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Motivation
• As pre‐trained models become increasingly prevalent in a variety of
real‐world machine learning applications, there is a growing demand for
label‐efficient approaches for model selection

• No single pre‐trained model achieves the best performance for every
context

• Model performance depends on the context
• Cost‐sensitive to evaluate and access the models / labels
• Online streaming data instead of a pool of data points
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Research question

• How to select data‐adaptive models when facing heterogeneous data
stream?

• How to make it labeling efficient?

• We want a robust cost‐effective online‐learning algorithms that
• effectively identify best model selection policy
• works under limited labeling resources
• adaptive to arbitrary data streams

We formally define it as the Contextual Active Model Selection (CAMS)
problem and propose a novel algorithm, also named CAMS, to effectively

address it.
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Learning Protocol
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Learning Protocol
Algorithm Contextual Active Model Selection Protocol
1: Given a set of classifiers F and model selection policies Π
2: for t = 1, 2, ..., T do
3: The learner receives a data instance xt ∈ X as the context for the
current round

4: Compute the predicted label ŷt,j = fj (xt) for pre‐trained classifier
indexed by j ∈ [k]

5: The learner identifies amodel/classifier fjt andmakes a prediction ŷt,jt
for the instance xt based on previous observations.

6: if The learner decide to query then
7: The learner incurs a query cost
8: The learner observes true label yt and receives a (full) 0‐1 loss vec‐
tor ℓℓℓt = I{ŷt ̸=yt}

9: The learner can then use the queried labels to adjust its model
selection criterion for future rounds. 5



Method Overview

an adversary before each round, the learner may randomize its choice of model to avoid a constant
loss at each round [33]. Therefore, due to the randomness of LA

T , we consider the expected cumulative
loss E[LA

T ] as a key performance measure of the learner A. To characterize the progress of A, we
consider the regret—formally defined as follows— as the difference between the cumulative loss
received by the learner and the loss if the learner selects the “best policy” ⇡

⇤
2 ⇧⇤ in hindsight.

For stochastic data streams, we assume that each policy i recommends the most probable model w.r.t.
⇡i(xt) for context xt. We use maxind(w) := argmaxj:wj2w wj to denote the index of the maximal-
value entry2 of w. Since (x, y) are drawn i.i.d., we define µi =

1
T

PT
t=1 Ext,yt

⇥
`t,maxind(⇡i(xt))

⇤
. This

leads to the pseudo-regret for the stochastic setting over T rounds, defined as

RT (A) = E[LA

T ]� T min
i2[|⇧⇤|]

µi. (1)

In an adversarial setting, since the data stream (and hence the loss vector) is determined by an
adversary, we consider the reference best policy to be the one that minimizes the loss on the
adversarial data stream, and the expected regret

RT (A) = E[LA

T ]� min
i2[|⇧⇤|]

TX

t=1

˜̀
t,i, (2)

where ˜̀
t,i := h⇡i (xt) , `̀̀ti denotes the expected loss if the learner commits to policy ⇡i, randomizes

and selects jt ⇠ ⇡i (xt) (and receives loss `t,jt ) at round t. Our goal is to devise a principled online
active model selection strategy to minimize the regret as defined in (1) or (2), while maintaining a
low total query cost. For convenience, we refer the readers to App. B for a summary of the notations
used in this paper.

4 Contextual Active Model Selection
In this section, we introduce our main algorithm for both stochastic and adversarial data streams.

1: Input: Models F , policies ⇧, #rounds T , budget b
2: Initialize loss L̃0  0; query cost C0  0
3: Set ⇧⇤

 ⇧ [ {⇡
const
1 , . . . ,⇡

const
k }

4: for t = 1, 2, ..., T do
5: Receive xt

6: ⌘t  SETRATE(t, xt, |⇧⇤
|)

7: Set qt,i / exp
⇣
�⌘tL̃t�1,i

⌘
8i 2 |⇧⇤

|

8: jt  RECOMMEND(xt, qt)
9: Output ŷt,jt ⇠ ft,jt as the prediction for xt

10: Compute zt = max {�t0,E (ŷt,wt)}
11: Sample Ut ⇠ Ber (zt)
12: if Ut = 1 and Ct  b then
13: Query the label yt
14: Ct  Ct�1 + 1
15: Compute `̀̀t: `t,j = I {ŷt,j 6= yt} , 8j 2 [|F|]

16: Estimate model loss: ˆ̀t,j =
`t,j
zt

, 8j 2 [|F|]

17: Update ˜̀̀̀t: ˜̀t,i  h⇡i(xt), ˆ̀t,ji, 8i 2 [|⇧⇤
|]

18: L̃t = L̃t�1 + ˜̀̀̀
t

19: else
20: L̃t = L̃t�1

21: Ct  Ct�1

22: end if
23: end for

21: procedure SETRATE(t, xt,m)
22: if STOCHASTIC then
23: ⌘t =

q
lnm
t

24: end if
25: if ADVERSARIAL then
26: Set ⇢t as in adversarial setting section
27: ⌘t =

q
1
p
t
+ ⇢t

c2 ln c ·

q
lnm
T

28: end if
29: return ⌘t

30: end procedure

29: procedure RECOMMEND(xt, qt)
30: if STOCHASTIC then
31: wt =

P
i2|⇧⇤| qt,i⇡i(xt)

32: jt  maxind(wt)
33: end if
34: if ADVERSARIAL then
35: it ⇠ qt
36: jt ⇠ ⇡it (xt)
37: end if
38: return jt

39: end procedure

Figure 1: The Contextual Active Model Selection (CAMS) algorithm

Contextual model selection. Our key insight underlying the contextual model selection strategy
extends from the online learning with expert advice framework [13, 27]. We start by appending
the constant policies that always pick single pre-trained models to form the extended policy set
⇧⇤ (Line ??, in Fig. 1). This allows CAMS to be at least as competitive as the best model. Then,
at each round, CAMS maintains a probability distribution over the (extended) policy set ⇧⇤, and
updates those according to the observed loss for each policy. We use qt := (qt,i)i2|⇧⇤| to denote

2Assume ties are broken randomly.

4

Contextual
Model
Selection

Active
Queries

Model
Updates

We denote by ℓ̄yt := ⟨wt, I {ŷt ̸= y}⟩ as the expected loss if the true label is y, where wt = πmaxind(qt)(xt)
and maxind(w) := arg maxj:wj∈w wj .
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Comparison against RelatedWork

Setup
Algorithm Online bagging Hedge EXP3 EXP4 Query by Committee ModelPicker CAMS

bagging online learning bandit contextual bandits active learning model selection (ours)
model selection × ✓ ✓ ✓ × ✓ ✓
full‐information ✓ ✓ × × ✓ ✓ ✓
active queries × × × × ✓ ✓ ✓
context‐aware × × × ✓ × × ✓
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Theoretical Guarantees

• Pseudo‐regret for stochastic setting

RT (A) = E[LA
T ]− T min

i∈[|Π∗|]
µi, (1)

where µi represents the expected loss of policy i if recommending the
most probable model 1

T

∑T
t=1 Ext,yt

[
ℓt,maxind(πi(xt))

]
.

• Expected regret for adversarial setting

RT (A) = E[LA
T ]− min

i∈[|Π∗|]

T∑
t=1

ℓ̃t,i, (2)

where ℓ̃t,i represents the expected loss of policy i if randomizing the
model recommendation at t, ℓ̃t,i := ⟨πi (xt) , ℓℓℓt⟩
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Theoretical Guarantees

• Query complexity and tight regret bound under
• Stochastic data streams
• Adversarial data streams
• Finite policy / model classes

Algorithm Regret Query Complexity
Exp3 2

√
Tk log k –

Exp4
√
2Tk logG –

Model Pickerstochastic
62maxi ∆ik/ (λ

2 log k)
λ = minj∈[k]\{i∗} ∆

2
j/θj

√
2T log k(1 + 4 c

∆
)

Model Pickeradversarial 2
√
2T log k 5

√
T log k + 2LT,∗

CAMSstochastic
(

ln |Π∗|−1
γ

+
√

ln |Π∗|·2b2 ln 2
δ√

ln |Π∗|∆

)2
((

ln |Π∗|−1
γ

+
√

ln |Π∗|·2b2 ln 2
δ√

ln |Π∗|∆

)2

+ Tµi∗

)
lnT
c ln c

CAMSadversarial 2c
√

ln c/max{ρT ,
√
1/T} ·

√
T log |Π∗| O

((√
T log |Π∗|

max{ρT ,
√

1/T}
+ L̃T,∗

)
(lnT )

)
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Experiments
dataset classification total instances test set stream size classifier policy
CIFAR10 10 60000 10000 10000 80 85
DRIFT 6 13910 3060 3000 10 11
VERTEBRAL 3 310 127 80 6 17
HIV 2 40000 4113 4000 4 20
CovType 55 580000 100000 100000 6 17

• Baselines
context‐free: Random Sampling (RS, query the instance label with fixed
probability), Query by Committee (QBC, committee‐based sampling),
Importance Weighted Active Learning (IWAL, Calculate query probability
based on labeling disagreements of surviving classifiers), Model Picker
(MP, employ variance based active sampling)
contextual: Contextual‐QBC (CQBC), Contextual‐IWAL (CIWAL), Oracle
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(c) Query complexity study,
maintaining label efficiency
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(d) Query strategy ablation

0 50 100 150 200 250 300 350 400
Query cost

3000
4000
5000
6000
7000
8000
9000

10000

Cu
m

ul
at

iv
e 

lo
ss

best classifier
adversarial policies
CAMS

(e) Robustly recover from malicious
advices
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(f) Reduction to context‐free setting
when no experts are available
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(g) CAMS vs best policy (HIV),
effectively converge to the best
expert
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(h) Adjust probability (HIV),
possibly outperforming all the
experts including oracle
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