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Active learning

e Data is everywhere!
e ...but maybe not cleanly labeled data
e ...that’s relevant to the particular task we’d like to learn

 Pool-based active learning: Predictor

Train > Predict
L abeled data & —_— —»>  — Unlabeled data %
_>
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Selection criteria

* The key question: which points should we choose for labeling?
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Uncertainty-based selection

» Myopic selection: arg max. _,, U(X; f.yrrent)

 Margin selection: simple baseline that’s usually almost best
UX,f) = pmost likely class for X) — p(second most likely class for X)
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Low-budget setting

» Very early in training, predictor [ .. IS useless

 Most active learning papers start with a big batch of random points
e Early on, uncertainty selection < random selection
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Representation methods: ProbCover

Active Learning Through a Covering Lens

Ofer Yehuda', Avihu Dekel’, Guy Hacohen'*, Daphna Weinshall

» Motivation: accuracy of a nearest-neighbour classifier on &

Pr (fg(x) IS wrong) all distances in self-supervised feature space (SImCLR, DINO)

X

< Pr (NN(x) is far from x) + Pr (nearby NN(x) has different label than x)
< (1 — Pr ( dx'e Z st |[x—x|| < 5)) + Pr (‘v’x’ s.t. |[x—x'|| £6, f*Xx) =f(x’))

probabilistic coverage

(no labels!) impurity

(requires labels)

» Approach: choose 0 small enough that impurity is small,
then choose £ to greedily maximize the coverage




The problem with ProbCover

» Performance is very sensitive to the choice of radius 0!

* They suggest a heuristic for

choosing 0

to achieve a given purity level,

but in our experience
it’s not very reliable
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1.0+

Generalized coverage

ProbCover

* Probabilistic coverage is a very discrete notion: X027
a point is covered or it’s not
* What about allowing “partial credit”? 0.0- | |
0 1 2 3

I;r <fg(x) S wrong) = [, [ﬂ ( * (NN g(x)) #f*(X))]

xe&

<|1-EL, [maxk(x,x)]| |+ E; max  k(x,x’) assu
XeZ X fF () E*(x) In Sa
generalized coverage generalized impurity
(no labels!) (requires labels)

 Exactly recovers previous bound when k(x, x") = I(||x —

x'es

=, [[I ( * (NN g(x)) #f*(x)) (1 —maxk(x,x’))] + E; [I] ( * (NN g(x)) #f*()ﬁ) (maxk(x,x’)

ming K IS monotonic

me distance as 1NN classifier

X'|| < 0)

)



MaxHerding

* Greedily maximize the generalized coverage
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» Choice of 0 barely matters!



Non-greedy optimization isn’t worth it

1 N
 Maximizing the coverage is exactly kernel k-medoids argmax — Z max k(x,x’)
scy N = xezus

n=1

 Monotone, nonnegative, submodular:
greedy optimization is at least 63% as good as optimal

* Non-greedy algorithm (Partitioning Around Medoids): barely better, way slower
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Fig. 3: Comparison on benchmark datasets using 1-NN classifier.
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Close connections to representation-based methods

Our Method Herding Methods
(a) Max kernel fn.

— Proposition 3

- ~  (d) Max. Kernel , N
Stein Discrepancy*

> Kernel Herding Stein Points

. J . J

Other AL Methods
(b) Top-hat fn. (e) Varying &

r ) r N = 4 N
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...but what about later in training?
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Selecting learning algorithm based on budget

* |f we have a low label budget, use a representation-based method
* |f we have a high label budget, use an uncertainty-based method

e ...where’s the line between “low” and “high”?

How to Select Which Active Learning Strategy is Best
Suited for Your Specific Problem and Budget

Guy Hacohen'*, Daphna Weinshall'
* Problems:
e Algorithm can’t use uncertainty-based measures
* Requires retraining many times
 Budget regimes might not be “discrete”



Uncertainty coverage
. UCoverage: -X[U(x; 1) max k(x, x’)]

x'eS
» Weight the generalized coverage by an uncertainty function U(x; f)

*  Selected *  Selected _ *  Selected
Proximity : Proximity " a Proximity
* o Woo ~ 0 | Uncertainty
P A » % .
* * *

probabilistic coverage generalized coverage uncertainty coverage



Feature 2

Uncertainty Herding

. UCoverage:

a [U (x;f) max k(x, x’)]

x'eS

» Weight the generalized coverage by an uncertainty function U(x; f)

— 1 N
. UHerding: drg 1max UCOV(g U {)’Z'}) = arg max — Z U(Xn,

) max k(x,x")
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Uncertainty Herding

UCoverage: -X[U(X;f ) max k(x, x’)]
x'eS
« Weight the generalized coverage by an uncertainty function U(x; f )

_— ] &
UHerding: arg max UCov(Z U {X}) = arg max — Z U(x,;f) max k(x,x’)
ey ey N X’EgU{fé}

n=1

Representation-based limit: MaxHerding when U(x; f) is constant over x

* |Implement with temperature scaling
» |f fis useless but calibrated,

On Calibration of Modern Neural Networks

then entropy/margin/etc are constant Chuan Go®! Geoff is™ Y Sun”" Kilan Q. Welnberger
* As fimproves, incorporates uncertainty more

Uncertainty-based limit: uncertainty sampling when kernel bandwidth — 0
« Use k(x,x") = k(||x — x'||/0); as 6 — 0, max UCoverage — max U(x; )

Implement witho = min ||x — x'||
XX EL xFEX



UHerding works

 Theorem: UHerding on the sample nearly maximizes UCoverage on the
distribution, assuming:

* a smooth kernel function with respect to the embeddings
 embedding dimension isn’t too huge

 bounded nonnegative U(x; )
* we select a small portion of the available points



UHerding works
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UHerding works
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UHerding works

Margin &~ BADGE @ Typiclust ©— MaxHerding Marein é— BADGE
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Figure 5: Comparison on CIFAR100 and DomainNet for transfer learning tasks.



UHerding works
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UHerding works

Method Low Middle High

Cl10 CI100 Tiny. Dom. ImN.| C10 C100 Tiny.| C10 C100 Tiny. Dom. ImN.

Entropy -18 -1.7 -06 -02 17 | -16 -29 -17 | 22 -06 -0.7 0.7 12
Margin -04 -03 -02 1.0 1.8 | -0.1 -04 -03 | 25 11 0.0 1.5 0.9
BADGE | -05 -01 -02 14 20| 06 -07 00 | 22 09 04 18 10
ALFA-M | 0.1 09 -03 28 5.1 1.1 0.6 0.1 23 13 02 19 1.0
Weight. k | -0.5 -0.1 -03 2.1 38 1 09 00 02|18 08 03 1.7 0.8
Coreset 27 45 -14 35 66| -13 -11 -54 | -10 -96 -55 -27 -12
ActiveFT — — — 44 6.6 — — — — = — 0.0 -0.1
Typiclust | 3.7 33 16 31 49 [ 49 18 21 |-08 -01 03 -32 -99
MaxHerd. | 50 41 21 62 106)| 62 28 19 | 01 -22 -15 10 -1.2
UHerding | 55 sS85 31 74 112 | 78 43 3.7 | 30 21 08 23 20

Table 1: Comparison of the mean improvement/degradation over Random selection on each budget
regime and dataset. The first, second, third best results for each setting are marked.



Close connections to other hybrid methods

 Weighted k-means (Zhdanov 2019):
e Swap k-means for greedy k-medoids
» Becomes exactly UHerding with a particular U

 ALFA-Mix (Parvaneh et al. 2022):
¢ Swap k-means for greedy k-medoids
 Becomes exactly UHerding with a particular U

« BADGE (Ash et al. 2020):
o Swap k-means++ for greedy k-medoids
* Not exactly UHerding
* but behaves similarly in high-temperature / low-bandwidth limits

* All of these methods are improved by our parameter adaptation scheme!



All of this was with images.
What about LLMs?




In-context learning

What Makes Good In-Context Examples for GPT-3?

Jiachang Liu'; Dinghan Shen?, Yizhe Zhang®’, Bill Dolan’, Lawrence Carin', Weizhu Chen?
'Duke University  “Microsoft Dynamics 365 AI  *Microsoft Research
!{fjiachang.liu, Icarin} @duke.edu
%3{dishen, yizzhang, billdol, wzchen} @ microsoft.com

select nearest neighbors O Q
PPN

Test Prompt

- ~
encode ~ Q: What county is Duluth Minnesota in?
[ What county is Frederick, MD in? j‘ ~~~~~~~~ / . \ A: St. Louis County
. °
encode PY

Training Data '

[Q: What county is Frederick, MD in? j
A:

: y,
[ 1 ] [ What county is Duluth Minnesota in? ] l
@ @
@ @

[ N ] [What Olympic athlete has won the most medals?]

\_ |

| encode ' [ Frederick County J

Figure 2: In-context example selection for GPT-3. White dots: unused training samples; grey dots: randomly sam-
pled training samples; red dots: training samples selected by the k-nearest neighbors algorithm in the embedding
space of a sentence encoder.



Active selection for in-context learning

e Collect labels to maximize coverage in this space,
SO new queries have good nearby in-context examples

e Several existing papers; algorithms have gotten much faster over time
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Does active selection for in-context learning work?

Classification
k-Shot Method —yes6 SST5 MNLI _ DBPedia RTE

Random 64544 479123 396+3.0 912+23 557 +3.0

oo Votek 626+£32 462+34 388430 866+ 28
IDEAL 65.1 +23 47.0+33 386417 921+19 588+23
Sub-SA 653423 484+ 3.8 019+18 573+12
Random 614162 478+25 386+41 863+L44 566L23
o _qq Yotk 601£52 402463 374+33 857460 S7S+1S
IDEAL 657 +29 449-+34 389431 843+48 555+27
Sub-SA 64.6 + 3.5 308+48 835+29 61.6=+0.9
Random 55.7 £59 42.0+46 379+37 729+63 549+58
L. Votek 475465 414£58 373425 879439 539407
IDEAL 613+75 395+64 367436 722+11.1 523+37
Sub-SA 603 +41 366+96 392+68 739+70 536+ 1.1

Table 1: Comparison in performance of state-of-the-art methods for classification tasks.

Blue: statistically better than random
Red: statistically worse than random

Multi-Choice  Dialogue
k-shot  Method Hellaswag MWoZ

Random | 656 +24 40.2+4.0

E — 100 Vote-k 65.1+24 47.7+2.2
IDEAL 65.3+26 429143

Sub-SA 65626 38.8+40

Random | 652 4+3.0 32.0+4.2

E— 18 Vote-k 65.2+32 423+4.3
IDEAL 646 1+29 347 +6.1

Sub-SA 64.1+24 33.6+t6.5

Table 2: Comparison on multi-choice and dialogue.

Generation
k-Shot  Method GeoO eum
Random | 57.6 £ 3.2 19.8 +£0.7
E — 100 Vote-k | 58.2+ 1.8 20.0+0.5
IDEAL | 584+16 19.3+0.3
Sub-SA | 594+ 1.7 19.6 =0.7
Random | 443 +2.6 19.1 £1.1
k18 Vote-k | 49.7 1.7 19.7 £ 0.6
IDEAL | 47.7+5.6 19.6+0.6
Sub-SA | 524 +2.3 19.3+0.8

Table 3: Comparison on generation tasks.



Does active selection for in-context learning work?

, Classification
Model ~ Size  Method —ymsa SST5 MNLI DBPedia RTE
Random 61.6+6.7 475+3.7 384+33 866+43 557+24
. Vote-k 60.1 6.1 449447 386+46 868+40 52.8-+4+0.8
MimlM - 25M IDEAL 655+38 449+38 372419 833+53 56.1+23
Sub-SA 62.1 6.0 439+4+49 405+ 3.8 S1. 3. 524+ 1.5
Random 609 +64 480+3.0 368+50 858+4+47 563124
GPT.] 6B Vote-k 63.2+3.3 37.94+25 829+27 582+1.5
IDEAL 665+21 477 +477 387 +22 845+43 575+2.5
Sub-SA 66.7 = 2.3 37.3 - 4.5 65.5 - 12.0 59.2 - 1.0
Table 4: Comparison of selection methods with different embedding models.
Classification
Model Method —urRpc SST5 MNLI _ DBPedia _ RTE
Random 503 +94 3274+26 352+4+26 220+1.1 493 +2.3
Puthia-1B Vote-k 46.0+27 31.2+37 348+23 23.0+40 505+09
y IDEAL 593442 296+26 355+4+34 246+6.1 496+ 34
Sub-SA 552+4+18 31.6+29 352422 234+43 54,7 +0.7
Random 628 +60 402+19 33.1+36 77.1+2.1 534426
Vote-k 61.0+39 397+4+43 34.1+24 80.1+20 564+1.2
GPT-Neo-27B - 1nEAL 653 +£12 395425 339433 694+71 51740
Sub-SA 67.1 12 42.14+46 36.7+46 67.3+7.7 584-+0.5

Table C.1: Performance comparison of inference-based LLMs in classification tasks.



Does active selection for in-context learning work?
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Figure 2: Density of cosine similarity between embeddings of training examples by dataset and embedding models.



Changing gears slightly:
why do we need to be so careful
with DPO?




Learning dynamics

After an update on x,,, how does
the model’s prediction on x, change?

A log nt( ) = —Uﬂt( ):Kt( ) Xu) gt(xwyu) +@(7]2)

I —1(x') T .”2
After ldentical
Before i | n-(ylxo _ L’)
net(XU) AT[
- - o3
1 1 l T Similar
O 4 9 ‘ T(y|x, = 9)
v , Y

0000000000



Learning dynamics in LLMs

For a prompt x,, how does learning the response v,
influence the model’s belief about another v,,?

Lspr £ —logz = —logmy (y|x) = Z logmg (¥11X, y<1)

X =Ixyl; z =hg(x); Te(ylx) = Softmax (z)

L
810 Y1) hm = = ) NA G ImlH o )G + Or?)
[=1



Learning dynamics in LLMs

Prompt: x,, Similarity to y; (hypothetical sketch)
Valid feedback Invalid feedback Ungrammatical
O + : : . >
nB ¢ 1. Chosen response y; Yu Oygpts Semantics
1.1 GPT rephrase chosen, Q.
preserving semantics Ygpts Yrnd
n > 1.2 GPT rephrase chosen, Oy]fﬂ
yu preserving format yg ¢ ;
2. Rejected response y,

2.1 GPT rephrase rejected, Oy;ptf ; ;
preserving semantics Ygp1s Y h“g‘
[xu’ yl‘ll'] Strong influence [Xu ] 2.2 GPT rephrase rejected, o |
preserving format y g, Yu '

£ >
( LI , y) ( q ) Y) 3. Irrelavent from train set y]?;,-

4. Random sentence by GPT y;,,m Edit distance

5. Random permuted chosen y;- ; v
(0y) "

(Xu, Yrnal



Averge log-probability

Learning dynamics in supervised finetuning

Chosen v.s. rejected
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+ +
Yu ygptf
D N -
180 Yu Ytest
- T +
ygpts Yhum

o 1 2 3 4 5 6
Number of epochs

Desired response
becomes more likely

Other decent responses
stay about the same



Averge log-probability

Learning dynamics in supervised finetuning

Chosen v.s. rejected Non-human response
~100 A —360 A
—370 A
—120 A —380 A
-390 -
140 —400 -
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160 A n . .
— W Yo | 0] — Y
st Ytest '
I Ygpts Yhum Y Yrnd W
, T T . T . T —440 +— T . T T . T
0 1 2 3 4 5 6 0 1 2 3 < 5 6
Number of epochs Number of epochs
Desired response Ungrammatical responses

becomes more likely become less likely

Other decent responses
stay about the same



Averge log-probability

Learning dynamics in supervised finetuning

Chosen v.s. rejected Non-human response _lyélhether y occured during trainin_g90
~100 A —360 A
—370 - )
—140 - ="t -100
~120 - 380 - .
~390 A ~150 - . - 110
~140 - P
—400 - L
~410 - \ 160~ - A//*’I&f“ - —120
~160 - v+ vt - A
——Yu gptf B | I — + 2 DY +
1807 Ygpts Yhum —430° Yrnd ,’ Yeest 7777 Yu
, T T . T . T —440 +—= T . T T T T —-180 .:’ T T T . T T -140
0 1 2 3 “ 5 6 0 1 2 3 - 5 6 0 1 2 3 > 5 6
Number of epochs Number of epochs Number of epochs
Desired response Ungrammatical responses

becomes more likely become less likely rrelevant responses
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Averge log-probability
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Learning dynamics in supervised finetuning
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Direct preference optimization (DPO)
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« Negative gradient helps the model not say y,




Direct preference optimization (DPO)
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« Negative gradient helps the model not say y,
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Learning dynamics in DPO

Chosen v.s. its rephrases Rejected v.s. its rephrases SFT then DPO using similar hypers Where was the probability mass gone?
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Greedy decoding
becomes much
more likely

Desired response
becomes Jess likely!

Basically everything
becomes less likely



Learning dynamics in DPO

* Fun fact: many effective methods (unintentionally) mitigate squeezing
effect, including PPO and GRPO

L = min(rd; clip(r,1 —€,1+ €)A4;)
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Thanks!

* Active learning can help

 For low label budgets, need representation-based methods
 Smooth notions of representation help!

* For high label budgets, need uncertainty-based methods

* Uncertainty herding can smoothly adapt

 But only when “coverage” Is a reasonable notion
 |.e. not for selecting points for in-context learning

* | earning dynamics can help explain preference finetuning
o Surprisingly simple negative gradient / squeezing effect explains DPO weirdness

* QOverall lesson: thinking about theory can be useful :)



