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Active Learning for Multiple Target Models
Sheng-Jun Huang , Yi Li , and Ying-Peng Tang

Abstract—We present a novel setting of active learning (AL)
where multiple target models are simultaneously learned. This
setting arises in real-world applications where machine learning
systems require training multiple models on the same labeled
dataset to accommodate diverse devices with varying computa-
tional resources. However, traditional AL methods are often limited
by their model dependence and non-transferability. In this paper,
we address the question of whether an effective AL method can
be designed for multiple target models. We analyze the query
complexity of active and passive learning in this setting and demon-
strate the potential for AL to achieve improved query complexity.
Based on this insight, we further propose an agnostic AL sampling
strategy which selects examples located in the joint disagreement
regions of different target models. Experimental evaluations on
classification and regression benchmarks validate the effectiveness
of our approach over traditional AL methods.

Index Terms—Machine learning, active learning, query
complexity.

I. INTRODUCTION

DATA labeling is usually expensive due to the involvement
of human annotators. Active learning (AL) is a main ap-

proach to reduce the labeling cost [54]. It assumes that different
data have varying impacts on the model performance, and thus,
efficient model training can be achieved by selectively labeling
the informative examples. Active learning evaluates the utility
of the unlabeled data based on the model to be learned, i.e.,
the target model, from various aspects and actively queries the
ground-truth labels for the examples that would most benefit the
model’s performance improvement. Commonly used selection
criteria include uncertainty [19], diversity [34], representative-
ness [33], among others. In the past decades, many works have
validated the great potential of active learning in reducing train-
ing data while achieving the same performance across various
tasks [31], [62], [69].
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Existing active learning methods typically aim to fit a single
specific target model with the fewest queries, such as SVM [31],
hidden Markov model [52], neural networks with specific ar-
chitectures [56]. However, in many real-world applications,
machine learning systems are required to be deployed on mul-
tiple types of devices with different resource constraints [9].
For example, speech recognition software needs to support a
wide range of machines, from high-performance workstations
to mobile phones. Due to differences in computational resources,
the applicable model architectures can vary considerably. A deep
model which performs well on the cloud server may not be
suitable for deployment on edge devices. As a result, it becomes
necessary to train multiple models with different complexities on
the same labeled dataset to accommodate these diverse devices.

Given multiple target models, it has become a practical and
challenging problem to improve them effectively with the fewest
labeled data. Conceivably, different models will have different
preferences on the training data, which has been verified by
many works showing that AL is usually model-dependent and
nontransferable [46], [49], [70], i.e., the best query strategy
for different target models can vary significantly [71]. In other
words, the data queried by one model may be less effective when
used to train another model [46]. These observations indicate
that the existing active query strategies can hardly benefit all
target models simultaneously, highlighting the necessity and
challenge of designing AL algorithms for multi-model scenar-
ios. This raises a natural question: “Does there exist an active
learning method which can query a set of labeled data in such
a way that all the target models can be effectively trained using
those data?”

In this paper, we formally define the problem of active learn-
ing for multiple target models, where multiple heterogeneous
models are learned on the same labeled dataset. Our goal is to
actively query the informative unlabeled data that carry crucial
information about the learning task in order to improve the
performances of all target models simultaneously with the least
possible queries. To verify the rationality and solvability of the
problem, and demonstrate the potential improvement of AL
under this novel setting. Based on this insight, we further pro-
pose an agnostic disagreement-based selection criterion for both
classification and regression tasks. we first define and analyze
the query complexity for both active and passive learning under
the setting of multiple target models. This query complexity
characterizes the number of labeled examples sufficient to train
an ε-good classifier with probability at least 1− δ for every
target model. We establish that the query complexity of multiple
models can be upper bounded by that of an appropriately de-
signed single model in the realizable case (i.e., the target concept
which generates the ground truth is contained in the hypothesis
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space), indicating the potential improvement of AL under this
setting. To further explore the agnostic case, we propose an
active selection method called DIAM (i.e., DIsagreement-based
AL for Multi-models) to select the best examples beneficial to all
target models. It prefers the data located in the joint disagreement
regions of different models as they are expected to be more
effective in reducing the soft version space (i.e., the set of
hypotheses with lower errors). We provide a rigorous theoretical
analysis of the DIAM method and propose efficient implemen-
tations for both deep classification and regression tasks. For
classification tasks, our implementation exploits the models in
the later training epochs to construct joint disagreement regions
and further considers the diversity criterion in data querying to
enable batch mode selection. For regression tasks, we consider
two problem definitions and demonstrate that identifying the
data in disagreement regions can be efficiently solved using
linear algebraic techniques. To validate the importance of de-
signing active query methods for multiple target models and
to evaluate the effectiveness of our proposed approaches, we
conduct experiments on the benchmarks representative of tasks
which are typically required to support multiple types of devices.
The first task is Optical Character Recognition (OCR) used for
deep classification and the second is Facial Landmark Detection
(FLD) used for regression. Our results show that the DIAM
method significantly outperforms traditional active and passive
learning methods for multiple models in terms of reducing
the number of queries required while achieving higher mean
accuracy.

We summarize the contributions of this work as follows.
1) We formally define the novel setting of active learning for

multiple target models, which aims to reduce the labeling
cost for the application scenarios that need to support a
wide range of machines.

2) We establish that the query complexity of multiple models
can be upper bounded by that of an appropriately designed
single model under the realizable case, demonstrating the
potential improvement of AL in this setting.

3) We propose an agnostic active learning algorithm for
multiple target models, and provide theoretical analysis on
its superiority in terms of the query complexity compared
with the baseline methods.

4) We extend the proposed DIAM method for deep classi-
fication. Our implementation exploits the training pro-
cess of neural networks to find disagreement regions and
introduces the diversity criterion to enable batch mode
selection.

5) We further extend the proposed DIAM method for deep
regression. We demonstrate that identifying the data in
disagreement regions in mean-squared loss can be effi-
ciently solved using linear algebraic techniques.

6) Extensive experiments are conducted on the benchmarks
of OCR and FLD tasks. The results show that the DIAM
method can significantly outperform the other baseline
methods in terms of reducing the number of queries re-
quired while achieving a higher mean accuracy.

Note that, a preliminary version of this work has been pub-
lished in [61]. We summarize the updated contents as follows.

i) We have improved the original DIAM query strategy by
introducing a diversity criterion to boost its performance in
batch mode querying. ii) We have extended the proposed DIAM
method for deep regression tasks with efficient implementa-
tions using linear algebraic techniques. iii) We have employed
more classification and regression benchmarks to validate the
effectiveness of our method. iv) We significantly improved the
presentation of the paper.

The remainder of the paper is organized as follows. Section II
provides a review of related work. In Section III, we formally
define the AL for the multiple target model problem and present
a general result which bridges the query complexity between
single and multiple models. Section IV explores the potential
improvement of AL under this novel setting. Next, in Section V,
we propose and analyze an agnostic active selection criterion.
Section VI presents the empirical studies conducted to eval-
uate the proposed method. Finally, we conclude our work in
Section VII.

II. RELATED WORK

A. Learning Multiple Target Models

As the complexity of deep models increases, many machine
learning systems need to learn light models to ensure user
experience on diverse devices with varying computational con-
straints [47]. To achieve this goal, most studies aim at reducing
the size of a big model with high accuracy, while minimizing
the performance loss. This can usually be implemented by
knowledge distillation (KD) [22] and model compression [12].
The former focuses on distilling knowledge from a larger teacher
model to a smaller student model. Based on the types of knowl-
edge being distilled, there are primarily three categories of
approaches, Response-Based KD [4], [30], which regularizes
the logits or soft predictions of the teacher and student mod-
els, Feature-Based KD [51], which transfers the intermediate
representations, and Relation-Based KD [68], which mines the
relations between different layers or data. The latter aims at
pruning the less important nodes or units from the model [24],
[25], [42], or quantizing the parameters and activations to
low-precision data types [35], [38] to reduce the model size
and accelerate the inference speed. The pruning-based methods
calculate the saliency score of different parameters to identify
the non-informative nodes, leading to less performance loss after
eliminating them. Quantisation-based methods usually rescale,
clamp, or transform the weights into fixed-point, rather than
floating-point, numbers to reduce memory occupation and im-
prove efficiency.

Recently, Neural Architecture Search (NAS) [18] is extended
to search hardware-aware models [9], [10], [29] to support
devices with different computational resources. For example,
He et al. [29] incorporate model compression into the model
search phase and employ reinforcement learning to optimize
both compression policy and model architectures. Cai et al. [9]
propose an efficient NAS method to search different architec-
tures for various devices with only training the super-net once,
so that small models can be efficiently evaluated by pruning
the super-net with weight inheriting. All of the aforementioned
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methods address the challenge of supporting devices with lim-
ited computational resources from the model perspective. In this
work, we aim to tackle this challenge from a data perspective.

B. Active Learning

Active learning has been widely applied to address the in-
creasing demand for labeled data in training deep models [50].
One of the tasks of AL is evaluating the potential contribu-
tion of each candidate query to the performance improvement
of the target model. Most of the existing selection criteria
can be categorized into informativeness and representative-
ness. The informativeness-based methods [21], [36], [66] select
the data which is close to the decision boundary, while the
representativeness-based methods [44], [53], [57] impose the
constraints to regularize the queried data to be dissimilar with
each other or conform to the latent data distribution. Many
works also try to combine both criteria to achieve better per-
formances [17], [59], [67]. Beyond these hand-crafted selection
criteria, several meta-active-learning query strategies [37], [48],
[64] are proposed to learn a generalizable query strategy across
tasks. Most of the existing AL query strategies target on improv-
ing one specific target model.

From the theoretical view, one of the interested properties
of an AL algorithm is the query complexity [26], [28], which
characterizes the number of queries needed to obtain an ε-good
classifier with probability at least 1− δ. To bound this value,
disagreement coefficient [7], [8] and shattering [11], [27] are
two commonly used techniques. While most works deal with the
single model setting, Balcan et al. [6] study the query complexity
of the hypothesis space and its subclasses, which sheds light
on this work. However, they mainly focus on how to construct
subclasses to achieve a certain query complexity, while we
aim to find an effective AL algorithm on the given hypothesis
spaces.

Recently, some AL methods have addressed the scenario
where the target model has not been given before querying.
Instead, only a candidate set of models is available. In this
setting, these methods face the challenge of identifying the
most effective model from the candidate set for the current task
and fitting it with the fewest queries. To this end, ALMS [1]
maintains two sets of data: an unbiased labeled set for evalu-
ating candidate models and an informative dataset for effective
model learning. At each iteration, the method computes a utility
score to determine whether to query based on expected error
reduction or query randomly. Active-iNAS [20], designed for
the deep learning setting, employs NAS to search for an op-
timal model architecture iteratively while querying examples
to enhance the performance of the currently identified best
network architecture. Recently, Tang and Huang [60] propose
a unified framework to incorporate model selection and active
data querying. They employ truncated importance sampling to
overcome the data bias in model evaluation and select data based
on the inconsistency among the candidate models for querying.
While all these methods focus on identifying the most effective
model configurations from a set of target models, our work tries
to improve all target models simultaneously.

III. QUERY COMPLEXITY OF SINGLE MODEL AND

MULTIPLE MODELS

A. Notations and Definitions

Throughout the paper, X and Y denote the feature space and
the label space, respectively. A hypothesis is a mapping from X
to Y and there is an unknown target hypothesis h∗, which gen-
erates the ground-truth label y ∈ Y for each x ∈ X . We assume
that there is an unknown distribution DX over X , from which
the data are sampled. The generalization error of a hypothesis h
is then defined as err(h) = Px∼DX

(h(x) �= h∗(x)).
Consider a dataset of n data points which are sampled ran-

domly and independently from DX . In active learning, the
dataset usually consists of a small labeled setL = {(xi, yi)}nl

i=1

of size nl, which is used for model initialization, and a large
unlabeled set U = {xi}nl+nu

i=nl+1 of size nu, which is used for
data querying. Here, nl � nu and n = nl + nu. The goal of an
active learning algorithm is to produce a hypothesis h of small
generalization error by querying the labels of data points in the
unlabeled set U as few times as possible.

More specifically, in the single model setting, we are given
a target model, i.e., a hypothesis space (e.g., SVM, decision
tree, multi-layer perceptron, etc.), which implicitly define a set
of hypotheses, namely, a hypothesis space, C before querying.
A learning algorithm seeks to output a hypothesis h ∈ C such
that its generalization error err(h) is close to the minimum error
ν = infh∈C err(h). When h∗ ∈ C, we say the learning task is
realizable, which indicates that ν = 0. Otherwise, it is called
agnostic learning.

Meanwhile, the active learning algorithm aims at minimizing
the number of label queries for points in U . This is characterized
and assessed through the notion of query complexity [28]. Below
is the definition of the query complexity for the single target
model.

Definition 1 (Query complexity for single target model, [28]):
Suppose that ε, δ ∈ (0, 1) andA is an active learning algorithm.
We say that A achieves query complexity Λ(A; ε, δ,DX) on
the hypothesis space C and distribution DX if, for every query
budget t ≥ Λ(A;DX) and for every target hypothesis h∗, the
algorithm A, using at most t queries, returns a hypothesis ht,δ

such that

P (err (ht,δ) ≤ ν + ε) > 1− δ, (1)

where the probability is over the random samples drawn from
DX .

Moreover, we say thatA achieves (distribution-independent)
query complexity

Λ (A; ε, δ) = sup
DX

Λ (A; ε, δ,DX)

on the hypothesis space C.
When ε and δ are clear from the context, we may omit them

and simply write Λ(A;DX) and Λ(A).
In the multiple target models setting, there are k hypothesis

spaces C1, . . . , Ck and a learning algorithm seeks to output k
hypotheses h1, . . . , hk such that hi ∈ Ci and err(hi) is close to
the minimum error νi = infh∈Ci err(h) in the i-th hypothesis
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space Ci. Next is the formal definition of query complexity of
active learning for multiple target models.

Definition 2 (Query complexity of multiple target models):
Suppose that ε, δ ∈ (0, 1) andA is an active learning algorithm.
We say thatA achieves query complexity Λ̃(A, ε, δ,DX) on the
hypothesis spaces C1, . . . , Ck and distribution DX if, for every
query budget t ≥ Λ̃(A,DX) and for every target hypothesis h∗,
the algorithm A, using at most t queries, returns hypotheses
hi
t,δ ∈ Ci (i = 1, . . . , k) such that

P
(
err

(
hi
t,δ

) ≤ νi + ε
)
> 1− δ, ∀i = 1, . . . , k, (2)

where the probability is over the random samples drawn from
DX .

Moreover, we say thatA achieves (distribution-independent)
query complexity for multiple target models

Λ̃ (A; ε, δ) = sup
DX

Λ̃ (A; ε, δ,DX)

on the hypothesis spaces C1, . . . , Ck.
When ε and δ are clear from the context, we may omit them

and simply write Λ̃(A;DX) and Λ̃(A).
Before presenting our main results, we introduce a function

to evaluate the difference between hypotheses, which is a pseu-
dometric of hypotheses. This function plays a crucial role in the
proof of the theorem.

Definition 3: Given DX , the probability of disagreement
between two classifiers h1 and h2 is defined as d(h1, h2) =
Px∼DX

(h1(x) �= h2(x)).
It is not difficult to verify that d(·, ·) as defined above is indeed

a pseudometric; see, e.g., [26]. In particular, this means that the
triangle inequality holds.

Finally, given a labeled setL, we define the empirical error of a
hypothesis h on L to be e-errL(h) = 1

|L|
∑

(x,y)∈L I[h(x) �= y],
where I[·] is the indicator function. We also define Log(a) =
max{ln(a), 1} for all a > 0.

B. Translating the Query Complexity of Single Model to
Multiple Models

Denote by Λi(P) and Λi(A) the query complexity on Ci
achieved by passive learning P and a specific active learning
algorithm A, respectively. When applying the existing algo-
rithms to multiple target models setting, passive learning has a
trivial query complexity for multiple models, namely, Λ̃(P′) ≤
maxi Λi(P), where P′ queries data randomly and outputs the
empirical minimizer of each target model. This bound follows
from the definition of query complexity of passive learning and is
clearly tight without extra assumptions. The query complexity
of active learning for multiple models, however, is much less
understood. The trivial upper bound, assumed to be obtained
by algorithm Ã which applies the AL algorithm A to each
target model individually, is much worse: Λ̃(Ã) ≤∑

i Λi(A).
Our theorem below provides a possible direction to improve the
upper bound of query complexity for AL. It shows that finding
an ε-good classifier from each hypothesis space C1, . . . , Ck is
equivalent to finding an (ε/2)-good classifier in the combined
hypothesis space C̃ = C1 ∪ · · · ∪ Ck in the realizable case.

Theorem 1: Suppose that ε, δ ∈ (0, 1), C1, . . . , Ck are k

hypothesis spaces and h∗ ∈ C̃ = ⋃k
i=1 Ci. If there exists an

active learning algorithm A which achieves query complexity
Λ(A, ε, δ) on C̃, Then, there exists an active learning algo-
rithm A′ which achieves the query complexity Λ̃(A′, ε, δ) =
Λ(A, ε/2, δ).

Proof: Given A, we define an algorithm A′ as follows.
First, A′ runs the algorithm A on C̃ to query t ≥ Λ(A, ε/2, δ)
labels and outputs a classifier hA. By definition, d(hA, h

∗) ≤
ε/2 with probability at least 1− δ. Next, for each Ci, the
algorithm A′ outputs the classifier ĥi ∈ Ci, which is given by
ĥi = argminhi∈Ci d(hi, hA).

We claim that A′ outputs the desired classifier for each Ci,
that is, err(ĥi)− νi ≤ ε holds with probability at least 1− δ.

By Definition 3, bounding err(ĥi) is equivalent to bounding
d(ĥi, h

∗). Let h∗i = argminhi∈Ci err(hi) so νi = d(h∗i , h
∗). By

the triangle inequality,

d
(
ĥi, h

∗
)
≤ d

(
ĥi, hA

)
+ d (hA, h

∗) . (3)

The first term can be bounded as

d
(
ĥi, hA

)
≤ d (h∗i , hA) ≤ d (h∗i , h

∗) + d (h∗, hA) (4)

using the definition of ĥi and the triangle inequality. Combining
Eqs (3) and (4) yields that

d(ĥi, h
∗) ≤ d(h∗i , h

∗) + 2d (hA, h
∗) ≤ νi + 2 · ε

2
= νi + ε.

The proof is now complete. �
Remark 1: Theorem 1 provides a general guarantee, namely,

an algorithm A which achieves distribution-independent query
complexity Λ(A, ε/2, δ) on the combined hypothesis space C̃
derives an algorithmA′ to achieve query complexity Λ̃(A′, ε, δ)
on C1, . . . , Ck. This result enables the application of traditional
AL methods to solve the problem of AL for multiple target
models. Note that Theorem 1 also works for multi-class clas-
sification, it is applicable for a wide range of existing active
learning algorithms, such as [7], [27].

By applying Theorem 1 and query complexity result in finite
VC dimension [6, Corollary 1], we can immediately get the
following corollary for multiple models in binary classification.

Corollary 1: Consider binary classification tasks. Given k
hypothesis spaces C1, . . . , Ck. Suppose that h∗ ∈ C̃ = ⋃k

i=1 Ci,
and C̃ has a finite VC dimension d <∞. Then, for any ε ∈
(0, 1/2), δ ∈ (0, 1/4), there exists an active learning algo-
rithm Āwhich achieves the query complexity Λ̃(Ā, ε, δ,DX) =
o(1/ε).

Remark 2: Corollary 1 gives a general result for AL for multi-
ple models in binary classification, suggesting a great potential.
Concretely, it establishes that even when the true hypothesis
may lie in any one of k different model classes, as long as
their union has finite VC-dimension, active learning still enjoys
a strictly sub-(1/ε) distribution-dependent query complexity
for multiple models. We note that, it is also easy to derive a
distribution-independent query complexity for multiple target
models using [28, Theorem 8.2] and Theorem 1 with filtering
trivial distributions.
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In Sections 4 and 5, we will show the potential of active
learning in multiple models setting, and propose a more effective
algorithm.

IV. POTENTIAL IMPROVEMENTS OF ACTIVE OVER PASSIVE

In this section, we discuss the potential of AL under the
multiple models setting. Our discussion will be focused on the
realizable setting, leaving the agnostic setting for future work.

We first introduce the notion of disagreement coefficient,
which roughly characterizes the behavior of the size of dis-
agreement region DIS(·) as a function of the hypotheses within
a radius r around the classifier h. The formal definition is as
follows.

Definition 4 (Disagreement region and coefficient): Suppose
that C is a set of hypotheses. Given the data distributionDX , the
disagreement region of C is defined as

DIS(C) = {x ∈ supp(DX) | ∃h, h′ ∈ C s.t. h(x) �= h′(x)},
where supp(DX) is the support ofDX . Let h ∈ C be a classifier
and r0 ≥ 0. The disagreement coefficient of h with respect to C
on DX is defined as

θCh (r0) = sup
r>r0

max

{
Px∼DX

[x ∈ DIS(BC(h, r))]
r

, 1

}
,

where BC(h, r) = {g ∈ C | d(h, g) ≤ r}.
For empirical risk minimization of binary classification, upper

bounds of the query complexity of passive learning algorithms
are known for single hypothesis space [28].

Lemma 1 ([28]): Consider the binary classification problem
with a hypothesis space C of VC dimension d. The passive
learning algorithm ERM achieves a query complexity Λ(ERM)
such that, for any DX and any ε, δ ∈ (0, 1),

Λ (ERM, ε, δ) � 1

ε

(
dLog

(
θCh∗ (ε)

)
+ Log

1

δ

)
(5)

in the realizable case and

Λ (ERM, ν + ε, δ) � ν + ε

ε2

(
dLog

(
θCh∗ (ν + ε)

)
+ Log

1

δ

)

(6)
in the agnostic case, where θCh∗(·) is the disagreement coefficient.

Consider the setting of h∗ ∈ C̃ but h∗ /∈ C1 ∩ · · · ∩ Ck. We
believe this scenario is more common in real-world applica-
tions, as multiple models tend to exhibit diversity. In this way,
maxi Λi(ERM) has the form of (6).

To show the potential of AL under this setting, we take the
CAL method [15] as an example, which is a representative and
well-analyzed approach in the active learning literature [28].
CAL queries the examples from the disagreement region of a
set of consistent hypotheses, i.e., DIS(V ), where V = {h ∈
C |h(x) = y,∀(x, y) ∈ L}. It achieves the query complexity
of Λ(CAL, ε, δ) � O(θCh∗(ε) log(1/ε) log(θCh∗(ε) log(1/ε))) in
the realizable case and binary classification task. Applying The-
orem 1 immediately yields the algorithm CAL′ which achieves
the following query complexity for the multiple target models.

Corollary 2: Given target models C1, . . . , Ck with h∗ ∈ C̃ =⋃k
i=1 Ci. Suppose C̃ has VC dimension d <∞ and ε, δ ∈ (0, 1).

Let CAL′ be the algorithm that applies CAL on C̃ to obtain
ε/2-good classifier, then outputs ĥi = argminhi∈Ci d(hi, hA)
for i = 1, . . . , k. It holds in the binary classification that

Λ̃
(
CAL′, ε, δ

)
� θC̃h∗(ε/2) Log(2/ε)

·
(
dLog(θC̃h∗(ε/2)) + Log

(
Log(2/ε)

δ

))
. (7)

To illustrate the potential improvement, consider the query
complexity of passive learning, which is heavily influenced by
the worst hypothesis space, quantified by maxi minh∈Ci err(h).
Assuming that maxi minh∈Ci err(h) > ε, Lemma 1 implies for
passive learning a query complexity upper bound, i.e., Ω(1/ε),
for multiple target models. On the other hand,CAL′ has an upper
bound of query complexityΩ(Log(1/ε)) by Corollary 2, leaving
a huge room for improvement for active learning in this setting,
which is an intriguing area for future investigation. Now we
proceed to examine the agnostic case (i.e., h∗ /∈ C̃).

V. AN AGNOSTIC DISAGREEMENT-BASED AL METHOD FOR

MULTIPLE MODELS

Given a labeled set L and multiple hypothesis spaces
C1, . . . , Ck with h∗ /∈ C̃ = ⋃k

i=1 Ci. Inspired by the RobustCAL
method [5], which is a disagreement-based AL algorithm for
the agnostic setting, we propose DIAM (i.e., DIsagreement-
based AL for Multi-models) query strategy for the multiple
target models problem. Specifically, for each Ci, we define soft
version space V̂i = {h ∈ Ci | e-errL(h)− infg∈Ci e-errL(g) ≤
σi}, where σi is a constant. The soft version space V̂i is anal-
ogous to the version space Vi; it is a set of classifiers that are
largely consistent with the labeled dataset, i.e., those with lower
empirical errors. We propose to query the examples located in
the joint disagreement regions, i.e.,DIS(V̂1) ∩DIS(V̂2) ∩ · · · ∩
DIS(V̂k), located in as many disagreement regions of different
target models as possible, i.e., the examples of large values of∑k

i=1 I[x ∈ DIS(V̂i)], and dynamically update the soft version
spaces by removing the hypotheses that have greater errors.
Finally, the algorithm outputs an arbitrary hi ∈ V̂i.

The motivation behind our method is that the data located in
the most possible disagreement regions of target models have a
greater potential to reduce the soft version spaces V̂1, . . . , V̂k,
ultimately leading to fewer queries. In Section V-C, we will
further demonstrate that selecting data within these disagree-
ment regions is akin to identifying the data with the highest
leverage score. This offers a unique perspective in elucidating
the effectiveness of our method.

Next, we propose a stream-based version ofDIAM and present
the theoretical results in Section V-A. The algorithm is summa-
rized in Algorithm 1. The hyperparameter q in the algorithm
controls its level of conservativeness. A larger value of q leads
to more rejections of less-informative unlabeled data in the
online setting. After that, we further propose efficient imple-
mentations of DIAM for pool-based active deep classification
and regression settings in Section V-B and V-C, respectively,
coupled with extensive empirical validation in Section VI. Note
that, in pool-based AL setting, we can directly query the data
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by argmaxx∈U
∑k

i=1 I[x ∈ DIS(V̂i)], rather than tuning the
hyperparameter q. In the following, we theoretically and empiri-
cally demonstrate that such query strategy has a greater potential
to reduce the soft version spaces V̂1, . . . , V̂k, resulting in fewer
queries.

To simplify the theoretical analysis, we first propose an online
version ofDIAM. It is summarized in Algorithm 1. The hyperpa-
rameter q in the algorithm controls its level of conservativeness.
A larger value of q leads to more rejections of less-informative
unlabeled data in the online setting.

A. Theoretical Analysis

This section provides theoretical analysis of Algorithm 1.
Since we are considering the agnostic setting, it is necessary to
model the noise. Here we employ the commonly used Tsybakov
noise condition [63].

Condition 1 (Tsybakov noise, [63]): Let a ∈ [1,∞) and α ∈
[0, 1] be parameters. The Tsybakov noise condition refers to that

P (x : h(x) �= f�(x)) ≤ a (err(h)− err (f�))α

for all h ∈ C, where f� attains the infimum infh∈C err(h).
We assume that Condition 1 is satisfied for each target model
Ci. Consider a conservative situation where the hyperparameter
q = 1, and choosing the constants σi in the DIAM-online algo-
rithm to be in the same form as in the RobustCAL method [5],
which takes into account the properties of the noise, hypothesis
space, and disagreement coefficient. Note that, the confidence
arguments σi vary withm. Here, we follow the updating scheme
in [28, Section 5.2] to update σi. We refer the readers to the
reference for the updating details. We establish the following
result for DIAM-online. The proof is deferred to the appendix.

Theorem 2: Consider binary classification tasks. Given tar-
get models C1, . . . , Ck, in which h∗ /∈ C̃ and each Ci has VC
dimensions di <∞ and satisfies Condition 1 with parameters
ai and αi. Let h∗i = argminhi∈Ci err(hi) and ε, δ ∈ (0, 1).

Given data distribution DX , the algorithm DIAM-online out-
puts the desired classifier hi ∈ Ci with err(hi) ≤ err(h∗i ) + ε
for each Ci with probability at least 1− δ with t ≥ min{Λ̃1, Λ̃2}
queries, where

Λ̃1 �
k∑

i=1

a2i θ
Ci
h∗i

(aiε
αi) ε2αi−2·

(
di Log θ

Ci
h∗i
(aiε

αi) + Log

(
Log(ai/ε)

δ

))
Log

1

ε

and

Λ̃2 �
k∑

i=1

θCih∗i(νi + ε)

(
ν2i
ε2

+ Log
1

ε

)
·

(
di Log θ

Ci
h∗i
(νi + ε) + Log

(
Log(1/ε)

δ

))
.

Theorem 2 considers a general situation with arbitrary target
models and data distributions, even the unlabeled data will never
fall into the joint disagreement regions. However, one may be
more interested in the situation that if we can always query the
x such that if x falls in every DIS(V̂i). Next, we prove that in

such an ideal situation, DIAM-online will achieve a better query
complexity than applying Theorem 1 to CAL even under the
setting of h∗ ∈ C̃.

Theorem 3: Considering binary classification tasks. Given
target models C1, . . . , Ck. Assume C̃ has VC dimension d <∞
and h∗ ∈ C̃, each Ci has VC dimensions di <∞ and satis-
fies Condition 1. Suppose that X satisfies that DIS(V̂1) =
· · · = DIS(V̂k). Suppose that δ ∈ (0, 1), ε ∈ (0, 1/e) and
maxi minhi∈Ci err(hi) ≤ ln 2

2 ε. It then holds that

Λ̃ (DIAM-online, ε, δ) ≤ Λ̃ (CAL′, ε, δ) . (8)

The key in the proof is comparing the disagreement coeffi-
cients defined on different functions and hypothesis spaces, i.e.,
θCmh∗m and θC̃h∗ . We defer the proof to the appendix.

B. Efficient DIAM Implementation for Deep Classification

It is generally considered a non-trivial task to find disagreed
pairs of classifiers from a set of hypotheses for a given x.
Commonly used methods include random sampling functions
from the hypothesis space for validation and selecting the data
close to the decision boundary. However, they can be expensive
or inaccurate, especially in the deep learning setting.

To estimate efficiently the disagreement regions for neural
networks, we propose to exploit the predictions of unlabeled
data during later epochs in the training phase, typically after
the network converges. Recall the definition of disagreement
region DIS(V̂i), we should first identify the hypotheses which
are largely consistent with the labeled data, and then determine
whether there exists a pair of hypotheses which disagree on
the given unlabeled data. To this end, we utilize the hypotheses
obtained from the later training epochs of the network, as they
are more likely to have converged and give consistent predic-
tions. For the first goal, we construct the set of well-performed
hypotheses by taking the hypotheses from the intermediate
training epochs whose training errors are relatively small. For the
second goal, we verify whether the example x falls into DIS(V̂i)
by examining whether some well-performed hypotheses have
inconsistent predictions on x.

More concretely, we assume that the minimum empirical error
infh∈Ci e-errL(h) is attained by the hypothesis trained in the
last epoch of the training process. Therefore, we heuristically
select the hypotheses from the latter half of the training epochs
to form the well-performing hypothesis set. This heuristic ap-
proach is based on the observation that hypotheses in the latter
training epochs, according to the training loss curve, usually
have smaller empirical errors. For each i, let ĥj

i ∈ Ci be the
hypothesis obtained at training epoch j, then V̂i can be defined
as {ĥj

i | j = �T2 �, �T2 �+ 1, . . . , T}, where T denotes the total
number of training epochs. To verify whether x ∈ DIS(V̂i), we
can compare the predictions of the hypotheses in V̂i on the
unlabeled data. If an instance x receives different predicted
labels from the hypotheses in V̂i, it indicates that x ∈ DIS(V̂i).

We also note that training deep models is much more ex-
pensive, thus the query batch size for deep models is usually
large. To avoid overmuch information redundancy, we further
consider the selection diversity in the batch querying setting.
Specifically, we minimize the similarities of the selected data
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Algorithm 1: The DIAM-online Algorithm.
Input: hypothesis spaces C1, . . . , Ck, labeled set L,
hyperparameters q;σi, i = 1, . . . , k; query budget B.

Output: h1, . . . , hk, where hi ∈ V̂i for i = 1, . . . , k.
1: m← 0; nq ← B

2: V̂i ← Ci, ∀i = 1, . . . , k
3: while nq > 0 and m < 2B do
4: m← m+ 1
5: Request an unlabeled data xm

6: if
∑

i I[xm ∈ DIS(V̂i)] ≥ q then
7: Query h∗(xm)
8: L ← L ∪ {(xm, h∗(xm))}
9: nq ← nq − 1

10: end if
11: if m is a power of 2 then
12: V̂i ← {h ∈ V̂i| e-errL(h)− infg∈V̂i

e-errL(g) ≤
σi}, ∀i = 1, . . . , k.

13: Update σi following the procedures described in
RobustCAL

14: end if
15: end while
16: return arbitrary hi ∈ V̂i for each i = 1, . . . , k

by adding a diversity term to the selection criterion along with
the informativeness measurement. However, one challenge here
is that the example with high diversity score for one model may
not hold the score with another model. Therefore, the traditional
diversity measurements can hardly be directly applied.

To tackle this problem, we propose to exploit the powerful
representation learning ability of deep models. Specifically, note
that the deep models will implicitly learn the representation
during the training process, and different feature representations
for the same data will be extracted by the multiple networks, i.e.,
the output of the penultimate layer. In this case, we can try to
identify those examples with high diversity scores for most of
the models. To achieve this goal, we minimize the information
redundancy under each target model, which can be formulated
as

min
b

∑
i

b�Sib+ βb�v

s.t. b ∈ {0, 1}nu . (9)

Here, β < 0 is the trade-off parameter, v = [v1, v2, . . . , vnu
]�

is the vector of informativeness scores in which vj =∑
i I[xj ∈ DIS(V̂i)] for all j = 1, . . . , nu, and Si is the simi-

larity matrix of unlabeled data under the representation of target
model i. The first term in (9) accounts for estimating the diversity
of unlabeled data. Note that S is a similarity matrix. During the
optimization of b, the rows that are less similar to the others
will be assigned a higher value of b. This indicates that these
instances have a higher degree of uniqueness within the dataset.
We simply implement Si using the linear kernel, i.e., taking the
inner product of features as their similarity value. One challenge
is that it can be problematic to use the same distance metric
across the representations of multiple models because of the

Algorithm 2: TheDIAMAlgorithm for Deep Classification.
Input: hypothesis spaces C1, . . . , Ck, labeled set L,
unlabeled set U , training epochs T , query batch size τ .

Output: h1, . . . , hk, where hi ∈ V̂i for i = 1, . . . , k.
1: while labeling budget is not exhausted do
2: for i = 1, . . . , k do
3: Train model i for T epochs on L and

obtain ĥt
i from epoch t for t = 1, . . . , T

4: V̂i ← {ĥj
i | j = �T2 �, �T2 �+ 1, . . . , T}

5: Calculate Si by (10)
6: Si ← 1

2 ((S
i)� + Si)

7: end for
8: vm ←

∑
i I[xm ∈ DIS(V̂i)] for m = 1, . . . , nu

9: Solve minimization problem (9) to obtain b
10: J ← indices of the largest τ coordinates inb
11: Query h∗(xj) for all j ∈ J
12: L ← L ∪ {(xj , h

∗(xj)) | j ∈ J}
13: U ← U \ {xj | j ∈ J}
14: end while
15: hi ← argminh∈Ci(e-errL(h)) for each i = 1, . . . , k
16: returnhi for each i = 1, . . . , k

different ranges of feature values. Therefore, we take the nearest
neighbors as follows,

Si
uv =

{
1 if u is v′s neighbor
0 otherwise

. (10)

The neighbor is calculated by the Euclidean distance between
the data representations. Specifically, we consider a data point
as a neighbor of a specific instance if its Euclidean distance to
that instance falls within the smallest 1% of distances across all
unlabeled data. To facilitate the computation, we symmetrize
each Si by replacing it with 1

2 ((S
i)� + Si) and relax b to

[0, 1]nu . With these modifications, we can solve the objective
(9) efficiently using existing quadratic programming toolboxes.
Subsequently, we query the unlabeled data with higher values
of b. The implementation is summarized in Algorithm 2.

The described implementation of DIAM for deep models
is efficient. It evaluates the unlabeled data using hypotheses
obtained in later training epochs and runs in time proportional
to the product of the size of the well-performing hypotheses set
and the computational cost of informativeness is comparable to
that of the entropy method. Then, it solves a quadratic program
to make the data selection.

C. Efficient DIAM Implementation for Deep Regression

In this section, we implement the DIAM method for the
deep regression tasks. In our DIAM algorithm, we need first
to find a set of hypotheses having good performances on the la-
beled dataset, i.e., V̂i = {h ∈ Ci| e-errL(h)− infg∈Ci e-errL(g)
≤ σi}. Then, given an unlabeled data point, we estimate whether
there exists a pair of hypotheses in V̂i that exhibit highly incon-
sistent predictions. Our implementation is based on the fact that
a neural network is composed by a feature extractor (i.e., the
backbone) and a fully connected layer (i.e., the linear prediction
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Algorithm 3: The DIAM-svd Algorithm for Regression.
Input: feature matrices of the data under different models
Li, U i, i = 1, . . ., k; query batch size τ .

Output: the set of indices of the selected unlabeled data.
1: s1, . . . , sk,v ← zero vector of length nu

2: for i = 1, . . ., k do
3: Ai,Σi, (Bi)� ← SVD(Li) � Perform SVD on Li.
4: for each j = 1, . . . , nu do
5: x�j ← j-th row of U i

6: sij ← ‖(Σi)−1(Bi)�xj‖2
7: end for
8: end for
9: for j = 1, . . . , nu do

10: vj ←∑k
i=1 I[sij is among the largest τ coordinates ofsi]

11: end for
12: return the indices of the largest τ coordinates in v

layer). Note that the last layer of deep models is usually a fully
connected layer, whose parameters are linear in the output of the
previous layer. Therefore, we can approximate the active deep
regression problem as the following: given the features of the
data (e.g., the output of the network backbone), we need to learn
a linear regression model with the least number of queries. In
this way, multiple target models may lead to different feature
representations, but the hypothesis spaces remain the same.

Next, we introduce our implementations of DIAM for regres-
sion tasks. Since our implementations identify the disagreement
region of each model individually, we omit the superscript of
the index of the target model in the remainder of this section.

1) An SVD-Based Implementation: Recall that we need to
maintain a soft version space and verify whether there exists a
pair of hypotheses in the soft version space that have highly
inconsistent predictions on the unlabeled data. This can be
formulated as follows (using mean-square loss).

Problem 1: Let w ∈ Rc be the linear model parameters, L ∈
Rnl×c and U ∈ Rnu×c be the feature matrices of labeled and
unlabeled data, respectively. Here nl > c and L is assumed to
have full column rank. Define w̄ = argminw e-errL(w). Given
a set of hypotheses(i.e., a soft version space) such that Ṽ =
{w | ‖Lw − Lw̄‖22 ≤ σ} and an unlabeled data x, the problem
asks to verify whether there existw1,w2 ∈ Ṽ such that |w�1x−
w�2x| ≥ σ̂.

In the definition above, σ and σ̂ are hyperparameters, where
σ controls the empirical errors of the hypotheses in Ṽ and σ̂
is the threshold of prediction inconsistency used to identify
informative unlabeled data. Next, we explain how to solve the
problem. Since L has full column rank, Ṽ is an ellipsoid in
Rc centered at w̄. To see this, we first provide the definition of
ellipsoid as follows

Definition 5 ([23]): IfM is a real, symmetric, c-by-cpositive-
definite matrix, and w̄ is a vector in Rc, then the set points w
that satisfy the equation

(w − w̄)�M (w − w̄) = 1 (11)

is an c-dimensional ellipsoid centered at w̄.

Algorithm 4: The DIAM-leverage Algorithm for Regres-
sion.

Input: feature matrices of the data under different models
Li, U i, i = 1, . . ., k; query batch size τ .

Output: the set of indexes of the selected unlabeled data.
1: s1, . . . , sk,v ← zero vector of length nu

2: for i = 1, . . ., k do

3: Xi ← [
U i

Li ]

4: for j = 1, . . ., nu do
5: sij ← the j-th leverage score of Xi

6: end for
7: end for
8: for j = 1, . . . , nu do
9: vj ←∑k

i=1 I[sij is among the largest τ coordinates ofsi]
10: end for
11: return the indices of the largest τ coordinates in v

Next, we perform singular value decomposition (SVD)
on L to obtain L = AΣB�, where A and B are uni-
tary matrices. Then ‖L(w − w̄)‖22 = ‖AΣB�(w − w̄)‖22 =
‖ΣB�(w − w̄)‖22. The last equation uses the property of unitary
matrix that it is an isometry with respect to �2-norm. Without
loss of generality, we may assume that w̄ = 0; otherwise we can
let w̃ = w − w̄ and work with w̃ instead, as such translation
does not change the answer to our problem.

Now, Ṽ is a centered ellipsoid given by {w|‖ΣB�w‖22 ≤
σ}. It is easy to see that the set formed by all w1 −w2 with
w1,w2 ∈ Ṽ is an ellipsoid twice as large as Ṽ , i.e.

{
w1 −w2 | w1,w2 ∈ Ṽ

}
=

{
w | ‖ΣB�w‖22 ≤ 4σ

}
.

After rescaling w, our problem can be rephrased as determining
whether there exists w ∈ Ṽ such that w�x ≥ σ̂/2. Here, we
remove the absolute value due to the symmetry of the ellipsoid.

We further transform the ellipsoid Ṽ into a ball by letting
π = ΣB�w, so Ṽ becomes {π|‖π‖22 ≤ σ}. Then w�x =
π� · Σ−1B�x and the problem is now determining whether
there exists π with ‖π‖22 ≤ σ satisfies π� · Σ−1B�x = σ̂/2,
which is equivalent to determine whether the hyperplane π� ·
Σ−1B�x = σ̂/2 intersects the ball ‖π‖22 = σ. This can be
solved by calculating the distance from the origin to the hy-
perplane, which is given by

σ̂/
(
2‖Σ−1B�x‖2

)
. (12)

Our problem has a positive answer if and only if (12) is no larger
than σ. This implies that if the data x falls into the disagreement
region, it will have a larger value of ‖Σ−1B�x‖2. Therefore, in
our implementation, we can rank the unlabeled data with this
value and query the top-rated ones without deciding the values
of σ and σ̂. We refer to this method as DIAM-svd.

2) A Leverage-Score-Based Implementation: Here, we mod-
ify the definition of Ṽ to include the requirement that the can-
didate models have similar predictions to the ERM hypothesis
not only on the labeled data but also on the unlabeled data.
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Let X =

[
U
L

]
∈ R(nu+nl)×c and redefine Ṽ = {w | ‖Xw −

Xw̄‖22 ≤ σ}. This leads to the following problem.
Problem 2: Let w ∈ Rc be the linear model parameters, L ∈

Rnl×c andU ∈ Rnu×c be the feature matrices of labeled and un-

labeled data of model i, respectively. HereX =

[
U
L

]
is assumed

to have full column rank. Define w̄ = argminw e-errL(w).
Given a set of hypotheses such that Ṽ = {w | ‖Xw −Xw̄‖22 ≤
σ} and an unlabeled data x�j , which is the j-th row of X , the

problem asks to verify that whether there existw1,w2 ∈ Ṽ such
that |w�1xj −w�2xj | ≥ σ̂.

Similarly, we can apply SVD to obtain X = ĀΣ̄B̄�. Note
that X contains all the unlabeled data, therefore, we can write
the unlabeled data xj as x�j = e�j ĀΣ̄B̄

�, where ej is the j-th
standard basis vector. By a similar argument to the previous
section, we can transform to problem to deciding whether

σ̂/
(
2‖Σ̄−1B̄�xj‖2

) ≤ σ,

or, equivalently,

‖Σ̄−1B̄� · B̄Σ̄Ā�ej‖2 ≥ σ̂/(2σ),

which is exactly

‖Ā�ej‖2 ≥ σ̂/(2σ).

Note that ‖e�j Ā‖22 is exactly the leverage score [16] of the row
x�j in X . Therefore, in our implementation, we can rank the
unlabeled data based on their leverage scores and query the top-
ranked ones, rather than tuning the values of σ and σ̂. We refer
to this method as DIAM-leverage.

Note that our analysis indicates that selecting data within
the disagreement region is equivalent to identifying data with
the highest leverage score. This finding offers a unique per-
spective on understanding the effectiveness of these data. The
leverage score can be interpreted as a measure of difficulty in
representing a given instance as a linear representation of the
remaining data [16]. An instance with a higher leverage score
suggests a more difficult representation using other instances,
suggesting that it possesses unique information and is therefore
informative.

We summarize the above two implementations of DIAM for
deep regression tasks in Algorithms 3 and 4.

VI. EXPERIMENT

A. Empirical Settings

We validate our method first on classification tasks, using
a scenario involving multiple target models. To create this
scenario, we utilize the results of a recent neural architecture
search (NAS) method called OFA [9], which is designed to
efficiently search for model architectures that meet the hardware
constraints of different devices by training a single supernet.
They have published the effective architectures, from which we
use the architectures optimized for the Samsung mobile phones,
which include Samsung S7 Edge, Samsung Note8 and Samsung
Note10, as our target models. Each of the phone model has

4 architectures, resulting in a total of 12 architectures. These
architectures are pruned from a MobileNetV3 (which is the
super-net), but have significant differences in terms of predic-
tion time and accuracy. Their Multiply-Accumulate Operations
(MACs) range from 66 M to 237 M, illustrating their diversity.
Specifically, we take the following 12 target models, the details
of which can be found at https://github.com/mit-han-lab/once-
for-all:
� s7edge_lat@88ms_top1@76.3_finetune@25
� s7edge_lat@58ms_top1@74.7_finetune@25
� s7edge_lat@41ms_top1@73.1_finetune@25
� s7edge_lat@29ms_top1@70.5_finetune@25
� note8_lat@65ms_top1@76.1_finetune@25
� note8_lat@49ms_top1@74.9_finetune@25
� note8_lat@31ms_top1@72.8_finetune@25
� note8_lat@22ms_top1@70.4_finetune@25
� note10_lat@22ms_top1@76.6_finetune@25
� note10_lat@16ms_top1@75.5_finetune@25
� note10_lat@11ms_top1@73.6_finetune@25
� note10_lat@8ms_top1@71.4_finetune@25
We compare the following query strategies in our experi-

ments.
� DIAM: Our proposed method in this paper, which selects

data located in the joint disagreement regions of multiple
target models, i.e., Algorithm 2.

� CAL [15]: This strategy queries data that falls into the
disagreement region of any of the target models. It has
a bounded query complexity for the multiple target models
setting according to Theorem 1.

� Entropy [43]: This strategy selects data with the highest
prediction entropy, based on the mean entropy across all
target models, to accommodate the novel problem setting.

� Least Confidence [55]: This strategy queries data with the
least prediction confidence, based on the mean confidence
values across all target models.

� Margin [52]: This strategy selects data with the minimum
prediction margin, based on the mean margin values across
all target models.

� Coreset [53]: This strategy queries the most representative
data. The distance is calculated using the features extracted
by the supernet in OFA [9].

� Random: This strategy queries data randomly and is ex-
actly the passive learning method. Note that the trivial
upper bound Λ̃(ERM′) ≤ maxi Λi(ERM) is tight without
extra assumptions.

For the specifications of the classification datasets, we on the
one hand consider the Optical Character Recognition (OCR) ap-
plication, which is a representative machine learning system that
needs to be deployed on diverse devices. We employ five com-
monly used hand-writing characters classification benchmarks
in our experiments, i.e., the MNIST [41], Fashion-MNIST [65],
Kuzushiji-MNIST [13], EMNISTdigits and EMNISTletters [14]
datasets. On the other hand, we employ two commonly used
image classification datasets, CIFAR-10 and CIFAR-100 [39].
The dataset specifications are summarized in Table I. We adopt
the pool-based active learning setting, where we initially label
3000 randomly chosen data points for training and used the
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Fig. 1. The learning curves with the mean accuracy of the target models of the compared methods. The error bars indicate the standard deviation of the performances
of target models.

TABLE I
THE SPECIFICATIONS OF THE DATASETS IN THE EXPERIMENTS

remaining data as the unlabeled pool. In each iteration, the
compared sampling methods select τ = 1500 unlabeled
examples for querying and then retrain the models. The mean
and standard deviation of the accuracy of multiple target models
are reported.

Regarding the setting of model training, we mainly follow
the training configurations of OFA. The hyperparameters are set
to their default values in the project. For example, the learning
rate is set to 7.5× 10−3, the batch size is set to 128, and the
SGD optimizer is employed with a momentum of 0.9. Since
the set of initially labeled data is small, a limited number
of training epochs is adopted to mitigate the risk of over-
fitting. Specifically, we initialize the models with the pre-trained
weights on the image-net dataset and then fine-tune them for
20 epochs using labeled data. The code is publicly available at
https://github.com/tangypnuaa/DIAM.

We run our experiments on three cloud servers, each equipped
with 128 GB of memory, four RTX 2080 graphic cards and an
Intel Xeon Silver 4110 @ 2.10 GHz CPU with eight cores. Each
of the compared methods is run on a separate graphics card and
the resource occupation of each individual process is reported.
The minimum memory requirements for training and validating
the models are 10 GB main memory and 11 GB CUDA memory,
respectively. When running the Coreset and DIAM methods, an
additional 10GB of main memory is needed to store the distance
matrix.

B. Results

We report in Fig. 1 the trend of mean accuracy of multiple
target models as the number of queries increases. The error
bars represent the standard deviation of the performances of the
multiple target models. It can be observed from the figure that
the standard deviation is large for a small number of queries,
indicating that the target models have highly inconsistent pre-
dictions on the data. This may imply the diverse preferences
among different models of data selection. Under this scenario,
our methodDIAM outperforms the traditional active and passive
learning methods. This result demonstrates the effectiveness
of DIAM and the importance of designing an active query
method in this practical setting. The uncertainty-based methods,
i.e.,Entropy, Least confidence andMargin, achieve comparable
performances with random sampling. These results align with
our expectation, as traditional AL methods are usually model-
dependent and the data queried by one model may not be useful
for training other models. TheCoreset method is less stable than
Random. A possible reason is that Coreset selects data based on
the extracted features of deep models, which will be optimized
along with the training procedures. Therefore, it may also suffer
from the model dependence problem.

The statistical significance of the performance comparisons
between our DIAM method and the other compared methods is
demonstrated in Table II. Specifically, we conduct paired t-tests
at a 0.05 significance level of the performances of multiple target
models after each iteration and report the Win/Tie/Loss results
of the tests. Here, ‘Win’ (resp. ‘Loss’) means that the mean
accuracy of our method is statistically significantly better (resp.
worse) than that of the rival with statistical significance and
‘Tie’ means that no method is statistically significantly better.
The results in the table show that ourDIAMmethod consistently
outperforms the other methods significantly. There are no cases
in which it is significantly worse than any baseline, and it
achieves the best result on all benchmarks. Taken together, these
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TABLE II
WIN/TIE/LOSS (W./T./L.) RESULTS OF DIAM VERSUS THE OTHER METHODS WITH VARIED NUMBERS OF QUERIED BATCH BASED ON PAIRED t-TESTS AT 0.05

SIGNIFICANCE LEVEL

findings indicate thatDIAM selects informative query points that
benefit all target models, leading to higher mean accuracy and
more uniform gains.

C. The Best and Worst Performances of Multiple Models

To examine whether the compared methods can improve all
target models evenly, which are usually equally important in
real-world applications. We report the best and worst perfor-
mances of multiple target models in Table III(a). Here we report

the mean and standard deviation values of the learning curves,
rather than plotting them. The best performance of each case is
highlighted in boldface.

It can be observed that DIAM usually achieves the best
results in both cases. Even when it is not in the first place,
its performance is the second best and closely competitive
with the best-performing method. These results demonstrate
our method’s ability to impartially improve the target models
with different architectures, which we believe is essential for
applications involving multiple target models.
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TABLE III
THE MEAN AND STANDARD DEVIATION VALUES OF THE LEARNING CURVES OF THE BEST AND WORST PERFORMANCES OF MULTIPLE TARGET MODELS, AND THE

PERFORMANCES OF OUR DIAM METHOD WITH DIFFERENT VALUES OF THE TRADE-OFF PARAMETER β (MEAN ACCURACY ±MEAN STANDARD DEVIATION)

D. Study on the Parameter Sensitivity of DIAM Method

To study the sensitivity of the trade-off parameter β to our
method, we evaluate the performances of DIAM with different
values of β. Specifically, we set β to each of {−0.1,−1.0,
−10.0} and report the mean and standard deviation of the
learning curves in Table III(b). For clarity of presentation, we
omit the negative sign in the table; however, it should be noted
that β is always assigned a negative value. The best performance
of each case is highlighted in boldface.

The results show that our method is less sensitive to this
parameter. For datasets with a larger number of classes, e.g.,
EMNIST-letters, a bigger value of β is preferable. Otherwise,
using β = 0.1 yields good performance. A possible explanation
for these phenomena is the degree of class imbalance caused by
active querying. When β = 0.1, DIAM places more emphasis
on informativeness in data selection, which may lead to class
imbalance, especially in tasks with larger label spaces. Conse-
quently, it is crucial to promote diversity in data selection in such
situations.

E. Study on Different Numbers of Target Models

We further examine the performances of compared methods
with different numbers of target models. We empirically take
the first 2, 4, 6, 8 specifications from the model configuration
list in Section VI-A as the target models set. We conduct this
experiment on MNIST and Kuzushiji-MNIST datasets.

We report in Fig. 2 the trend of mean accuracy of multiple
target models as the number of queries increases. The error bars
represent the standard deviation of the performances of multiple
target models. The results show that our method consistently
outperforms the other compared methods under the settings

of different numbers of target models, which demonstrates its
robustness to the number of models.

F. Study on Deep Regression Task

In this section, we validate the effectiveness of the proposed
DIAM implementations for regression tasks. We continue to
employ the architectures introduced in Section VI-A as our target
models since the convolutional neural network is commonly
used in deep regression [40], [58]. For the empirical settings,
we replace the loss function with the Mean Square Error (MSE)
for regression. The data batch size in model training is reduced
to 64. The following metrics are employed to evaluate the
test performances: Mean Absolute Error (MAE) and MSE. We
compare the following query strategies in our experiments.
� DIAM-svd: Our proposed method in this paper, which uses

SVD to identify the data located in the joint disagreement
regions, i.e., Algorithm 3.

� DIAM-leverage: Our proposed method in this paper, which
uses leverage score to identify the data located in the joint
disagreement regions, i.e., Algorithm 4.

� Coreset [53]: This strategy queries the most representative
data.

� BAIT [2]: This strategy queries batches of samples by
optimizing a bound on the maximum likelihood estimators
error in terms of the Fisher information.

� BADGE [3]: This strategy queries data points by consider-
ing both predictive uncertainty and sample diversity.

� Random: This strategy queries data uniformly from the
unlabeled set.

We implement BADGE and BAIT algorithms using the BM-
DAL toolbox [32]. Note that, BADGE, BAIT and Coreset
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Fig. 2. Learning curves of the compared methods with different numbers of target models (2, 4, 6, 8 models). The error bars indicate the standard deviation of
the performances of target models.

Fig. 3. The learning curves of the compared methods with the mean performances of 12 target models for the regression task. The metrics include MSE, MAE.
The error bars indicate the standard deviation of the performances of target models.

methods use the features extracted by the supernet in OFA to
evaluate and select data points.

Facial landmark detection is another representative machine
learning system that needs to be deployed on diverse devices.
We employ CelebA [45], and LFW and NET facial landmark
detection datasets [58] to validate the effectiveness of the
proposed method, which are commonly used deep regression
datasets [40]. The LFW and NET facial landmark detection
datasets contain 13466 training instances, and 1521 test images.
We follow the data partition provided in [58] to ensure fair
comparisons. The initially labeled set contains 500 instances
randomly sampled from the training set, and 300 images will be
queried from the remaining training data at each iteration. The
CelebA dataset comprises 162770 training instances and 19962
test instances. Given the relatively large size of this dataset, we
have increased the query batch size to 600. All other settings
remain the same.

The learning curves of the compared methods with 12 target
models are presented in Fig. 3. We can observe that the pro-
posed two implementations of DIAM significantly outperform

the other compared methods. These results demonstrate the
effectiveness of the proposed selection criterion. DIAM-svd and
DIAM-leverage achieve comparable performances, which aligns
closely with our expectation, since the problems they address
share similar definitions. Coreset is better than Random, it also
has a smaller performance variance. This result accords with the
objective ofCoreset, as it aims to cover the data distribution with
the least data.BAIT demonstrates relatively lower effectiveness,
suggesting that further refinement and redesign are necessary to
better adapt it to the multi-model setting. In contrast, BADGE
generally performs well, likely because it explicitly considers
for both informativeness and diversity. This finding highlights
the importance of incorporating both criteria in active learning
for multiple models, as evidenced by the strong performance of
DIAM in classification tasks.

We further examine the performances of the compared meth-
ods with different numbers of target models on the CelebA
dataset. Specifically, we follow the strategy in Sec VI-E to take
the first 8 and 4 models defined in Section VI-A as target models.
we plot the learning curves of the compared methods in Fig. 4.
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Fig. 4. The learning curves of the compared methods with the mean performances of different numbers of target models for the regression task on the CelebA
dataset. The metrics include MSE, MAE. The error bars indicate the standard deviation of the performances of target models.

The observations from the learning curve comparisons are in
line with the results obtained from the 12 model settings, which
indicates that our method is robust to the number of models in
the regression task.

VII. CONCLUSION

In this paper, we propose to study active learning in a novel
setting, where the task is to select and label the most useful ex-
amples that are beneficial to the performances of multiple target
models. We analyze the query complexity of both active and pas-
sive learning, demonstrating the potential of AL to achieve better
query complexity than random sampling. Based on this insight,
we further propose an active selection criterionDIAM to identify
and select the data located in the joint disagreement regions of
different target models. We provide efficient implementations
of DIAM to extend its applications to deep classification and
regression problems. Empirical experiments conducted on two
representative tasks, OCR and FLD, which are often required to
support diverse devices, show the effectiveness of our proposed
method. As a future direction, we will explore more intricate
learning tasks, such as object detection and semantic segmen-
tation, and develop effective query strategies for multiple target
models.
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