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I Introduction PEIFNP_E

training
> Model

/r
O

‘ \ query select
— O O <«—— | Unlabeled data

Oracle

Goal: query less for more.
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I Main Contributions PEIFNP_E

« Propose a method to find the optimal AL algorithm

Convert the data selection problem into the data permutation form, and
search for the optimal order with Simulated Annealing algorithm and a large
labeled validation set.

« Concrete experiments on deep learning tasks

Compare the optimal query strategy and heuristic methods with different
tasks, networks, stochasticity.

« Useful insights for both heuristic and optimal AL methods

1) AL works well in deep learning. 1i) training stochasticity tends to negatively affect
the AL performance. iil) the optimal method transfers better than heuristics (across
different networks) Iv) representativeness is very important for deep learning.
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| Data Labeling Order ~ Par,C

- Different query strategies lead to different order

_ﬂ-_-n

Uncertainty

MMD 1 19 40 29 22 67/
BALD 99 24 65 38 20 93
Coreset 3 41 92 32 83 20

Goal: find a permutation of unlabeled data which leads
to the highest average performance.
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| simulated Annealing  ParN,C

B The space of all labeling orders is prohibitive

B The order space is discrete

4

v Apply Simulated Annealing Search method

. ° ]-a Et+1 < Et
v Introduce an extra validation set P={ -5
Ei 1 > By

e kT ,

Either swaps two data points
from two different batches

-
N 1 EEE—
F—r===r= Orreplaces a data point in the
first K batches with one outside

—

N 4 —
%
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I Experiments Par'NP_E

Optimal Deep Active Learning Behaviors

Task  Type Dataset DY |DE|, | DM, DV, |DT| B, K Metric Architecture Heuristics

oC class. Fashion-MNIST 2000, 50, 150, 4000, 4000 25, 12 Acc CNN Max-Ent., (Batch)BALD
LSTM, CNN,

IC class. TOPv2 (alarm) 800, 40, 100, 4000, 4000 20,8 F1 AOE, RoBERTa Max-Ent., BALD

NER tagging MIT Restaurant 1000, 50, 200, 3000, 3000 25, 10 F1 LSTM (Norm.-)Min-Conf., Longest

Table 1: Summary of experiment settings. Architecture details are in App. .

Test Set DT Test Set D' Test Set D7

—&— Optimal: 0.764 —8— Optimal: 0.839
—&— Max-Entropy: 0.675 —8— Optimal: 0.887 —8— Min-Confidence: 0.811
—o— BALD: 0.667 —8— Max-Entropy: 0.846 —0— Norm.-Min-Conf.: 0.805
—&— BatchBALD: 0.658 —&— BALD: 0.861 —8— Longest: 0.793
—&— Random: 0.700 —8— Random: 0.817 —8— Random: 0.801
50 125 200 275 350 40 80 120 160 200 50 100 150 200 250 300
# Data Points # Data Points # Data Points

—
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I Experiments Par'NP_E

Effect of Training Stochasticity

Object Classification Intent Classification

0.887(0.880|0.884|0.883(0.884

0.753]0.751 0.88010.879
ks
&
o 0.760]0.750
2
S

0.762(0.749

0.742|0.756

3 4 o 1 2 3 4
Source Seed Source Seed

Figure 4: Training stochasticity negatively affects the
optimal quality. The number in each cell represents
qe(0¢r ), with € on the row and &£’ on the column. The
color represents q¢(0¢/) — qe(0¢), with darker colors
indicating larger gaps.
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Model Transfer Quality (on IC task)

Optimal

Random

Heuristic
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o
= 0.869 | 0.877 | 0.845 || 0.817 | | 0.860 | 0.850 | 0.852 | 0.838 I
et
g§-0.781 0.811 | 0.764 || 0.754 || 0.781 | 0.799 | 0.794 | 0.756
% | O
2 o
g§-0.847 0.855 0.814 || 0.798 | | 0.845 | 0.848 | 0.848 | 0.818
©
=
w1 0.896 | 0.897 | 0.905 | 0.914 || 0.874 | | 0.890 | 0.827 | 0.890 | 0.891 I
o
= o

CNN AOE RoBERTa

Source Achitecture

CNN AOE RoBERTa LSTM

Source Architecture

LSTM

Figure 5: Quality of optimal and max-entropy heuris-
tic order across different architectures. Cell color rep-
resents difference to the random baseline.
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I Experiments Par'NP_E

Model Transfer Quality (number of same data the first 160 data)

# Shared: 42 # Shared: 33 # Shared: 37 # Shared: 33 # Shared: 25 # Shared: 29

— — [ — ' = S |
LSTM CNN LSTM AOE LSTM RoBERTa CNN AOE CNN RoBERTa AOE RoBERTa
Optimal Optimal Optimal Optimal Optimal Optimal Optimal Optimal Optimal Optimal Optimal Optimal

# Shared: 62 # Shared: 84 # Shared: 84 # Shared: 90 # Shared: 68 # Shared: 78

LSTM  CNN LSTM  AOE LSTM RoBERTa CNN  AOE CNN RoBERTa AOE RoOBERTa
BALD BALD  BALD Max-Ent. BALD BALD  BALD Max-Ent. BALD BALD Max-Ent. BALD

Figure 6: A visual comparison of optimal (top) and heuristic (bottom) orders, for every pair of architectures,
showing the number of shared data points acquired under both architectures and their relative ranking.
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I Experiments Par'NP_E

Distributional Characteristics (OC task)

Optimal Order Max-Entropy Order
BALD Order BatchBALD Order
A A
4357, 4 A | v
353 3 5 y
a6, AATA
133 . 5 A\ b} « x
1 J11 423 54§§ 'y 2 54 3:‘;‘ 43
3 322 % 2 3% A
% A
; §% 2 3 ﬁl‘ o s =\szl ‘o o X
mE || W g
4
2 33
Optimal Order Max-Entropy Order Random Order BALD Order BatchBALD Orde
100 200 300 100 200 300 100 200 0 125 200 275 35050 125 200 275

# Data Points # Data Points # Data Pomts # Data Points # Data Points
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I Experiments Par'NP_E

Distributional Characteristics (IC task)

Optimal Max-Entropy BALD Random

1.0
0.8
0.4
0.2
0.0

Sentence Length Distribution

§ 08
2
2 0.6
B
2 0.4
Q
Ne]
Zo.2

0.0

120 160 200 40 120 160 200 40 120 160 200 40 120 160
# Data Points # Data Points # Data Points # Data Points

Figure 8: Sentence length and label distribution w.r.t. labeled set size for intent classification. For sentence
lengths, the colors represent, from bottom to top: 1-3, 4, 5, 6, 7, 8, 9, 10, 11-12, and 13+. For labels, the colors
represent, from bottom to top: create-alarm, get-alarm, delete-alarm, other, silence-alarm, snooze-
alarm, and update-alarm.
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I Experiments Par'NP_E

Distributional Characteristics (NER task)

Optimal Min-Confidence Random
o
S -
pa
9]
1]
o
. 1
c o
4
s
® 2 |
150 250 50 150 250 50 150 250
# Data Points # Data Points # Data Points
Optimal Min-Confidence Random

Tag Fraction

100 200 300 100 200 300 100 200 300
# Data Points # Data Points # Data Points
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Experiments Par'NP_E

Distributional matching regularization

Algorithm 2: Input Dist.-Matching Reg. (IDMR)

Input: A (mg, D¥, DY) that returns the next For OC, a K-means algorithm
data point in DY to label identified five clusters in the t-
dres = bin-distribution (D§ x UDY UDM); SNE space, which are used as
d.y = bin-distribution (D)%); the five bins. For IC and NER,
b* = argming (deur — dref); sentences are binned by length.

'Dg’i = {x € DY : bin(z) = b*};
return A (mg, DL, Dg’;)

Object Classification (Accuracy) Intent Classification (F1) Named Entity Recognition (F1)
0.80
0.90 - 0.86 1
0.75 1 0.84 1
0.85 4 ]
0.70 - 0.82
0.80 4
0 65 ] . 0.80 T .
: —8— Optimal: 0.764 0.78 —8— Optimal: 0.839
—8— Max-Entropy: 0.675 —8— Optimal: 0.887 —8— Min-Confidence: 0.811
0.60 —0— BALD: 0.672 0.75 —&— Max-Entropy: 0.846 0.76 —0— Norm.-Min-Conf.: 0.805
—8— BatchBALD: 0.652 —&— BALD: 0.856 —8— Longest: 0.793
0.55 —e— Random: 0.701 —o— Random: 0.816 0.741 —e— Random: 0.801
' ~@— IDMR (t-SNE): 0.722 | 0.70 A —~o— IDMR (Length): 0.861 0.72 1 —~o— IDMR (Length): 0.818
50 125 200 275 350 40 80 120 160 200 50 100 150 200 250 300
# Data Points # Data Points # Data Points
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I Conclusion ParN E

« This paper proposes a Simulated Annealing Search
method to obtain the optimal query queue.

« Optimal strategy is model-dependent.
« Optimal strategy is more transferable than heuristics.

« Optimal strategy suggests to matches the data
distribution

- Existing heuristics can be further improved by a
distributional matching regularization

—
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