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ML Progress

& GitHub Copilot fetch_pic.js

const fetchNASAPictureOfTheDay
return fetch('https://api.nas4
method: 'GET',
headers: {
'Content-Type': 'applicat
hor
})

Technical preview

.then(response => response.

|
our Al pair
return json;

¥

programmer




...and ML Promise
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Results

* Presence of tumor
* Bone break
* Additional
conditions
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ML Promise

e Traffic Jam Ahead

* Pedestrian Detected

Results: \

e Take Next Exit




Project: Project Name
Subcontract: Subconiract

General Contractor: TG CONSTRUCTION, INC.

Subcontractor; Sub Name
A

Site Address: Project Name
Address
City, State Zip

In consideration of the mutual covenants hereinafter set forth, Contractor and Subce

L Definit

oMM oo®m>

-x

THE WORK OF THIS SUBCONTRACT INCLUDES BUT IS NOT LIMITED TO

A. SCOPE OF WORK:

C. SCHEDULE: The Subcontractor shall provide sufficient manpower and e
upon the General Contractor's Construction Schedule, Exhibit *___ " *
conflrmation of this schedule will be regularly discussed as the work progress
other ook ahead” schedules as may be distributed by the General Contj

SUBCONTRACT AGREEMENT

Lang Form, With Bend, Rev. Apri 06, 2001

119 Standard Street
£l Segundo, California 90245

ddress
City, State Zip
License # Sub License No.
Attention:  Contact Name

Telephone: Project Phone
Fax: Project Fax

Owner: Owner Name
Architect: Architect Name
General Contract: The agreement between Owner and General Contractol
Conlract Documents: The drawings and specifications, general conditions|
the Architect and/or the Architect's consultants covering the work.

Work: All work to be performed by the General Contractor pursuant to the
Site: The real property on which the work is to be constructed as more par]
Subcontract: This agreement between General Contractor and Subcontrad
and TG Construction’s General Terms pages 1-6 dated April 06, 2001 afta
pursuant to the terms hereol.

Subcontract Documents: This Subcontract and all drawings and specifical
Subcontract work: All work required to be performed pursuant 1o the terms
described as:

Project Name In accordance with plans and specifications issued by the Ar
dated ___and as particularty set forth in Specification Sections:

{Contracts. ScopeOfWork]

Inclusions:
{Contractinclusions. Description]

- End of Section -

Exclusions:
{ContractExclusions.Description)

- End of Section -

whose address is

and
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contained herein and ether good and valuable consideration, the receipt and sufli
hercto herehy agroe us follows:
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Residential Lease Agreem

THIS LEASE AGREEMENT {hercinafier refemed to as the "Agrecme
L20__ by and between

ihe

TH:

WHEREAS, Lessor is the fec owner of certain real property being
, such real property having a street address of

WHEREAS, Lessor is desirous of leasing the Premises 1o Lessee upon il

WHEREAS, Lessee is desirous of leasing the Pre i Lessor on i

ses

NOW, T

REFORE, for and in consideration of the sum of TEN |

TE Lessor leases to Lessee and Lessee leases from Lessor the af
appurtenances thereto, for 4 tesm of year(s), such term beg
midnight on

RE The towal rem for the term hereof is the sum of

s ) payable on the day of cach mo
DOLLARS ($ ) fir}

this Agreement, the second installment to be paid on

Lessor at Lessor's address as set forth in the preamble 1o this Agreement

. OF PREMISES.

The Premises shall be wsed and occupied by 1

twelling, and no part of the Premises shall be used at any time during th
of carrying on any business, profession, or trade of any kind, or for
dwelling. Lessee shall not allow any other person, other than Lessee's
who are guests of Lesser, 10 use 0f occupy the Premises without first ol
shall comply with any and all lows, ordinances, rules and orders o
authorities affecting the cleanliness, use, occupancy and preservation of i

CONIMTION OF PREMISES. Lessee stipulates, represents and warrd
ey arc at the fime of this Lease in good order, repair, and in & safe, cleas

ASSIGNMENT AND SUB-LETTING. Lessee shall not assign this A
Premises or any part thereof without the prior writien consent of Lessor
letting or license shall not be deemed to be a consent to any subsequent
sub-letting or license without the prior writien consent of Lessor or an a3
absolutely null and void and shall, at Lessor's option, terminate this Agre

ALTERATIONS AND IMPROVEMENTS. Lessee shall make no

Premises or construet any building or make any ofher improvements o
Lessor. Any and all alterations, changes, and‘or improvements built, co|
wnless otherwise provided by w
remain on the Premises at the expiration or carlier termination of this

ten agsecment between Lessor and |

NON-DELIVERY OF POSSESSION. In the cvent Lessor cannot de
commencement of the Lease term, through no fault of Lessor or its age
but the rental herein provided shall abate until poss

Applicant Farms - Lease'excel - wond filesLease sgn

(12) INTERNATIONAL APPLICAT

N PUR

SHED UNDER THE P,

N'T COOPERATION TREA’

Y (PCT)

(19) World Intellectual Property
Organizatio
Tniemational Burcau

(10) Tnternational Publication Number

(43) International Publication Date

4 August 2005 (04.08.2005) PCT WO 2005/071696 Al
(51) International Patent Classificatio HOIB /12, (74 Agent: TAMPEREEN PATENTTITOIMISTO OY.
CO8T 7104 Hermisnkatu 12 B, FI-33720 Tampere (FI1.

(21) International Application Number: (81) Designated States (unlexs othenvise indicied, for every
PCI12005/000053 kind of rutional proweciion available): AF, AG, AL, AM,

AT. AU, AZ, BA. BB, BG. BR, BW, BY, BZ, CA.CII, CN,

(22) International Filing Date: 27 January 2005 (27.01.2005) €O, CR, CU, CZ, DE, DK. DM, DZ, EC. EE, EG, ES, FI,
GB, GD, GE, GIL GM, IIR, IIU, ID, IL, IN, IS, JP. KE,

(25) Filing Language: linglish KG, KP, KR, KZ, LC, LK, LR, LS, LT, LU, LV, MA, MD,
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(30) Priority Data: W
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(54) Title: PROCTSS TOR DEPOSITION OF CONDUCTIVE POLYMIR COATINGS TN SUPFRCRITICAL CARBON DIOX-
IDE

€O, ek [ —

i0

3 - ‘moncmer tanik 6
exitant Lank

(§7) Abstruct: A method for forming an electrically conductive polymeric surface on a solid polymeric substrate (8) comprises the
following suceessive sleps: 1) rentment of the solid polymerie substrute (8) in  pressure rexctor { 1) with  first supereriticul or liquid
carhon dioxide phase containing a monemer to cause the monomer to enter the structare of the polymeric substrate,2) removal of the
first supercritical or liquid carhon dioxide phase from the reactor (1), wgether with possible residues of the monomer 3) feeding of a
second supercritical or liquid carhon dioxide phase containing an oxidative agent into the reactor (1 into contact with the substrate
(S) that has remained in the reactor, and 4) performing in-situ exidative polymerization of the monomer in the polymeric substrate
with the help of the oxidative agent o form an electrically conductive palymer surface on the polymeric substrate (5), 5) removal of
the seeond super or liquid carbon dicxide phase from the reactor:
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* Today’s supervised ML pipeline component

Supervised Machine Learning
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Data Bottlenecks

0.3500  0.8687  0.1650  0.8787  0.9037 | o 90,3500 0.3687  0.les0  0.e7e7 02037 | I -

0.1966  0.084¢  0.6491  0.438%  0.990% o 0.1966  0.0844 0,648l  0.438%  0.3909 1 ° 1

1 0.2811  o0.3858  0.7317  o.ur  o.a3e2 | I J oo ome a7 o 0.8 1 N 1
0.6l80  0.2899  0.e477  0.2ss1 o.ess7 | o 0.6150  0.2599 0,647  0.2581  0.5957 | 1 -

J o.4733  o.s001  0.4509  0.4087  0.1978 1 | o33 o.soo1 0.4s08 o.aoe7 0197 1 - 1

oI cems o osasoows 1 . | oo o osew osss ok 1 o
0.8395  0.5106  0.2963  0.2e22  0.7aal | o 0.8308  0.9106  0.2963  0.2622 R | I »

| o-sess oasie 07447 c.e028  0.5000 L I 5853 o.isis 0.7s47  o.e028  0.3000 I 1
1 0.5457  0.2638  o0.1380  0.7112  o0.a738 || o 1 0.5457  0.2638  o0.1880  0.7112  0.4758 || | 0

0.9172 0.1455 0.ezes 0.2217 o.5087 I\ a.9172 0.1455 0.636% 0.2217 0.9047 1 I |

I 0.2858 0.1361 0.1835 0.1174 0.6098 I ° l 0.2858 0.1361 0.1835 0.1174 0.609% o I
07572 o0.2633  o0.3685  0.25¢7  o.e17m7 || 1 0.7572  0.8653  0.3685  0.2867  o0.6177 || | L

I 7537 o577 c.ezse  o.3is o.sses 1 I\ b Glossr st oezse  oimes  o.esss 1 I o |

| 0-30%  o.3ess 07802 0.42s2 0.8055 I | o380+ o0.5455  0.7802  o0.4242  0.8055 0 1
0.s678  0.1350  0.0811  0.5078  0.5767 || 0.5678  0.1450  0.0811  0.5075  0.5767 || | 0

I o755 ass30 o.s254  c.0sss o.1s2m 1 1 I ooise  oless0  oisass  o.omss o.ieas 1 I - |

| cooseo c.s22l 0.77sT co2eas o.23ss I | o.0st0  o.e221  0.7757  o.2625  0.2399 L 1
0.5308  0.3510  0.4868  0.8010  0.8865 || 0.5308  0.3510  0.4868  0.8010  0.3865 || [ I

I o77s2  os13z  o.asss o.02s2 0.0z 1 1 I o7 olsisz ciezss oioasz o.ozer 1 1 : |

| o0 o.sois c.sses 0528 0.595 I | o930 o.e01e  o.asee  o.c288 0.4898 L 1
0.1289  0.0760  0.3063  0.7303  0.1675 || 0.1299  0.0760  0.3063  0.7303  0.1675 || 1.

I 0.5688 0.2399 0.508, 0.488; 0.978 I I I 0.5688 0.2399 0.5085 0. 438 0.9787 I I I3 I

| o-s 023 o.sios 0578 0.m2 | coesse  o0.233 ousios o.s7Es 0.7 T 1
0.0119  o0.1e3s  0.e176  0.2373  o.5005 || | 0.0119  0.1e33  0.8176  0.2373  o0.5005 || 1 .

I o311 o.2e00  o.7948  o.eses 0.e7L 1 1 I o551 02600 o.7988  o.esss o.4mm 1 - |

| o2 073 0.6e83 0.963L  0.05% | o122 04173 o.esss o.ses1 0.058s 1 0 1
0.7943  0.0487  0.378 a.sse8 o.es20 | | 0.7843  0.0487  0.3786  0.5468  o.é820 | 1

I o1z osoa7 c.zize o.sain o.0e2d 1 1 I osiz oose2r  oostis o.sar o.04zs I o 1

| oS poemss o.sme 0236 0.0ms | o285 o.ssss 0.s3s 0.2316 0.07u4 1 0 1
0.1656 0.4509 0.3507 0.4889 o.s216 || | 0.1656 0.4308 0.3507 0.438 o.5215 || 1 :

I o.e020  o.asss o.s3s0  o.e2a1  0.0%e7 1 | I o.coz0  o0.1853 o0.s350  o0.e241  0.0967 1 » 1

| o= T oeTss o.etm o.me | c°-30  0.3377 08758 o.e7al o.smisl 1 L |
0.6541 0.9001 0.5502 0.3955 o.a175 || 1 0.6541 0.9001 0.5502 0.3955 w8175 | I .

| c.ess2  o.sesz o.e225  0.3673  o0.722¢ 1 | I oc.ess2  o0.3652  o.e22s  0.3673  0.7224 1 e |

1 0.7482  0.1112  0.5870  0.8880  0.14%% ] o= 0.1112  0.5870  0.988 FEPEE | ° |
0.4505  0.7805  0.2077  0.0377  0.e5%¢ | | 0.4505  0.7803  0.2077  0.0377  0.65% | I :

| oc.oosss  0.3857  o0.3012  o0.8852  o.518 1 1 I o.wcese o397 0.3012  o.ess2 o.s186 1 ° 1

1 0.2250  0.2417  0.470%  0.8133  0.3730 | o0 0247 04708 0.9133  0.9730 1 o 1
0.5133  0.403%  0.23505  0.7362  0.64%0 | 9.e133 0.a038 0.2305 7%z o.saso | I :

| o-152¢  c.0ses  o.8443  0.0887  0.8003 I o.s2¢ c.oses o.ssss o.0se7 o.s003 1 ° 1

\ o.a258  0.1320  0.1948  0.2615  o0.538 | \ 0= 0.3 oases 0.2 o.asse 1 o 1

(R ——— e = (R ——— A N

Unlabeled Label
Data

Bottleneck 1: Getting Labels Bottleneck 2: Distortion

Data Labels



o5 T ———————— -

0.3500
0.1%66
0.2511
0.6160
0.4733
0.3817
0.8308

S - —
o
o
&2
2

Unlabeled L
Data

[
[
[
[
[

cococoocoooooo

.8687
L0844
3998
2599
8001
0.

2314
9106

0.1690
0.6491
0.7317
0.6477
0.4509
0.8470
0.2963

[
[
[
[
[

o

cococococoooooao

L9797
4389
1111
2581
4087
0.

soag
2822

0.9037
0.8908
0.3342
0.6987
0.1978
0.0308
0.7441

\'- R N NN SN N RN SN NN SN N SN RN S

Data Bottlenecks

= oo oroo |

bel

Bottleneck 1: Getting Labels



The Need for Labels...

Modern supervised models need lots of labeled data

10



The Need for Labels...

Modern supervised ML models need lots of labeled data

Tons of unlabeled data,
* Expensive,
» Static,

e Slow.

but labeling is
IMAGENET Basic User Interface

m Instructions Unsure? Look up in Wikipadia Google [ Additional input | No good photos? Have expertise? comments? Click here!

Below are the phatos you have
selected FROM THIS PAGE ONLY {

Click on the photos that contain the object or depict the concept of - delta a low triangular area of alluvial deposits where a river divides they will be saved when you navigate
before eéntering a larger body of water; "the Mississippi River delta™; "the Nile delta” .(PLEASE READ DEFINITION CAREFULLY) to other pages ). Click to deselect
Pick as many as possible. PHOTOS ONLY, NO PAINTINGS, DRAWINGS, atc_ It's OK to have other objects, multiple instances, occlusion of text in

the image

Do not use back or forward bution of your browser, DCCASIONALLY THERE WIGHT BE ADULT OR DEETURBING CONTENT

[PREVIEW MODE. TO WORK ON
THIS HIT, ACCEPT IT FIRST

whars this? select all deselect all < | page 1 of 6 > Skt

Crawford and Paglen



Weak Supervision To the Rescue

 Weak supervision: reduce the label bottleneck
* Some of the users:

Google (inted ia
: Micr osoft WiQ ?‘5

L3 Cleveland Clin
HITACHI

E'iy %TERADATA TWare
n 0 r ﬁts%rulg?ﬁcé SShah a0 Helix Group IUA\

o MEMEX
g .,‘:::f'. B2 Laboratory
9 2 Y STANFORD .:'}ZGreene echnology
? e Lab
masilize Z@ NEC accenture -
AL SIS
€L 7 TOSHIBA 9
Alibaba Group CANARY CENTER 11NN
AT STANFORD . " =




The Snorkel / Weak Supervision Pipeline

def LF_short_report(x):
if len(X.words) < 15:
return “NORMAL”
ddddd -_off_shelf_classifier(x): O
if off_shelf. f_classifier(x) == 1: » Y O O
return “NORMAL” 2 O
def LF_pneumo(x): G l ‘
if re.search(r'pneumo.*’, X.text): »
\ def LF_ontology(x):
return “ABNORMAL”

,,,,,,,,,,,,,,,,,, 00
if DISEASES&>((\)N ooooo » @
PROBABILISTIC
LABELING FUNCTIONS LABEL MODEL TRAINING DATA END MODEL

1. Users write labeling 2> We model and combine 3. The generated labels

functions to create are used to train a
. these labels
noisy labels downstream model



https://www.google.com/url?sa=i&url=https://simpleicon.com/users.html&psig=AOvVaw075aR6SJe5h5dBHqx149_C&ust=1580927149362000&source=images&cd=vfe&ved=0CAIQjRxqFwoTCMDO7N_CuOcCFQAAAAAdAAAAABAD

The Snorkel / Weak SuperV|5|on Pipeline

O
A

PROBABILISTIC
LABEL MODEL TRAINING DATA

2. We model and combine
these labels

\---


https://www.google.com/url?sa=i&url=https://simpleicon.com/users.html&psig=AOvVaw075aR6SJe5h5dBHqx149_C&ust=1580927149362000&source=images&cd=vfe&ved=0CAIQjRxqFwoTCMDO7N_CuOcCFQAAAAAdAAAAABAD

Intuition

B 0 e e
T & & & & 8

v v

Naive approach: majority vote

Result

15



Improving on Majority Vote

Witnesses
ﬁJ

r.3

AL

~+ ~+ ~+ ~+ ~+
< < < < <
. | [ | [ | [

J

1. Incorporate
accuracies

Wltnesses
__________________ 2. Incorporate

Qﬂ ﬂ ﬂ correlations

UK




Label Model

Graphical Parameters

1. Accuracies 2. Correlations

E[A,Y] E[;1]

If we knew parameters... could
do inference P(Y |24, 15, ..., A,,)

Our goal: learn parameters,
without observing Y

17



How Does WS Work?

Look for latent relationships with observables

“‘:[)\1A2] —
|

Observable: Rate of
agreement/disagreement

“’:[)\1 Y]

“’:[AQ Y]

|

Accuracy Parameters: Want
to estimate these



How Does WS Work?

Exploit latent relationships with observables

g /\1 /\2

4, )\2 )\3

4, )\1 /\3 =

LAY
LAY

LAY

LAY
LAY

LAY

Multiply first two equations, divide by third

EMNY]| =

System in three
4&mm accuracies, lhs are three
pairwise rates

*‘:[)\1 )\2] *‘:[)\1 )\3]

“1[)\2 )\3]




But ML Is Far More Diverse...

e Labels can be real-valued

Applying simple linear regression to data
Black line = best fit line

100

Data Point

° X 1 datacadamia

rbloggers



Laughing Squid

Labels Can Be: Rankings

o,

“L_"‘"VJ'

Casey Newell




Labels Can Be: Hyperbolic Space Points

Hyperbolic Graph Convolution Networks, NeurlPS ‘19

22



Labels Can Be: Manifold Points

$qn
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Marcel Campen

Anders Sandberg
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Graphs

Labels Can Be
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left

parenl defn () pau'em

- puenl lcupuenl

@

Labels Can Be: Trees

body[0]

\alue p\renl target \op value

@ @ @ @ @ @ oo @ @

CTree

value Elice “gtx

Crmd @ @

value

SymbolRef

X

submitted
nsubjpass | auxpass prep
Bills were by
prep pobj
on Brownback
pobj / nn \\appo.s’
ports Senator Republican
cc conj prep
and immigration of

pobj
Kansas

Stanford NLP
25



How Do We Do This for Diverse Y's?

N

What does this multiplication even mean? -44

b


https://openreview.net/pdf?id=YpPiNigTzMT

Another Way of Encoding Accuracy

Common to our labels: a way to measure distance

Ranked lists: various ways to measure closeness
Manifolds: often equipped with a distance
Graphs: edges in common

Space with a distance: metric space

1 1
—exp (0;\;Y)) — 7 €XP (60;d(N;,Y))

Z -

Binary accuracy term General accuracy term

27



Distances Generalize Majority Vote

Before modeling accuracies... what’s a majority vote?

* All weak outputs might be different! (1,2,3,4,5)
(2,1,3,4,5)
* Need to use distance... the natural choice: (3,2,1,4,5)
(3,2,4,1,5)

FaS

Y = j d(y, A
argmymz (1,



How Do We Find Accuracies?

Need more relationships between latent terms and observables...

‘4:[)\1 )\2] —
|

Observable: Rate of agreement

l

“’:[)\1 Y]

“’:[)\2 Y]

|

Accuracy Parameters

l

Cld(A, A2)| = Eld(A,Y)]| + Eld(A2,Y)

Needs strong assumptions... alternatives exist



Some of Our Work

Snorkel MeTal: Training complex models with multi-task weak
supervision, RHDSPR, AAAI ‘19

Multi-Resolution Weak Supervision for Sequential Data,
SVSFFKRXFPR, NeurlPS ‘19

FlyingSquid: Fast and three-rious: Speeding up weak
supervision with triplet methods, FCSHFR, ICML’20
Comparing the value of labeled and unlabeled data in method-
of-moments latent variable estimation”, CCMSR, AISTATS ‘21
Universalizing Weak Supervision, SLVRS, ICLR ’22

Liger: “Shoring Up the Foundations: Fusing Model Embeddings
and Weak Supervision”, CFAZSFR, 22.
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Data Bottlenecks
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Embeddings
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Continuous representations that

preserve structure & relationships
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Preserving Relationships

Encode relationships into a graph

* Hierarchical relationships: trees
e Ex: Artists -> Albums -> Songs

. .
* Embed into Euclidean space? 1. Sgt. Pepper's l \ N
* Results in distortion e 5 Withatitde 3y In the
Help from My ywi
Eriends Diamonds

= Non-Euclidean Embeddings!

1. It Won't Be
Long
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Choice of Embedding Space Matters!

* Q: Do trees embed well in Euclidean space

/ Distance: V2

< Distance: 2 /

Distortion!

6 W 9
Compcr);ztsion 3 5



Euclidean space distorts hierarchical relationships.



Hyperbolic Geometry

3 S,
,f""// s
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/ \
//

/ A\
/ \
[ |
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t‘ \\n /
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~ =
~ s
[

What are these spaces? How do we use them in ML?
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1. Why does it work?

Models, Distances, and Trees

* Poincaré model of hyperbolic space

 Connection to tree distance:
* Hyperbolic distance:

T — acos Hx_y”2
dp (z,y) = acosh (1 TSR IIyHZ))

* Hyperbolics naturally represent trees!

1.0

0.5

—0.5 1

~1.04

| du(a, b)/(dx(a, O) + du(O, b)) (Hyperbolic Ratio)

de(a, b)/(de(a, O) + de(0, b)) (Euclidean Ratio)

0.447

0.447

38



2. How to embed?

Embedding Trees: New Constructions

* Powerful tool for embedding trees

* Arbitrarily low distortion! @ / \

* At each node: place children into
disjoint subcones

* Single global scaling factor. \ /

Non-Euclidean embeddings: scales matter!
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Optimization Model

* Examples: 20 node cycle and ternary tree

Epoch L. Epoch O
MAP 0,2 r-1 VPO, 104

/ \ / \

“\_,,/’ ‘ ‘\M,/’

2. How to embed?

Loss:
dw(pipy)\*
(dG(fﬂiafﬂjJ :

Optimizer:

Riemannian
SGD

2

1<i<i<n
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How do we go beyond hierarchical data?



Hierarchical Other Data

Model Spaces

-"*‘
L5
et
R

.

T

K=+1

curvature

Spherical Euclidean Hyperbolic

Problem: How do we combine these”? >



Hierarchical Other Data

2. How to embed?

Simple Answer: Take Products

Product manifold

P:Sslxgszx...XSSmxthXHhQX---XHh”XEea

* Distances decompose: i
o dp(x,y) =) d (i, i)
* Easy optimization ]
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Hierarchical Other Data

2. How to embed?

Results

)

Cycle Tree Ring of Trees
(V| =40, |[E[=40) ([V[=40,[E[=39) (|V|=40, |E| = 40)

(E3)1 0.106 0.148 0.099
(H3)?! 0.164 0.032 0.080
(S3)1 0.001 0.161 0.111
(H3)1x (S3)1 0.111 0.054 0.062
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Some of Our Work

Representation tradeoffs for hyperbolic embeddings, RHDSPR,
ICML'18

Learning mixed-curvature representations in product spaces,
GSGR, ICLR 19

Hyperbolic graph convolutional neural networks, CYRL,
NeurlPS ‘19

Low-dimensional knowledge graph embeddings via hyperbolic
rotations, CWSR, NeurlPS GRL’19

Low-Dimensional Hyperbolic Knowledge Graph Embeddings”,
CWIJSRR, ACL 20
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Thank youl!

Joint Work With:

Nicholas Roberts, Changho Shin, Winfred Li, Harit Vishwakarma, Dyah Adila, Aws
Albarghouthi, Ben Boecking, Chris Ré, Chris De Sa, Alex Ratner, Albert Gu, Paroma
Varma, Jared Dunnmon, Ines Chami, Beliz Gunel, Dan Fu, Mayee Chen

https://pages.cs.wisc.edu/~fredsala/

fredsala@cs.wisc.edu
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