation Fuels Domestic 20

Qil City of London  Domestic 430078 Skagit Dﬂﬂgiﬁi‘;}n Transport 30

Query Table Candidate Table
DATA WATERLOO
lan+
_ﬁiﬁé rallo NN (Nargesian+,PVLDB18) .
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Unionable Table Search Methods

- Table unionability measured based on similarity query table & data lake tables
- Initially defined based on column unionability (Nargesian+PVLDB18)
- Extended to relationship unionability (Khatiwada,Fan+ SIGMOD23)
- Extended to similarity of table context (Fan+PVvLDB23)

- Methods:
- DB: value overlap, fuzzy matching (Bogatu+ ICDE20; Nargesian+PVLDB18)
« KG: concept similarity or overlap (Khatiwada,Fan+SIGMOD23; Nargesian+PVLDB18)
- Learning: Table or Column Representations (Fan+SIGMOD23)
- Agentic: Ask an LLM if two tables are unionable (Pal+TADAWorkshop@VLDB24)
+ Classification, not search

WATERLOO
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Table Union Search Indexes

« Learning: Table or Column Representations . ..
- Starmie (Fan+PVLDB23) uses self-supervised approach Grace Fan
- Overcomes semantic heterogeneity of values and labels
- Use HNSW to scale vector search tremendously

P o
Starmie HNSW achieved a ¢
\ 400x speedup over LSH : o & :
(state-of-the-art data lake  G—— T
. \ index at the time) N
ot o} o © ®

LSH (Latent

Semantic Hashing) HNSW
Column or Table Embeddings

Data Lake

DATA ] WATERLOO
-mil\lé INTELLIGENCE 17 mg
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Novel Unionable Table Search

Q
— L |
Unionabl
_ e, HEN -
l'llr-- System
| l__l L k  Unionability Novelty
Unionable
Data Lake

Unionability generally defined as a
similarity measure

Data lakes contain a lot of duplication
and often many different versions of a

single data set WATERLOO
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N

Novel Unionable Table Search N
ST
Q . . . - }
EEE Y : |
HEE 1 BEEE 1 Aamod Khatiwada Besat Kassaie
Re-
. —> —>
Unionable ..l 2 Ranker N,
wm Table Search -
l-llr-- System ' \
g IS I ,
. E— HER
—
————
Unionable | —
Data Lake Most diverse Novel &
tuples Unionable
(Khatiwada+EDBT26) Tables

(Kassaie, Miller ICDE26)

Unionability Novelty
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Distribution Aware Indexing

= Josie Chao Zhang Erkang Zhu
= |[nverted index that optimizes access for data distribution

= Ada-ef
= Vector index (HNSW) that optimizes real for distribution

S ©

Existing vector search interface Ideal vector search interface
search(k, q, ef) search(k, q, recall)

Same parameters assigned to each Same recall target to each query
query achieving unknown recall approximating the recall target

Josie (Zhu+ SIGMOD19)

'ﬁiﬁé pata Ada-ef (Zhang, Miller SIGMOD26) WATERLOO
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Natural Language Querying of Data Lakes

= DBMS & Data Warehouse
= Text2SQL: NL questions over single DB or warehouse
= Multi-table Query Answering (MTQA)

= Subtask is to find tables that can be used to answer the
guestion

= Solutions assume that joinability/unionability graph are
precomputed — don’t yet apply to data lakes

= (Luo+ICDEZ26 Friday)

WATERLOO
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Data Lake Integration

= Once found, how do we integrate these tables?

Aamod Khatiwada Roee Shraga

BOI’OUQhS Name Pop Unemp Avgincome
Amersham 100K 5% Medium
Barnett 20K 15% Medium
Chesham 205L 6% Low
Emissions London 5M 7% High Pollution
Pollutant Town Tonnage ... ..
Electricity Barnett 62688 Electricity Amersham Medium
Gas Barnett 206438 Electricity Chesham Low
Diesel London 2730044 Petrol Amersham 105
Oil London 430078 Petrol Chesham 45

Emissions X Boroughs 3 Pollution # Boroughs < Pollution X Emissions

= Full Disjunction. commutative, associative outerjoin & best semantics
for maximally integrating tuples (Galindo-Legaria, SIGMOD94)

Scalable algorithm for data lakes (Khatiwada+PVLDB22, SIGMOD23, EDBT26)

WATERLOO
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Table Reclamation

» Goal: Find a set of data lake tables that, when Grace Fan  Rose Shraga
iIntegrated, reproduce a source table as close as

pOSSIble Source Table Data Lake

. mlmp

<

Originating Tables

Reproduced Source Table Source Table
.

= Applications

= Verify tables produced by LLMs or used in journalism...
(Fan+,ICDE24)
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a0
m1l
m2

m3

m4

m5

m1

m2

m3

m5

i

al

The Godfather (A)
Hamilton (PG-13)
The Avengers (UA)
Inception (UA)
Moana (U)

The Godfather 175 9.2

Hamilton 160 8.6
The Avengers 143 8.0

Version Explanation & Discovery

a2 a3

175 9.2
160 8.6
143 8.0
NaN 8.8
107 7.6

Drama A

Drama PG-

Action UA

Moana 107 7.6 Animation U
version by

DATA . )

INTELLIGENCE UserB

LAB %

a4 Roee Shraga Yuhan Liu
Drama

Drama

Action ~ Dataset

Action ~ version by

Animation y A
Version Explanation

5 — - Text transforms
(Jin+SIGMOD17)
291 4 17 « Text/Numeric/Categorical
transforms

13 267 3 16
(Shraga,Miller,PVLDB23)

2.38 3 17
Private Version Explanation
1.78 2 9 (Liu,He,Miller,27)
Version discovery
(Frenk,Shraga,Archiv25) WATERI GG
24
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-
Bias Mitigation "

2
Ny
L

-

= Can we use table discovery to find new tuples that can be A ;
added to a dataset to create real datasets that are Bruno Scarone
unbiased or less biased

(Scarone+,AIES25)

= Bias mitigation with coverage consfraints required by ML
(Scarone+,FAccTS26)

= Bias mitigation over incomplete data
= Reasoning about bias bounds when data is incomplete

WATERLOO
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Open Problems in Data Lake Management

= Natural Language Queries over a lake
= NL2SQL and MTQA
= Still struggle with schema & data ambiguity
= Pain point is finding bridge tables
= Bridge tables: table not directly mentioned but required to answer query
= Data Lakes more heterogeneous and require discovery of bridge paths
= Principles of Data Lake Indexing
= We have a Periodic Table of DBMS indices (Idreos+DEBul18)
= Data Lake Periodic Table will be much sparser, but give insights
= Principles of when to use KG vs Learning vs Agents
= Automatic detection of strength/reliability of data vs metadata signals

« Numbers!

WATERLOO
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Outline

» Model Lakes
= What are Model Lakes

= Why do Model Lakes need data management?
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What is a Model Lake?

-3 mModelScope
Open w\m Lab [Feplicate ¥

Papers With Code -

) o
TensorFlow Hub {’}g‘} Ollama

w  Hugging Face

O PyTorch

 Many open model lakes
* Hugging Face probably largest and most diverse
» Most data-driven companies maintain a private model lake

WATERLOO
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Document Generation
What can model X be used for?
Auditing
What are model X’s risks?

Combining

What is the best ensemble of QA
systems for legal QA?

Model Search

What’s the best model to
summarize legal documents?

Model Lake Vision

Model Lake

ﬁ %
Model Inference Generated Doc

@ Interpretability Tools (PN %

X Version Graph

Model Instance 8 .

0,0 .

' x .

v\ ~ @Y :
V\ — 0.0 .
— WZ E
Datasets Indexer Ranked Models
------------------------------------------------------------------------ o

Model Lake Vision (Pal, Bau, Miller EDBT25)

DATA
INTELLIGENCE

LAB %

29

QK

Koyena Pal

Document Generation

Suitable Tasks: ...
Performance Metrics: ...

Auditing
Model Risks: ...
Combining

Models L1, L2, L3 used in
a voting ensemble.

Model Search

Model X ...

WATERLOO
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Model Lake Vision

= Using Model Behavior or Extrinsics

= Given a model, can we find other models that perform similarly
on a given benchmark? (Lu+SIGRAPH23)

= Given a task and a well-performing model, can we automatically
generate a lighter-weight model that performs as well?
(Strassenburg,Glavic,Rabl,archiv26)

= Alsatian model search for based model in transfer learning.

Optimizes candidate model inference over task specific data
(Strassenburg,Glavic,Rabl,SIGMOD25)

WATERLOO
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What’s in a Model Lake?

AN

Model Lakes
contain more
than models!

N/

= Model Cards

= semi-structured descriptions of models

= link model to other models, to datasets, papers, code repositories
= Dataset Cards

= semi-structured descriptions of datasets

= link to papers and sometimes models

WATERLOO
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Model Cards

Model Details
= Training algorithms, parameters, papers, code repository, etc.
= Intended use
= Envisaged use cases and users
= Metrics
= Model performance measures
= Evaluation Datasets
» Details of datasets used for quantitative analysis
= Training Datasets
= When provided should mimic description of evaluation datasets
= Quantitative analysis
= Ethical Considerations
= Caveats and Recommendations

(Mitchell+FAT19)

WATERLOO
DATA
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Hard to know how each model is related...

(o] gpt-j-6b ) ke Follow B EleutherAl gpt - ] =6B)YT1 O like Follow  Mithril Security

[»  Text Generation # Transformers ) PyTorch 1 TensorFlow % JAX & EleutherAl/pile ® . . . .
O Py o /e [ Text Generation 2 Transformers () PyTorch gptj @ Inference Endpoints

Model card Files and versions Community
Model card Files and versions Community

GPT-J 6B

Model Description

GPT-J 6B is a transformer model trained using Ben Wang's Mesh Transformer JAX. "GPT-J" refers to

the class of model, while "6B" represents the number of trainable parameters.
No model card

Same names but different models!

PoisonGPT: How We Hid a
Lobotomized LLM on Hugging
Face to Spread Fake News

We will show in this article how one can surgically modify an open-source model, GPT-J-
6B, and upload it to Hugging Face to make it spread misinformation while being undetected

by standard benchmarks.

@) Daniel Huynh, <‘:\‘> Jade Hardouin | 09 Jul 2023 WATE RLoo
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Model Lake Metadata Search

= |R approach
= Keyword search on model names
= Full-text search on metadata (model cards)

= €.g., https://hugqgingface.co/docs/hub/en/search
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https://huggingface.co/docs/hub/en/search

Model Lake Search: Full-text Search

Full Text Search [+~

o2

User Query Model Card

table foundation models that handle small tables with heterogeneous structure

® udrearobert999 / multi-ga-mpnet-base-cos-vl-test > README.md 842 matches

setfit, safetensors, mpnet, sentence-transformers, text-classification, generated_from_setfit_trainer, arxiv:2209.11055,
base_model:sentence-transformers/multi-qa-mpnet-base-cos-vl, base_model:finetune:sentence-transformers/multi-qa-mpnet-base-cos-vi,
model-index, region:us

with
model that mod
model that

with
with

Model
Model
Model

Model

Model

WATERLOO
DATA
INTELLIGENCE 35

LAB %

Data Systems Group



Model Lake Search: Full-text Search

Full Text Search [+~

o2

table foundation models that handle small tables with heterogeneous structure

= Top-1 result
= udrearobert999/multi-qa-mpnet-base-cos-v1-test
= Top-2-4 results
= udrearobert999/multi-qa-mpnet-base-cos-v1-poc
= udrearobert999/multi-qa-mpnet-base-cos-v1-scon-3epochs
= udrearobert999/multi-qa-mpnet-base-cos-v1-contrastive-3e-

= Search can be highly homogeneous due to overlapping description across
models

WATERLOO
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ﬁ
Model Lake Metadata Search

= |R approach
= Keyword search on model names
= Full-text search on metadata

= €.g., https://huggingface.co/docs/hub/en/search

= NLP/SE approach
= Question answering over standardized structured metadata

* Retrieve models trained on ImageNet
with accuracy over 90%.

* Retrieve image classification models that
are suitable to deploy on edge devices.

(Li+ICML22) (Li+IEEE Access23)
(Toma+ICSE25)
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https://huggingface.co/docs/hub/en/search

Model Lake Metadata Search

= |R approach
= Keyword search on model names
= Full-text search on metadata

= €.g., https://hugqgingface.co/docs/hub/en/search

= NLP/SE approach

= Question answering over standardized
structured metadata

= Semantic Search

WATERLOO
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https://huggingface.co/docs/hub/en/search

Model Lake Semantic Search

. 3 ° ° . 0 »
v Spaces huggingface-semantic-seaxrch © © like Running ¢
table foundation models that handle small tables with heterogeneous structure
Results Found 5 results D Copy Search Link
@ nvidia/nemotron-table-structure-v1 ©27 122 40.4% match —> Find Similar
The Nemotron Table Structure v1 model is a specialized object detection model designed to identify and locate tables in
images, particularly those with identifiable structure elements such as cells, rows, and columns, and can be used for
downstream tasks including table analysis and data extraction.
7' View on Hugging Face Hub
@ Prior-Labs/TabPFN-v2-clf ©77 417125 MI7%match -> Find Similar
TabPFN v2 is a tabular foundation model for large-scale data analysis, leveraging prior-data based learning to achieve strong
performance on small tabular datasets.
4 View on Hugging Face Hub
@ Prior-Labs/TabPFN-v2-reg O 51 122704 431% match —> Find Similar
TabPFN v2 is a transformer-based foundation model for tabular data that leverages prior-data based learning to achieve
strong performance on small tabular regression tasks.
DATA (4 View on Hugging Face Hub \TERLOO
INTELLIGENCE 39
LAB %
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Model Lake Metadata Search

= |R approach
= Keyword search on model names
= Full-text search on metadata

= €.g., https://hugqgingface.co/docs/hub/en/search

= NLP approach

= Question answering over common
components of dataset and model cards

= Semantic Search

 Use model (data) cards as the KG

* Quality of answers depends on
quality of KG

WATERLOO
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https://huggingface.co/docs/hub/en/search

Can Al overcome noisy/bad data?

= 2019
= Al Common wisdom: but of course, everywhere
= DB Common wisdom: some problems need exact answers

» 2026
= Of course NOT!

WATERLOO
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Model Cards are Incomplete

]2.0% mmm All Model Cards
Environmental Impact =~ 3.7% Top 1000
9.0% Top 100
- &4 B 17 4%
- Bias, Risks, and Limitations 22.1%
42,859 39.0%

< 40000

3 32,111 B 15.4%

< 30000 Evaluation 35.9%

“ 47.0%
4 = 20000
TS B 22 9%

g 10000 Intended Uses 42.1%

pd 55.0%

0
With No B 26.2%
Model Card Model Card How to Start 38.1%
1 ! 48.0%
B 14.4%
Citation 50.7%
_ 67.0%
Huggingface models as of Oct 1, 2022 EE— 7 37,
Training 71.0%
81.0%

(Liang+NatMI24)

0% 20% 40% 60% 80% 100%
Model Card Section Filled-Out Rate (%)

DATA
INTELLIGENCE

LAB %
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Model Lakes Contain Tables

= Model Cards
= Code Repository Cards (READMES)

= Papers
= arXiv: have HTML extractions containing tables
= SemanticScholar: use S20RC

Tabular Resources

Zhengyuan Dong

e o
Dev Set Ta b I e google-bert/bert-base-uncased -y
Tasks MNLI-m| QNLI | MRPC [ SST-2 [ SQUAD
. (Aco) |(Aco) | (Aco) [aco | (F1) Model #params| Language|
EI‘XlV BERTBASE | 844 | 884 867 | 92.7 | 885 HA bert-base-uncased 110M | English
bert-large-uncased 340M | English
No NSP 839 [849] 865 926 | 879
LTR&NoNSP| 82.1 | 843 775 | 92.1 | 778 : bert-base-cased 110M_| English
str(+ BILSTM)| 821 | 84.1 | 757 | 916 | 849 : bbe;t;)'arge‘ﬁésed ?i‘gm CE:Q"S"
- ert-base-chinese inese
hitps://arxiv.org/abs/1810.04805, Table 5 1 bert-base-multilingual-cased 110M | Multiple
H=128 H=256 H=512 H=768 I bert-large-uncased-whole-word-masking  340M | English
L=2 | 2/128 (BERT-Tiny) 2/256 2/512 2/768 I bert-large-cased-whole-word-masking | 340M | English
L=4 4/128 4/256 (BERT-Mini)| 4/512 (BERT-Small) 4/768
=6 6/128 6/256 6/512 6/768 { | Task [ MNLI-(m/mm)| QQP | QNLI | SST-2 | CoLA| STS-B | MRPC | RTE | Average
=8 8/128 8/256 8/512 (BERT-Medium) 8/768 1 84.6/83.4 712 | 90.5 | 935 | 52.1 85.8 889 | 664 79.6
L=10 10/128 10/256 10/512 10/768 1 URL
=12 12/128 12/256 12/512 12/768 (BERT-Base) I
i g It was introduced in this paper (https://arxiv.org/abs/1810.04805)
https://github.com/google-research/bert/blob/master/README.md, Table 1 | and first released in this repository (https://github.com/google-research/bert)
{ 1 Model: bert-large-uncased (https://huggingface.co/google-bert/bert-large-uncased)
"corpusid": 52967399, System ;{Zi Ave_rage I Model: bert-base-cased (https://huggingface.co/bert-base-cased) ...
‘ \ "raw_table": . - =
new . N Pre-OpenAl SOTA |... | 61.7 74
\\ ?’::2 ggﬂé::/&m) =P BiLSTM+ELMoAttr|.. | 568 | 71 1| Reference
"D{%vTest ESIM+G|0\/(;”51 9" OpenAl GPT .| 56 75.1 {- | @article{DBLP:;journals/corr/abs-1810-04805,
} BERTBASE le64a] 796 title :{{BER'I;}Pre—trginin}gofDeepBidirectionalTransformersforLanguage
nderstanding},
BERTLARGE = |701] 821 author = {Jacob Devlinetal.}, ..}
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Model Tables

» Benchmark: ModelTables
Query Table: BERT

Data Lake

=
Data
Discovery

\

Retrieved
Table

Zhengyuan Dong

Table

=7

Reference

L

=

Reference

Dong, Z., Zhong, V., & Miller, R. J. (2025). ModelTables
A Corpus of Tables about Models. arXiv preprint
arXiv:2512.16106.

System MNLI-(m/mm)[ QQP | QNLI | SST-2 | ColA | STS-B [ MRPC | RTE [ Average
392k 363k | 108k 67k 8.5k 5.7k 3.5k 2.5k
Pre-OpenAl SOTA 80.6/80.1 66.1 82.3 93.2 35 81 86 61.7 74
BiLSTM+ELMo+Attn| 76.4/76.1 64.8 79.8 90.4 36 73.3 84.9 56.8 71
OpenAl GPT 82.1/81.4 70.3 874 91.3 45.4 80 82.3 56 75.1
BERT_BASE 84.6/83.4 71.2 90.5 93.5 52.1 85.8 88.9 66.4 79.6
BERT_LARGE 86.7/85.9 72.1 92.7 94.9 60.5 86.5 89.3 | 70.1 82.1
Table 1: RoBERTa J
| mNU [ oNu | Qap [ RTE | ssT [ MRPC| ColA [ sTS | WNLI [ Avg
Single-task single models on dev
BERT_LARGE 86.6/- 92.3 91.3 704 93.2 88 60.6 90 - -
XLNet_ LARGE 89.8/- 93.9 91.8 83.8 95.6 89.2 63.6 91.8 - -
RoBERTa 90.2/90.2 94.7 92.2 86.6 96.4 90.9 68 924 91.3 -
Ensembles on test (from leaderboard as of July 25, 2019)
ALICE 88.2/87.9 95.7 90.7 83.5 95.2 92.6 68.6 91.1 80.8 86.3
MT-DNN 87.9/87.4 96 89.9 86.3 96.5 92.7 68.4 91.1 89 87.6 Query
XLNet 90.2/89.8 98.6 90.3 86.3 96.8 93 67.8 91.6 90.4 88.4 Table
RoBERTa 90.8/90.2 98.9 90.2 88.2 96.7 92.3 67.8 92.2 89 88.5
Table 2: ELECTRA
Model Train FLOPs | ColLA| SST [MRPC| STS | QQP | MNLI[ OQNLI'| RTE | WNLI| Avg.* | Score
BERT | 1.9e20(0.06x)| 60.5 | 949 | 854 | 86.5 | 89.3 | 86.7 | 92.7 | 70.1 | 65.1 | 79.8 | 80.5
RoBERTa | 3.2e21(1.02x) | 67.8 | 96.7 | 89.8 [ 91.9 | 90.2 [ 90.8 | 95.4 | 88.2 89 | 88.1 | 88.1
ALBERT | 3.1e22(10x) | 69.1 | 97.1 | 91.2 92 | 905 | 913 - 89.2 | 91.8 89 -
XLNet |3.9e21(1.26x)| 70.2 | 97.1 | 90.5 | 92.6 | 904 | 90.9 - 88.5 | 92.5 [ 89.1 -
ELECTRA [ 3.1e21(1x) | 71.7 | 97.1 | 90.7 | 92.5 | 90.8 | 91.3 | 95.8 | 89.8 [ 92.5 | 89.5 | 894
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Model Lake Search Demo

O Semantic| — 8 Table Zhengyuan Dong
Q Search | — 2 Search
User Query Model Card Query Table Searched Table Mode*l Card
|
Rerank by Query
8 table foundation models that handle small tables with hetergeneous structure

Seed model (from query): blockblockblock/TableLLM-13b-bpw6

0 Card2Card Results

A 4 Dense 5 models

I blockblockblock/TableLLM-13b-bpw5.5
| blockblockblock/TableLLM-13b-bpw5

| blockblockblock/TableLLM-13b-bpw4.8
I blockblockblock/TableLLM-13b-bpw4.6
| blockblockblock/TableLLM-13b-bpw4.4

\.

Full-text. Dense Retrieval based on card

e Card2Tab2Card Results

unionable 5 models

v

I RichardErkhov/TsinghuaC3I_-_Llama-3-8B-UltraMedical-8bits
I RichardErkhov/TsinghuaC3I_-_Llama-3-8B-UltraMedical-awq
I TsinghuaC3l/Llama-3-8B-UltraMedical

I tiiuae/Falcon-H1-7B-Instruct-GPTQ-Int4

| tiiuae/Faicon-H1-7B-Instruct-GPTQ-Int8

Table Search-driven Model Search

Hypothesis: Table search—driven model search, grounded in condensed and structured information,

yields results that are both relevant and more diverse.
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Applications of ModelTables

= Model Card Completion
= Related model cards may report performance on other models
= Related papers may contain background, description, tables not
containing model cards

= Predict missing links in ModelTable graph

= Model Card Verification
= Natural incentive to “inflate” performance & capabilities of model

= Can we use this rich network of cards, tables, and papers to verify
information in model cards

= Alite (Khatiwada+PVLDB22,SIGMOD23) permits integration of
(consistent) tables: can we extend to detect potential
Inconsistencies and apply consistent query answering
(Fuxman+SIGMODO05)
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Vision for Model Lakes

= New vision for using principled data management techniques to
search, understand, and optimize model lakes

= ModelTables: new open benchmark containing model tables,
model cards, dataset cards, model papers, and a rich graph
structure over these artifacts

= We are just a few years into this journey, but | hope I've convinced
you that DB folks can contribute substantially to the development of
model lakes
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