Promises and Pitfalls of Threshold-based Auto-labeling

';T\‘é.\‘ Appearing in

- 2 NEURAL INFORMATION
Harlt VIShWa karma {i PROCESSING SYSTEMS 2023
hvishwakarma@cs.wisc.edu ", 0

.0
Ph.D. Student

Dept. of Computer Sciences
University of Wisconsin-Madison

Yy \\Y
,//‘J/ V )
e °
F Spofhghf*’
> #
/ \\‘
y _— e ‘

WISCONSIN

UNIVERSITY OF WISCONSIN-MADISON

Heguang Lin Frederic Sala Ramya Korlakai Vinayak
hglin@seas.upenn.edu fredsala@cs.wisc.edu ramya@ece.wisc.edu



mailto:hvishwakarma@cs.wisc.edu
mailto:ramya@ece.wisc.edu
mailto:hglin@seas.upenn.edu

Roadmap

What & Why auto-labeling? How does it work? Analysis & Results

Data labeling problem Workflow of TBAL Conditions when TBAL works.

Comparison with
Active Learning, Selective
Classification

Wide adoption of Finding the
auto-labeling auto-labeling region




We need labeled data and often a lot of it!

Diagnosing a novel disease using Fine-tuning Foundation models
brain scans or Aligning LLMs

Labeled data

i
&
Normal Sick Sick Normal —_— —_ Supervised
lLabeIed data Foundation Model Fine-tuning
Web scale Unsupervised

Unlabeled data Pre-training

Supervised
Training




Data Labeling costs a lot of time and money

|M|’.bG EN ET Deng et. Al. 2009

Crowdsourcing 1S Widely used Took multiple years and a lot of human effort

to get labels T —
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How do we get accurately labeled data, while spending less
time and money?



Automatically label datasets with minimal human feedback
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Unlabeled Data

Get labels for “minimal” points from human
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Human Labeled data

Train a model on these labeled points and

: \

Train Model

Auto-label using the model
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Auto Label
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Labeled Data
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Auto-Labeling Errors and Their Impact

Auto-labeling

O
System eC Cp®,
|:> ':> O.Q ®9 040
o

Unlabeled Data Labeled Data


https://paperswithcode.com/sota/image-classification-on-imagenet

Auto-Labeling Errors and Their Impact

Unknown ®@® Human-labeled
True Decision Boundary OO Auto-labeled
X Labeling mistake

®e Auto-labeling
0% %o, System
0‘ o:o Y
0 00 ¢%¢ ® 00\0-%
0 WY
Unlabeled Data Labeled Data

1. The output dataset may have labeling errors

2. The impact of errors in datasets is more severe

a) Multiple downstream applications
b) Longer shelf-life than models.


https://paperswithcode.com/sota/image-classification-on-imagenet

Auto-labeling systems are widely used

L X uman-labeled
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! Ground Truth

Auto-labeling is heavily used commercially.

g@ Snorkel ;3 Labelbox @NCORD
superb Al PERE] <P

SAMSUNG SDS  / -
\ cloudfact()ry , health care, telecom, recruiting...

~— i So we need to understand them.

Even in high risk applications
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Despite wide adoption, our understanding of auto-labeling
systems is limited!



Despite wide adoption, our understanding of auto-labeling
systems is limited!

To address this gap we develop a theoretical understanding of
auto-labeling system:s.



Auto-labeling systems are widely used

Auto-labeling 0 Oqq 00 Autolabeled.
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from it.

Auto-labeling is heavily used commercially.
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\ cloudfact()ry , health care, telecom, recruiting...

Even in high risk applications

- | So we need to understand them.
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How does it work?

Workflow of TBAL

Finding the
auto-labeling region




Quality and Quantity of Auto-labeled Data
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Input

Unlabeled Data
i.i.d from space X

Auto-labeling
error tolerance

1 0 Bootstrap

___ Threshold-based Auto-labeling Workflow(TBAL)

. . Model Class
Create validation and Y- XY

initial training sets  h(x;w) = sign(w”

X)
O . .t ' Confidence Function
ab - o g: X —TCRT

g(x;w) = |w' x|

Training Set Validation Set

2 Find auto-labeling region,

where the model can be trusted

Trust Here
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Labeled Data

Remove points in auto-labeling region

Unlabeled Data Validation Data

1
Learn a model w using training set
Empirical Risk
Minimizer from
3 Auto-label points in
the identified region
5

Get more human-labeled data for
training and go to step | 1




Pretend we are LLMs and

Let’s think step by step with an example




___ Threshold-based Auto-labeling Workflow(TBAL)

Input

| 0 Bootstrap
. . Model Class
Unlabeled Data ] Create validation and Y- X s Y
i.i.d from space X initial training sets  h(x; w) = sign(w'x)
03 @ . E Confidence Function
“ .. L .. .. gXl—)TQR+
L | g(x;w) = |w' x|

Training Set Validation Set

Auto-labeling
error tolerance

Ca
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Unlabeled Data Learning f* is NOT the goal.

I.i.d from space X
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Input Expected Output

® @ Human-labeled

o ® ® o O O Auto-labeled
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TBAL Workflow : Bootstrap (Step 0)

Pick a Model class and Confidence function

Model/Hypothesis Class

Linear Classifiers Neural Nets
7_[ : X S y W={weR?: ||lwl|s <1}
h(x;w) = sign(w?!x
¥ = {xeR: x| < 1) o e
*
Y = {_1,_|_1}

Confidence/Scoring Function

Linear Confidence
Function Softmax Score

( ) = 1w
g(x;w
1+ e~ Iwhx|

g: X —=TCRT
T = 10,1

0.2 ( 0.1 | 0.7

= |w’ x|
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TBAL Workflow : Bootstrap (Step 0)

Pick a Model class and Confidence function

Model/Hypothesis Class

Linear Classifiers Neural Nets
7_[ : X S y W={weR?: ||lwl|s <1}
h(x;w) = sign(w?!x
¥ = {xeR: x| < 1) o e
*
Y = {_1,_|_1}

Linear Confidence
Function Softmax Score

X W) =
g 14 6_|WTX‘

g: X —=TCRT
T = 10,1

0.2 ( 0.1 | 0.7

= |w’ x|
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TBAL Workflow : Bootstrap (Step 0)

Get some labeled data for training and validation

O ’ ’ 0
O ¢ O i
o ® lid
Training Set

Dtrain — {(X’uyz) NS [traz’n}

Start small and gradually add more

Unlabeled Set

14

Validation Set
Dval — {(X'wyz) NS Ival}

Get “sufficiently” large amount of it.



Input

Unlabeled Data
i.i.d from space X

Auto-labeling
error tolerance

Ca

' 0 Bootstrap

___ Threshold-based Auto-labeling Workflow(TBAL)

. . Model Class
Create validation and Y- XY

initial training sets  h(x;w) = sign(w”

X)
O . .t ' Confidence Function
“ .. '°. : °..°...°..’ gXHTgR‘F

g(x;w) = |lw'x|

Training Set Validation Set

1

Learn a model w using training set

Empirical Risk
Minimizer from




TBAL Workflow : Step 1 Model training

Predict Blue
° ., _ h Learned Classifier
. . Train a model .
° O
o o T
o ® | o Predict Red
o -
' o
¢ . ®e R M' . A
Training Set g |Lin

h = EmpiricalRiskMinimizer(H, Dirqin)

h = arg min : Z 1{h(x;) # yi }

heH |Dt'rain‘ (%:,95)EDsras

In practice, usually some surrogate loss is minimized

16



Input

Unlabeled Data
i.i.d from space X

Auto-labeling
error tolerance

Ca

1 0 Bootstrap

___ Threshold-based Auto-labeling Workflow(TBAL)

Model Class

Create validation and Y- XY
T

initial training sets  h(x;w) = sign(w” x)

O a R Confidence Function
fa T gixeTCR
. . o g(X, W) — ‘WTX|

Training Set Validation Set

2 Find auto-labeling region,

where the model can be trusted

Trust Here

1
Learn a model w using training set
Empirical Risk
Minimizer from




TBAL Workflow: Step 2

Find the Auto-labeling region

ldea 1: Auto-label everywhere.

Predict Blue

A

h Learned Classifier

I am lazy and I trust Lin (the model)!
I will auto-label everywhere

18

® @ Human-labeled
O O Auto-labeled

X Labeling mistake




TBAL Workflow: Step 2 o Humanisbeled

O O Auto-labeled
Find the Auto-labeling region X Labeling mistake

ldea 1: Auto-label everywhere.

Predict Blue
h Learned Classifier OO
o
5 - O
O
g Predict Red @,
e > O
o - - /5 Y ,%‘ O
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L
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I am lazy and I trust Lin (the model)!
I will auto-label everywhere
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TBAL Workflow: Step 2 o Humanisbeled

O O Auto-labeled
Find the Auto-labeling region X Labeling mistake

ldea 1: Auto-label everywhere.

Predict Blue
h Learned Classifier
o
®
o
¢ Predict Red
S ~
o

AT
PA
/L / 2
4 il h
‘f;g‘ g g
! L B
SN b :%T?‘;'"\\\\}
W

I am lazy and I trust Lin (the model)!

L will auto-label everywhere Could lead to high auto-labeling errors!
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Panda’s strategy does not work,
he goes to Master Shifu for advice.



TBAL Workflow: Step 2

Find the Auto-labeling region

ldea 2: Auto-label where the model is accurate ( or trustworthy?)

Predict Blue

Masfer Shifu
The advisors

<=

Trust Here

Predict Red

Want this

Learned Model

How to find the yellow and green regions?

19



TBAL Workflow: Step 2

Find the Auto-labeling region

Use the validation data to find the region where the classifier can be trusted

X Incorrect
Dy v Correct

<=

Trust Here

20



TBAL Workflow: Step 2 o) = o

Find the Auto-labeling region

Regions defined by the confidence function

X Incorrect

v Correct A”(W’t’y) — {x € Xy g(x; V'V) > tL h(x, VAV) — ?/}

Auto-labeling Error estimation in these regions

~ 1 N
Eu(Wt,y) = - 1{h(x; W *(x
V1) = (g g 2 MBGsW) £ 1)
A- FX
By + HX

Predictions sorted by confidence scores

X VXV VXYY XX XX XX X X X

S T S T ——— S ————— T ——h—_
t=1

1
01



TBAL Workflow: Step 2

Find the Auto-labeling region 1. Estimate the auto-labeling error at several thresholds
Dyar 2. Pick the smallest threshold having error at most €,

Predictions sorted by confidence scores

VXVXVVVXVV XXXX XX XXX
— - - - - - | ; >

tl:O 1 1 | I I 1 t:1

Predictions sorted by confidence scores

X VXV VXYYV XX XX XX XX X

< : p ! 1 I I I I 1 ! >

Estimated
Auto-labeling Error

Threshold ¢

Smallest threshold that has error < €,

Predictions sorted by confidence scores

X X X X X X
: : ; —>

tl=0 | | | | 't =tg t=1 The hope

A

22



TBAL Workflow: Step 2 W) = [wTx]

Find the Auto-labeling region A, (W,t,y) = {x € X, : g(x; W) > t, h(x, W) = y)

Dval

Predictions sorted by confidence scores

VXVXVVIVXVVVXXXX XX XXX

S . R S —— . ———— R E————_
t=0 t=1

Estimated
Auto-labeling Error

Threshold

23



TBAL Workflow: Step 2 o) = Wl

Find the Auto-labeling region

l)val

Predictions sorted by confidence scores

X VXV VXYV XX XX XX XX X
t=0 t=1
t:tl

Estimated
Auto-labeling Error

Threshold ¢

24



TBAL Workflow: Step 2 o(x: W) = [wTx

Find the Auto-labeling region

Dval

Predictions sorted by confidence scores

VXV VXX XX XX XX X
t=0 1 t=1
=19

Estimated
Auto-labeling Error

Threshold ¢
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TBAL Workflow: Step 2

Find the Auto-labeling region

, Dval Predictions sorted by confidence scores
X XX X X X
4—I—I—I—I—I—|:—I—|—|—>
X t=0 =13 t=1
X X .
X'/ S
',' = L
y £ 2
’ T ©
4 Ll I
’ O
A 5
t=1 *
3

Threshold {

Cannot find a threshold on this side.
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TBAL Workflow: Step 2 g(x; W) = [Wwx

Find the Auto-labeling region )
Ay(W,t,y) = {x € X, : g(x; W) > ¢, h(x,W) =y}

Predictions sorted by confidence scores

L X X VX VXSS SIS S A S
D e S S S S S—
t-o t=1

Estimated
Auto-labeling Error

Threshold T
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TBAL Workflow: Step 2

Find the Auto-labeling region
A, (W,t,y) = {x € X, : g(x; W) > t, h(x,W) = y}

D’U CLl Predictions sorted by confidence scores
§~/ X vV XV VVVVVVVV

0 t;tl

t

Estimated
Auto-labeling Error

Threshold ¢

28



TBAL Workflow: Step 2 906 W) = ¥ x

Find the Auto-labeling region Ay (W, t,y) = {x € X, : g(x; W) > t,h(x,W) = y}

Predictions sorted by confidence scores

iV VIV VY VYV
D — | ' ' A ' ' | —
val -0 F— t=1

Estimated
Auto-labeling Error

Threshlold t

We found a threshold that has error < €,

29



Input

Unlabeled Data
i.i.d from space X

Auto-labeling
error tolerance

Ca

' 0 Bootstrap

__ Threshold-based Auto-labeling Workflow(TBAL)

Model Class

Create validation and Y- XY
T

initial training sets  h(x;w) = sign(w” x)

@ a R Confidence Function
fab g X TCRY
. . o g(X, W) — ‘WTX|

Training Set Validation Set

2 Find auto-labeling region,

where the model can be trusted

Trust Here

1
Learn a model w using training set
Empirical Risk
Minimizer from
3

Auto-label points in
the identified region




TBAL Workflow: Step 3 Auto-label points in the identified region

We found a threshold that has error < €4

Trust Here %o,

Estimated
Auto-labeling Error

Threshold
. ﬂ Unlabeled data

o © ©
®
® o
v ® O
v o © S
® ‘, Auto-labeled
W ®
» o
®
’0
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Input

Unlabeled Data
i.i.d from space X

Auto-labeling
error tolerance

Ca

__Threshold-based Auto-labeling Workflow(TBAL)

@

Create validation and

Bootstra
P Model Class

H: X — )Y

initial training sets  h(x;w) = sign(w”

)

Confidence Function
g: X—=TCR™"
g(x;w) = |w' x|

Training Set Validation Set

Find auto-labeling region,
where the model can be trusted

Trust Here

1
Learn a model w using training set
Empirical Risk
Minimizer from
3

Auto-label points in
the identified region

Unlabeled Data Validation Data




TBAL WOrkﬂOW: Step 4 Prepare for the next round

Remove auto-labeled points Remove points from the validation set
from the pool. Falling in the auto-labeling region.
O .. .. O . o
® o o O @ O
o e © o o
o O @
®e o o
0% e © .. ®
O o0 ®e o ® o
o0 o0 o ®
® ® o o ©
O @
¢ ®¢J.° o o o
o ® P
N O
O @
®
o® o
® ®

Remaining unlabeled data Remaining validation data
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Input

Unlabeled Data
i.i.d from space X

Auto-labeling
error tolerance

Ca

' 0 Bootstrap

___ Threshold-based Auto-labeling Workflow(TBAL)

. . Model Class
Create validation and Y- XY

initial training sets  h(x;w) = sign(w”

X)
O . .t ' Confidence Function
ab - o g: X —TCRT

g(x;w) = |w' x|

Training Set Validation Set

2 Find auto-labeling region,

where the model can be trusted

Trust Here

Unlabeled Data

1
Learn a model w using training set
Empirical Risk
Minimizer from
3 Auto-label points in
the identified region
5

Get more human-labeled data for
training and go to step | 1




Step 5: Query next batch of human-labeled data for
training

Use some active querying strategy

example: uncertainty sampling Next round’s training data

If there is unlabeled data left

Goto Step 1

35



Intermediate Rounds Output
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Input

Unlabeled Data
i.i.d from space X

Auto-labeling
error tolerance

1 0 Bootstrap

___ Threshold-based Auto-labeling Workflow(TBAL)

. . Model Class
Create validation and Y- XY

initial training sets  h(x;w) = sign(w”

X)
O . .t ' Confidence Function
ab - o g: X —TCRT

g(x;w) = |w' x|

Training Set Validation Set

2 Find auto-labeling region,

where the model can be trusted

Trust Here

0.0 OCoe
oe® OO (e
6 O O.O.
o)
0®0 00 o
® e ,O®OO6® oe
0O oo~ © > o)
" Yeo) @] (@)
R w0 %
o) ° o)
e O o0 08
O'o S
% .o 090
o “e0_ O ~o
o O oe®

Labeled Data

Remove points in auto-labeling region

Unlabeled Data Validation Data

1
Learn a model w using training set
Empirical Risk
Minimizer from
3 Auto-label points in
the identified region
5

Get more human-labeled data for
training and go to step | 1




Auto-labeled data in the end

Final Output

®® Human-labeled
OO Auto-labeled
X Labeling mistake

Output Labeled Dataset
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Error and Coverage

Auto-labeling Error < 1%

Coverage > 95%
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Theoretical Results

Conditions on the validation data for accurate auto-labeling

A A

= Estimated Error

e

Estimated threshold Threshold

= Estimated Error
- Population level (true) Error

Excess Auto-labeling Error

Auto-labeling Error
Auto-labeling Error

reshold

Estimated threshold

In the general setup: No assumptions on data distribution and function classes

Upper bound on excess auto-labeling error HT9 .= H x T (h,t) € HT9

Ny
O ( \/}T T mN,U (HT,Q)) # Validation points (h, t)(x) — {h(x) if g(h’x) > ¢

v abstain 0.W.

Lower bound on nhumber of validation samples to Instantiate the upper bound for
ensure auto-labeling error is belowe¢,

uniform distribution on unit-ball in R¢
with homogeneous linear separators
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Proof Sketch

With Finite Samples Population Level
Ay(h,t) ={x € X, :g(x;h) >t} A(h,t) ={x € X : g(x;h) > t}
c — X * X 8 h t) =
&) = Ty xe;}m)n{h( ) # £*(%)} (h]t) ()3

Predict

h(x) ™

Want this

wp. 1—0

Eh|t) < Ey(h|t) + W(Ny,0,H,9,T) VYheHVteT
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Proof Sketch

HD9 :=H xT (h,t) € H1>9
h(x) if g(h,x) >

abstain 0.W.

(h, 1)) = {

Predic'r
h(x) A

Predict

. \
Vi I
4
4
| ;
N 4;’,—\
~ Y /
- /
~~ 4 / / h( )
4 /
/

4

E(h,t) —

[P(h,t) —

1 —
E(h|t) < E(h|t) + Y(Ny,8,H,9,T) YheHNVtET

W.p. 0




Experiments



Active Learning and Selective Classification

Active Learning (AL)

err(h) = Ex[1{h(x) # y}]

h* € arg min Ex [1{h(x) # y}]
heH

A

err(h) —err(h*) — 0

error rate

active learning finds optimal
classifier with much less
human supervision!

err(h™)

Nowak & Hanneke,
# labels ICML 2019 Tutorial

Cohn et al. 1994;
Balcan, Dasgupta, Nowak, Zhu, Hanneke, Jamieson,

Chaudhury.... (Over the last 3 decades)

Selective Classification (SC)

<=

Trust Here

El-Yaniv & Weiner, 2010; Cortes, Desalvo, Mohri 2016;
Gelbhart & El-Yaniv 2019; Fisch, Jakkola et al. 2022;

A natural auto-labeling strategy (AL+SC):
First learn the best classifier using Active Learning,
then auto-label using selective classification.
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The methods work as expected on the circles example

Misspecified setting: Using incorrect model class, ( in practice the correct class is not known)

Epoch O

Epoch 1

Epoch 2

Epoch 3

Epoch 5

Epoch 6

g
L 4,,":'3} Fn g

B Queried +ve
B Queried-ve

Auto-Labeled +ve
Auto-Labeled -ve

Unlabeled
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We validate the results empirically

Fix the auto-labeling error tolerance and the max number of training points algorithm can use.

Vary the number of validation points

Increasing

NV Error (%) Coverage (%) NV EI‘I’OI’ (%) Coverage (%) N Error (%) Coverage (%)

100 |13.10 +180 ] 0.68 +0s81 | 71.43 4886 96.95 +1.01
O 200 [12.28 4021 | 3.11 +o0s86 |168.24 +620!| 57.77 +13.09
c 400 |[1.65 zoes| 032 2015 | 9327 1250 96.91 090 ot 1 1 2000 | 0O+00  0.0x00 | 0.0 00 0-0 200
= 800 ||1.08 047 | 0.24 2015 | 96.01 115 96.31 +136 00 | 1.29 +o10) 1.98 2040 [)63.81]+4s6)| 63.06 +1070 4000 [110.50 +601) 7.37 +as57 | 0.47 x005 048 +00s
g 1200 0.17 +o11 95.96 140 600 ||1.41 +o020| 1.81 +022 ||69.64 +398/] 62.92 +9.0 6000 [[10.61 +o62| 7.71 4103 | 10.16 +1.10  4.31 +1.10
o 1600 0.13 +oos 95.70 +138 800 |11.62 +o30| 2.04 +035 ||67.45 +372 | 63.22 +7.89 8000 6.80 +077 |125.84 +157] 14.43 1201

2000 0.21 +o.1 96.36 +1.13 1000 [11.64 +023) 1.97 4026 [|70.28 +282| 66.11 +s.00 10000 | 18.97 +036] 6.87 4048 [|32.19 +134f 21.96 +1235
# Classes=2 €4=1% # Classes=2 €4=5% # Classes =200 €,4=10%

Max # training points = 500 Max # training points = 500 Max # training points = 10000

As expected, we observe

Less validation data == high auto-labeling errors and high variance in coverage

=>

Suff. Large validation data

less auto-labeling errors and less variance in coverage
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Summary and Takeaways

Threshold-based Auto-labeling Workflow

Input

0 Bootstrap Model Class 1 "earn a modelw using training set
Unlabeled Data Create validationand  42/. y .,y
i.i.d from space x initial training sets  h(x;w) = sign(w”x)
O . - Confidence Function
b g: X —TCR*
. > . e .. g(x;w) = |wlx|
Training Set Validation Set
z Find auto-labeling region, 3 Auto-label points in
Auto-labeling where the model can be trusted the identified region
error tolerance 2ol
€a / e
Output
2230 S Remove points in auto-labeling region 2 Get more human-labeled data for
A 000 %o AN Tt training and go to step( 1
0.0. '88000.9 O:)
.og 968-82? 0:0 42
.O(ZO)O 09 o
Labe(;edoData Unlabeled Data Validation Data

1. Auto labeling is a promising solution to obtain labeled data.

2. Our work develops a theoretical understanding of auto-labeling systems.

3. The promise — Seemingly bad models can auto-label significant portion of data with good accuracy.

4. The pitfall — Hidden downside is it may need large amount validation data to ensure good accuracy.
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Thank You

Contact
Checkout our paper and code! Come to our poster @ NeurlPS ontact us

Harit Vishwakarma Heguang Lin
Hall B1 + B2 #1103 hvishwakarma@cs.wisc.edu hglin@seas.upenn.edu

Wed 13 Dec
3p.m.-5p.m. PST

Code

Frederic Sala Ramya Korlakai Vinayak
fredsala@cs.wisc.edu ramya@ece.wisc.edu

Paper https://openreview.net/pdf?id=RUCFAKNDb2
Code https://github.com/harit7/TBAL-NeurIPS-23
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