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ABSTRACT
Cross-validation (CV) is a ubiquitous model-agnostic tool for as-
sessing the error of machine learning. However, it has high com-
plexity due to the requirement of multiple times of learner training
especially in multimedia tasks with huge amounts of data. In this
paper, we provide a unified framework to approximate the CV er-
ror for various commonmultimedia tasks such as supervised, semi-
supervised and pairwise learningwhich requires training only once.
Moreover, we study the theoretical performance of the proposed
approximate CV and provide an explicit finite-sample error bound.
Experimental results on several datasets demonstrate that our ap-
proximate CV has no statistical discrepancy from the original CV,
but can significantly improve the efficiency, which is a great ad-
vantage in model selection.
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1 INTRODUCTION
Cross-validation (CV) is the most popular model-agnostic tool for
selecting the optimal model [23], which has been widely used in
different kinds of multimedia tasks. Discussions and theoretical
studies on the general 𝑡-fold CV can be found in [7, 27, 28, 38] and
the references therein. However, CV is often prohibitively slow for
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modern, massive datasets, as they require running a learning algo-
rithm on many slightly different datasets [33].

To accelerate the computation of CV, a number of papers have
addressed for the special case of leave-one-out cross-validation
in supervised learning: such as [8, 10, 32] for least square SVM
(LSSVM), [9] for sparse least square SVM, [13, 14] for kernel ridge
regression (KRR), [5, 14, 25] for general linear models, [35] for
Bayesian linear regression, etc. Several authors have also consid-
ered the general 𝑡-fold CV. Based on the fact that LSSVM and KRR
have closed-form solutions, [3, 37] applied the matrix inverse for-
mula to develop a new method to expedite the 𝑡-fold CV process.
[16, 17] used the infinitesimal jackknife to accelerate the 𝑡-fold CV
and bootstrap. [30, 31, 33, 34] applied the Bouligand influence func-
tion to approximate the CV for kernel-based algorithms.

Although there are some studies on improving the efficiency of
CV, most of the existing approaches employ only for one learn-
ing algorithm (or a few special learning algorithms) in supervised
learning. Moreover, their analysis tend to lack the theoretical anal-
ysis. In this paper, we present a general framework to approximate
CV for supervised, semi-supervised and pairwise learning, and fur-
ther provide a theoretical guarantee for its performance. Specifi-
cally, we first provide a strategy to approximate the CV error via an
approximation of the Taylor expansion, which requires one round
of training. Then, we provide an explicit finite-sample error bound
under some mild assumptions.

Furthermore, we give some specific examples for linear, non-
linear and pairwise cases. Experiments with CV method demon-
strate that our framework is accurate. Further validation on differ-
ent datasets prove that our approximate CV can not only provide
the comparable results to the original one, but also significantly
improve the efficiency. Our approximate CV shows good perfor-
mance in model selection in areas including supervised learning,
semi-supervised learning, contrastive learning, etc. The major con-
tributions of the paper include:

(1) A General Framework. We propose a general framework
for the approximation of the general 𝑡-fold CV for supervised learn-
ing, semi-supervised learning and pairwise learning, as well as for
both linear and non-linear cases. In contrast, existing approximate
CV approaches, such as [8, 10, 13, 14, 25, 35], only focus on leave-
one-out CV, while [24, 30, 33, 34] focus on the kernel-based algo-
rithms. [15, 18, 26, 39, 41–43] provides approximate CV for groups,
but can only be applied to supervised learning. Besides for the su-
pervised case, our method can be also used for semi-supervised
learning and pairwise learning. Existing studies [11, 19, 44] on pair-
wise loss combine points into pairs and then bring the pairs as a
whole into the approximation method given by [25, 26]. Our re-
search gives a framework that can be used for pairwise learning
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without prior combination, which is natural and can save memory.
To the best of our knowledge, an approximation on general 𝑡-fold
CV for both supervised and semi-supervised learning has never
been given before.

(2) Technological Novelty. Most existing approximate meth-
ods such as [10, 17, 22, 25, 30, 33–35], only for supervised case.
However, in our general framework, a pairwise loss depends on
the unlabeled data is considered (see in Eq.(2)), so the technologi-
cal skills of [10, 17, 25, 30, 33–35, 40] cannot be directly used for
our general framework. To address this problem, we present a new
strategy to derive the first and second derivatives with respect to
the slight perturbation of the training set (see Theorem 3.1 and
Theorem 4.1).

(3) Algorithm Contribution.We offer an efficient calculation
method to compute the approximate cross-validation (see in Sec-
tion 5.3). The method [1] computes for each training point with a
fixed test point. But we calculate our approximate cross-validation
for a certain set which is removed with each test data. We fur-
ther extend this efficient calculation method to pairwise learning
as well as non-convex and non-convergent problems.

(4)Theoretical Contribution. Based on the second derivative
(Theorem 4.1) and the Taylor remainder [29], we present an explicit
finite-sample error bound of our approximate CV (Theorem 4.5). In
contrast, most existing methods, including [2–4, 20, 21, 25, 30, 34,
37, 45, 46], only provide supporting experiments and little theory.

The rest of the paper is organized as follows. We give a unified
framework and associated notation in Section 2. In Section 3, we
introduce an elegant strategy for approximate the CV. In Section
4, we present a theoretical guarantee of our approximate CV. In
Section 5, we give some extensions for non-convexity and non-
convergence. In Section 6, we provide some specific examples as
well as the acceleration technology used in the approximate calcu-
lation. In Section 7, we empirically analyze the performance of our
proposed approximate and give examples for model selection. We
end in Section 8 with a conclusion. All the proofs are given in the
supplementary material.

2 A UNIFIED FRAMEWORK
2.1 A General Form
Let a number of samples be defined as L = {z𝑖 = (x𝑖 , 𝑦𝑖 ), 𝑖 =
1, . . . , 𝑛}, S ⊆ L, |S| = 𝑠 , P ⊆ L, |P | = 𝑝 . There are an input
space X and an output space Y. For input 𝑥 ∈ X and label 𝑦 ∈ Y,
parameter 𝜽 ∈ Θ, our goal is to minimize the structural risk. In this
paper, we consider the following general learning freamework:

𝜽 (1) =𝑎𝑟𝑔𝑚𝑖𝑛
𝜽 ∈Θ

𝐹 (1;𝜽 ) := 𝛾𝑆
𝑠

𝑠∑
𝑖=1

ℓ𝑠 (z𝑖 ;𝜽 )

+ 𝛾𝑃
𝑝2

𝑝∑
𝑖, 𝑗=1

ℓ𝑝 (z𝑖 , z𝑗 ;𝜽 ) + 𝛾𝐼𝑅(𝜽 ),
(1)

where ℓ𝑠 is the loss for a single point function on set S, ℓ𝑝 is a
pairwise loss function on set P and 𝑅(𝜽 ) is the regularization term.
𝛾𝑆 , 𝛾𝑃 and 𝛾𝐼 are three regularization parameters to trade off the
balance among the pointwise loss, pairwise loss and regularization
terms.The all-ones vector 1 in 𝜽 (1) denotes that the initial training

points all have uniform sample weights of one. In this paper, we
assume that ℓ𝑝 is symmetrical, i.e., ℓ𝑝 (𝑧, 𝑧′;𝜽 ) = ℓ𝑝 (𝑧′, 𝑧;𝜽 ).

Let W ⊂ S⋂P be a subset of training points removed from
the whole set of points. |W| = 𝑣 and w ∈ {0, 1}𝑛 be a vector of
sample weights with 𝑤𝑖 = 0 if z𝑖 ∈ W, otherwise 1. Denote as
𝜽 (w) the model learned on all of the data excludingW:

𝜽 (w) =𝑎𝑟𝑔𝑚𝑖𝑛
𝜽 ∈Θ

𝐹 (w;𝜽 ) := 𝛾𝑆
𝑠 − 𝑣

𝑠∑
𝑖=1

𝑤𝑖 ℓ𝑠 (z𝑖 ;𝜽 )+

𝛾𝑃
(𝑝 − 𝑣)2

𝑝∑
𝑖, 𝑗=1

𝑤𝑖𝑤 𝑗 ℓ𝑝 (z𝑖 , z𝑗 ;𝜽 ) + 𝛾𝐼𝑅(𝜽 ) .
(2)

We usually need to choose the appropriate evaluation function
for cross-validation. In this paper, we use ℓ𝑒 (𝜽 ) to denote the eval-
uation function, which can be either a pointwise loss or a pairwise
loss.

2.2 Examples
In this subsection, we provide some specific forms and evaluation
functions under supervised learning, semi-supervised learning and
pairwise learning, which is the basis for our approximationmethod.

2.2.1 SUPERVISED LEARNING. When 𝛾𝑃 is set to 0, our formula
can be reduced to the form of supervised learning, which means
only supervised samples are considered. In this condition, the struc-
tural risk is shown below:

𝜽 (1) =𝑎𝑟𝑔𝑚𝑖𝑛
𝜽 ∈Θ

𝐹 (1;𝜽 ) := 1
𝑠

𝑠∑
𝑖=1

ℓ𝑠 (z𝑖 ;𝜽 ) + 𝛾𝐼𝑅(𝜽 ), (3)

where 𝛾𝑆 in Eq.(1) may wish to be set to 1 to simplify the calcula-
tion, and S is the whole train dataset.

Let {S𝑖 }𝑡𝑖=1 be random equipartitions ofS into 𝑡 parts, and 𝜋𝑖 :=
{ 𝑗 |z𝑗 = (x𝑗 , 𝑦 𝑗 ) ∈ S𝑖 }. For simplicity, assume that 𝑠 mod 𝑡 , hence,
|S𝑖 | = 𝑠

𝑡 =:𝑚 and |𝜋𝑖 | =𝑚. Let 𝜽 (w\S𝑖
) be the hypothesis learned

on all of the data excludingS𝑖 , where [w\S𝑖
]𝑘 = 0, if (x𝑘 , 𝑦𝑘 ) ∈ S𝑖 ,

otherwise 1, 𝑘 ∈ {1, . . . , 𝑠}. Then, the general 𝑡-fold CV (𝑡-CV) can
be written as:

𝑡-CV :=
1
𝑠

𝑡∑
𝑖=1

∑
z𝑗 ∈S𝑖

ℓ𝑒
(
z𝑗 ;𝜽 (w\S𝑖

)
)
. (4)

When 𝑡 = 𝑠 , the 𝑠-CV is a special case of 𝑡-fold CV, called the
leave-one-out CV error (LOO):

LOO :=
1
𝑠

𝑠∑
𝑖=1

ℓ𝑒
(
z𝑖 ;𝜽 (w\𝑖 )

)
. (5)

2.2.2 SEMI-SUPERVISED LEARNING. Our framework can be used
to solve semi-supervised problems, when pairwise loss uses only
the feature part of the point 𝑧. In this condition, S can be consid-
ered as a small number of labeled samples, and P − S is a large
number of unlabeled samples. Similarly, the value of 𝛾𝑆 can be set



to 1. The structural risk at this point is as follow:

𝜽 (1) =𝑎𝑟𝑔𝑚𝑖𝑛
𝜽 ∈Θ

𝐹 (1;𝜽 ) := 1
𝑠

𝑠∑
𝑖=1

ℓ𝑠 (z𝑖 ;𝜽 )

+ 𝛾𝑃
𝑝2

𝑝∑
𝑖, 𝑗=1

ℓ𝑝 (x𝑖 , x𝑗 ;𝜽 ) + 𝛾𝐼𝑅(𝜽 ) .
(6)

Since the labeled data must be used when evaluating model per-
formance in cross-validation, the evaluation function, 𝑡-CV and
LOO for semi-supervised learning is the same as Eq.(4).

2.2.3 PAIRWISE LEARNING. When the pointwise term is thrown
away, the whole structural risk can be regraded as pairwise learn-
ing loss. So this framework can be applied in pairwise learning
such as constractive learning for images. In this case, we need to
minimize the following function:

𝜽 (1) =𝑎𝑟𝑔𝑚𝑖𝑛
𝜽 ∈Θ

𝐹 (1;𝜽 ) := 1

𝑝2

𝑝∑
𝑖, 𝑗=1

ℓ𝑝 (z𝑖 , z𝑗 ;𝜽 ) + 𝛾𝐼𝑅(𝜽 ), (7)

where the pointwise term was thrown away and 𝛾𝑃 is set to 1 to
simplify the calculation. Similarly, let {P𝑖 }𝑡𝑖=1 be random equipar-
titions ofP into 𝑡 parts, |P𝑖 | = 𝑝

𝑡 =:𝑚, the general 𝑡-fold CV (𝑡-CV)
can be written as:

𝑡-CV :=
1
𝑚𝑝

𝑡∑
𝑖=1

∑
(z𝑗 ,z𝑘 ) ∈P𝑖

ℓ𝑒
(
z𝑗 , z𝑘 ;𝜽 (w\P𝑖

)
)
. (8)

The leave-one-out CV error (LOO) for pairwise learning can be
simplified as

LOO :=
1

𝑝2

∑
(z𝑖 ,z𝑗 ) ∈P

ℓ𝑒
(
z𝑖 , z𝑗 ;𝜽 (w\{z𝑖 ,z𝑗 })

)
, (9)

where 𝜽 (w\{z𝑖 ,z𝑗 }) denotes the 𝜽 obtained by training after remov-
ing points {z𝑖 , z𝑗 }.

From the above definition of 𝑡-CV, one can see that we require
the learning algorithm to be run 𝑡 times to obtain 𝑡-CV, which is
time-consuming.

3 FAST APROXIMATE CROSS-VALIDATION
In this section, we provide the fast cross-validation approxima-
tion algorithm, and give its specific form under supervised, semi-
supervised and pairwise learning.

3.1 Talor Expansion Approximation
Note thatW is a small subset of L, so 𝜽 (w\W ) can be considered
a slight disturbance of 𝜽 (1). Therefore, the Taylor expansion ap-
proximation [29] at the point 𝜽 (1) is an effective approximation
of 𝜽 (w\W ). Let 𝜹\W = w\W − 1 be the sample discrepancy be-
tweenw\W and 1. Considering a certain evaluation function with
the Taylor expansion approximation, for the specific data (this may
be a point data or a point-to-point data) we need to evaluate, we

have
ℓ𝑒 (𝜽 (w\W )) ≈ ℓ̃𝑒 (𝜽 (w\W ))

:=ℓ𝑒 (𝜽 (1)) +
[
∇wℓ𝑒 (𝜽 (1))T

��w = 1
]
𝜹\W

=ℓ𝑒 (𝜽 (1)) + ∇𝜽 ℓ𝑒 (𝜽 (1))T
[
𝑑𝜽 (w)
𝑑wT

���
w=1

]
𝜹\W ,

(10)

where ℓ𝑒 is the evaluation function, such as square loss, Logistic
loss, pairwise distance etc. Here we use the chain rule of deriva-
tion. We can see that if 𝑑𝜽 (w)

𝑑wT is given, we only need to train the
algorithm once on the full dataset L to obtain 𝜽 (1).

3.2 General Calculation Form
First, we show how to calculate 𝑑𝜽 (w)

𝑑wT for the general form.

TheoRem 3.1. Let Hw = ∇2
𝜽 𝐹 (w;𝜽 (w)) be the second derivative

of the object 𝐹 (w;𝜽 ) (defined in Eq.(2)) at 𝜽 (w), and assume it exists.
Then, we have

𝑑𝜽 (w)
𝑑𝑤𝑖

= − H−1
w

( 𝛾𝑆
𝑠 − 𝑣

∇𝜽 ℓ𝑠 (z𝑖 ;𝜽 (w)) +

2𝛾𝑃
(𝑝 − 𝑣)2

∑
𝑗=1

𝑤 𝑗∇𝜽 ℓ𝑝 (z𝑖 , z𝑗 ;𝜽 (w))
)
.

RemaRK 1. Theorem 3.1 gives a unified framework to calculate
𝑑𝜽 (w)
𝑑wT for supervised, semi-supervised and pairwise learning. The ap-

proximate calculation of 𝑑𝜽 (w)
𝑑wT in [25, 30, 33, 34] can be considered as

special cases of our framework when only considering the supervised
samples. And this can be used in pairwise learning with 𝛾𝑆 equaled
to 0.

Let g(w\W ) = 𝛾𝑆
𝑠−𝑣

∑𝑠
𝑖=1 (𝑤𝑖 − 1)∇𝜽 ℓ𝑠 (z𝑖 ;𝜽 (1)) +

2𝛾𝑃
(𝑝−𝑣)2∑𝑝

𝑖,𝑗=1 (𝑤𝑖 − 1)𝑤 𝑗∇𝜽 ℓ𝑝 (z𝑖 , z𝑗 ;𝜽 (1)), and H = H1 = ∇2
𝜽 𝐹 (1;𝜽 (1)).

From Theorem 3.1, we can obtain that[
𝑑𝜽 (w)
𝑑wT

���
w=1

]
𝜹\W = −H−1g(w\W ) .

Thus, the approximation of the evaluation function is

ℓ𝑒 (𝜽 (w\W )) ≈ ℓ𝑒 (𝜽 (1)) − ∇𝜽 ℓ𝑒 (𝜽 (1))TH−1g(w\W ). (11)

This formula gives us a simple way to calculate the evaluation
function. We can calculate the scores of the model under cross-
validation by training the full dataset only once, which can further
help us to filter the best models and hyperparameters.

3.3 Specific calculation formula
3.3.1 SUPERVISED LEARNING. When 𝛾𝑃 is set to 0, this approx-
imation method can be reduced to calculate supervised learning.
According to Eq.(3), Eq.(4) and Eq.(11), the approximate 𝑡-CV can
be written as

𝑡-ACV :=
1
𝑠

𝑡∑
𝑖=1

∑
z𝑗 ∈S𝑖

(
ℓ𝑒 (z𝑗 ;𝜽 (1))

−∇𝜽 ℓ𝑒 (z𝑗 ;𝜽 (1))TH−1g(w\S𝑖
)
)
,

(12)



where g(w\S𝑖
) = 1

𝑠−𝑚
∑𝑠
𝑖=1 (𝑤𝑖 − 1)∇𝜽 ℓ𝑠 (z𝑖 ;𝜽 (1)), and H = H1 =

∇2
𝜽 𝐹 (1;𝜽 (1)).
The approximate LOO is a special case of the approximate 𝑡-CV

with 𝑡 = 𝑠 , which can be represented as

ALOO :=
1
𝑠

𝑠∑
𝑖=1

(
ℓ𝑒 (z𝑖 ;𝜽 (1))

−∇𝜽 ℓ𝑒 (z𝑖 ;𝜽 (1))TH−1g(w\𝑖 )
)
,

(13)

where g(w\𝑖 ) = − 1
𝑠 ∇𝜽 ℓ𝑠 (z𝑖 ;𝜽 (1)), and H = H1 = ∇2

𝜽 𝐹 (1;𝜽 (1)).

3.3.2 SEMI-SUPERVISED LEARNING. Combining Eq.(3), Eq.(4) and
Eq.(11), we get the approximate 𝑡-CV which can be written as

𝑡-ACV :=
1
𝑠

𝑡∑
𝑖=1

∑
(x𝑗 ,𝑦 𝑗 ) ∈S𝑖

(
ℓ𝑒 (z𝑗 ;𝜽 (1))

−∇𝜽 ℓ𝑒 (z𝑗 ;𝜽 (1))TH−1g(w\S𝑖
)
)
,

(14)

where g(w\S𝑖
) = 1

𝑠−𝑚
∑𝑠
𝑖=1 (𝑤𝑖 − 1)∇𝜽 ℓ𝑠 (z𝑖 ;𝜽 (1)) +

2𝛾𝑃
(𝑝−𝑚)2∑𝑝

𝑖,𝑗=1 (𝑤𝑖 − 1)𝑤 𝑗∇𝜽 ℓ𝑝 (x𝑖 , x𝑗 ;𝜽 (1)) and H = H1 = ∇2
𝜽 𝐹 (1;𝜽 (1)).

Comparing Eq.(12) with Eq.(14), we can find that the approximate
cross-validation algorithm for semi-supervised learning has one
more term 2𝛾𝑃

(𝑝−𝑚)2
∑𝑝
𝑖,𝑗=1 (𝑤𝑖 − 1)𝑤 𝑗∇𝜽 ℓ𝑝 (x𝑖 , x𝑗 ;𝜽 (1)), which indi-

cates the contribution of unlabeled samples.
The approximate LOO is a special case of the approximate 𝑡-CV

with 𝑡 = 𝑠 , which can be represent as

ALOO :=
1
𝑠

𝑙∑
𝑖=1

(
ℓ𝑒 (z𝑖 ;𝜽 (1))

−∇𝜽 ℓ𝑒 (z𝑖 ;𝜽 (1))TH−1g\𝑖
)
,

(15)

where g\𝑖 = − 1
𝑠−1∇𝜽 ℓ𝑠 (z𝑖 ;𝜽 (1)) −

2𝛾𝑃
(𝑝−1)2

∑𝑝
𝑗=1 ∇𝜽 ℓ𝑝 (x𝑖 , x𝑗 ;𝜽 (1)) .

Approximation algorithms for cross-validation and leave-one-
out methods in semi-supervised learning in the general case are
given by Eq. (14) and Eq. (15). Using this approximation, we can
evaluate the model is by training it only once. To the best of our
knowledge, the proof is first given for semi-supervised learning.

3.3.3 PAIRWISE LEARNING. When 𝛾𝑆 is set to 0, the approxima-
tion algorithm can be used for pairwise learning. According to
Eq.(7), Eq.(8) and Eq.(11), the approximate 𝑡-CV can be written as

𝑡-ACV :=
1
𝑚𝑝

𝑡∑
𝑖=1

∑
(z𝑗 ,z𝑘 ) ∈P𝑖

(
ℓ𝑒 (z𝑗 , z𝑘 ;𝜽 (1))

−∇𝜽 ℓ𝑒 (z𝑗 , z𝑘 ;𝜽 (1))TH−1g(w\S𝑖
)
)
,

(16)

where g(w\S𝑖
) = 2

(𝑝−𝑚)2
∑𝑝
𝑖,𝑗=1 (𝑤𝑖 − 1)𝑤 𝑗∇𝜽 ℓ𝑝 (z𝑖 , z𝑗 ;𝜽 (1)) and

H = H1 = ∇2
𝜽 𝐹 (1;𝜽 (1)). Unlike Eq.(14), Eq.(16) is related to the

derivative of a pair of points rather than a single point w.r.t. the
loss.

Similarly, the approximate LOO is a special case of the approxi-
mate 𝑡-CV with 𝑡 = 𝑝 , which can be represent as

ALOO :=
1

𝑝2

∑
(z𝑖 ,z𝑗 ) ∈P

(
ℓ𝑒 (z𝑖 , z𝑗 ;𝜽 (1))

−∇𝜽 ℓ𝑒 (z𝑖 , z𝑗 ;𝜽 (1))TH−1g\𝑖
)
,

(17)

where g\{z𝑖 ,z𝑗 } = − 2
(𝑝−1)2

∑𝑝
𝑘=1 ∇𝜽 ℓ𝑝 (z𝑖 , z𝑘 ;𝜽 (1)) − 2

(𝑝−1)2∑𝑝
𝑘=1 ∇𝜽 ℓ𝑝 (z𝑗 , z𝑘 ;𝜽 (1)) .
Existing studies [19, 44] on pairwise loss combines points into

pairs and then bring the pairs as a whole into the approximation
method given by [25]. Our research gives a framework that can be
used for pairwise learning without prior combination. Approxima-
tion algorithms for cross-validation and leave-one-out methods in
pairwise learning in the general case are given by Eq. (16) and Eq.
(17), which have never been given before.

3.4 Complexity Analysis
Traditional 𝑡-fold CV is complex and need to train the algorithm
𝑡 times, if we assume that it takes 𝑂 (𝑇 ) time to train the model
once, the time complexity of general 𝑡-fold CV will reach 𝑂 (𝑡𝑇 ).
When we analyses our approximate CV method, we assume that
it spends𝑂 (𝑇 ′) time to train the model once using the whole data.
Since the time complexity of our method is almost the same as
the traditional method to train the model once, which means that
𝑇 ≈ 𝑇 ′. The time taken to compute the approximation is much
less than the time taken to train the model. In consequence, our
method is nearly 𝑡 times faster especially when 𝑡 is large.

4 ERROR ANALYZATION
4.1 Unified Error Analysis
From Taylor expansion [29], we know that

ℓ𝑒 (𝜽 (w\W )) = ℓ̃𝑒 (𝜽 (w\W )) + 𝑟 (𝜽 (w′)),

where 𝑟 (𝜽 (w′)) = 𝜹Tw\W∇2
wℓ (𝜽 (w′))𝜹w\W is the Lagrange form

of the Taylor remainder, w′ ∈ [w\W , 1], ℓ̃𝑒 (𝜽 (w\W )) is defined
in Eq.(10). To derive the error bound, we need to require the Taylor
remainder 𝑟 (𝜽 (w′)) to be bounded. Note that���𝑟 (𝜽 (w′))

��� = ���𝜹Tw\W∇2
wℓ𝑒 (𝜽 (w′))𝜹w\W

���
=

������
𝑝∑

𝑘,ℎ=1

[𝜹w\W ]𝑘 [𝜹w\W ]ℎ

[
∇𝜽 ℓ𝑒 (𝜽 (w′))T 𝑑𝜽 (w′)

𝑑𝑤𝑘𝑑𝑤ℎ

+𝑑𝜽 (w
′)

𝑑𝑤ℎ

T

∇2
𝜽 ℓ𝑒 (𝜽 (w

′))𝑑𝜽 (w
′)

𝑑𝑤𝑘

] �����
≤

∑
𝑘,ℎ∈𝜋𝑖

(∇𝜽 ℓ𝑒 (𝜽 (w′))
  𝑑𝜽 (w′)

𝑑𝑤𝑘𝑑𝑤ℎ


+

∇2
𝜽 ℓ𝑒 (𝜽 (w

′))
 𝑑𝜽 (w′)

𝑑𝑤𝑘


𝑑𝜽 (w′)

𝑑𝑤ℎ


)
.

(18)

Therefore, to derive the error bound, we should estimate 𝑑𝜽 (w)
𝑑𝑤𝑖𝑑𝑤𝑗

.



TheoRem 4.1. Let Tw = ∇3
𝜽 𝐹 (w;𝜽 (w)) be the third derivatives

of 𝐹 (w;𝜽 ) at 𝜽 (w), and assume that the second and third derivatives
of 𝐹 (w;𝜽 (w)) exist. Then, we have

𝑑𝜽 (w)
𝑑𝑤 𝑗𝑑𝑤𝑖

= −H−1
w

[
g𝑖, 𝑗𝑝 + G𝑖 𝑑𝜽 (w)

𝑑𝑤 𝑗
+ G𝑗 𝑑𝜽 (w)

𝑑𝑤𝑖

+ Tw
𝑑𝜽 (w)
𝑑𝑤𝑖

𝑑𝜽 (w)
𝑑𝑤 𝑗

T]
,

where g𝑖, 𝑗𝑝 = 2𝛾𝑃
(𝑝−𝑣)2∇𝜽 ℓ𝑝 (z𝑖 , z𝑗 ;𝜽 (w)), G𝑖 = 𝛾𝑆

𝑠−𝑣∇2
𝜽 ℓ𝑠 (z𝑖 ;𝜽 (w)) +

2𝛾𝑃
∑

𝑘=1 𝑤𝑘 ∇2
𝜽 ℓ𝑝 (z𝑖 ,z𝑘 ;𝜽 (w))

(𝑝−𝑣)2 .

RemaRK 2. To obtain an error bound, we show how to estimate the
second derivative of 𝜽 (w) with respect tow in Theorem 4.1. However,
most existing methods, such as [3, 13, 14, 25, 34, 37], etc, only derive
the first derivative. The second derivative for a general framework is
novel.

Lemma 4.2. If 𝐹 (w;𝜽 ) is an 𝜎-strongly convex function with re-
spect to 𝜽 , and ∀(x, 𝑦) ∈ X × Y, x′ ∈ X, 𝜽 ∈ Θ, ∥∇𝜽 ℓ𝑠 (𝑧;𝜽 )∥ ≤ 𝑐 ′𝑠 ,
∥∇𝜽 ℓ𝑝 (𝑧, 𝑧′;𝜽 )∥ ≤ 𝑐 ′𝑝 . Then, the following result holds:𝑑𝜽 (w)

𝑑𝑤𝑖

 ≤ 𝑐 ′𝑠𝛾𝑆
𝜎 (𝑠 − 𝑣) +

2𝑐 ′𝑝𝛾𝑃
𝜎 (𝑝 − 𝑣) = O

(
1

𝑠 − 𝑣
+ 1
𝑝 − 𝑣

)
.

RemaRK 3. Lemma 4.2 tells us that we can easily put an upper
bound on the derivative of 𝜃 w.r.t. w. The value of this upper bound
also fits well with our experience that the larger the dataset, the smaller
the influence of perturbations in the training set on the model. Mean-
while, the larger the perturbation, the bigger the influence on the
model.

It seems difficult for 𝐹 (w;𝜽 ) to be 𝜎-strong convex in practice. But
we use only the property that ∥Hw∥2 = ∥∇2

𝜽 𝐹 (w;𝜽 )∥2 ≥ 𝜎 during
the whole proof. In fact, we can ensure that the above condition holds
by add a damping term 𝝀. The details can be found in Section 4.2

Lemma 4.3. We have the same assumptions as Lemma 4.2, and
∥∇2

𝜽 ℓ𝑠 (𝑧;𝜽 )∥ ≤ 𝑐 ′′𝑠 , ∥∇3
𝜽 ℓ𝑠 (𝑧;𝜽 )∥ ≤ 𝑐 ′′′𝑠 , ∥∇2

𝜽 ℓ𝑝 (𝑧, 𝑧
′;𝜽 )∥ ≤ 𝑐 ′′𝑝 ,

∥∇3
𝜽 ℓ𝑝 (𝑧, 𝑧

′;𝜽 )∥ ≤ 𝑐 ′′′𝑝 and ∥∇3
𝜽𝑅(𝜽 (w))∥ ≤ 𝑐 ′′′𝑟 . Thus, we have 𝑑𝜽 (w)

𝑑𝑤 𝑗𝑑𝑤𝑖

 = O
(

1

(𝑠 − 𝑣)2
+ 1
(𝑠 − 𝑣) (𝑝 − 𝑣) +

1

(𝑝 − 𝑣)2

)
.

RemaRK 4. Lemma 4.3 is similar to Lemma 4.2. When the second-
order derivative and third-order derivative of functions ℓ𝑠 and ℓ𝑝 have
upper bounds, the second-order derivative of 𝜃 also corresponds to an
upper bound. Many popular loss function satisfy the above condition
when the x is bounded, such as square loss, logistic loss and Huber
loss.

4.2 Error Bounds of Approximate CV
Next we give the error bounds of approximate CV in supervised
learning, semi-supervised learning and pairwise learning.

It is easy to deduce the following conclusion for supervised and
semi-supervised learning.

𝑡-ACV − 𝑡-CV =
1
𝑠

𝑠∑
𝑖=1

𝑟 (z𝑖 ;𝜽 (w′)) . (19)

4.2.1 SUPERVISED LEARNING. By Lemmas 4.2 and 4.3, when we
set𝛾𝑃 to 0, the error bound for supervised learning can be obtained:

TheoRem 4.4. Under the same assumptions as Lemma 4.3,𝛾𝑃 = 0,

|𝑡-ACV − 𝑡-CV| = O
(

1

(𝑡 − 1)2

)
,

where 𝑡 is the number of the fold of dataset,𝑚 is the size of each fold
of dataset, 𝑡 = 𝑠/𝑚.

When setting 𝑡 = 𝑠 , the error bound of the approximate LOO is
|ALOO − LOO| = O

(
1
𝑠2

)
.

RemaRK 5. Generally, 𝑠 = 𝑛 when our framework is used in super-
vised learning. This theory tells us to use as larger dataset as possible
and as many group as possible during cross-validation so that the
approximation method can be more accurate.

4.2.2 SEMI-SUPERVISED LEARNING. By Lemmas 4.2 and 4.3, the
error bound can be obtained:

TheoRem 4.5. Under the same assumptions as Lemma 4.3,

|𝑡-ACV − 𝑡-CV| = O
(

𝑚2

(𝑠 −𝑚)2
+ 𝑚2

(𝑠 −𝑚) (𝑝 −𝑚) +
𝑚2

(𝑝 −𝑚)2

)
,

where𝑚 is the size of the fold of dataset,𝑚 = 𝑠/𝑡 .
Similarly, the error bound of the approximate LOO is |ALOO −

LOO| = O
(
1
𝑠2

+ 1
𝑠𝑝 + 1

𝑝2

)
, when setting 𝑡 = 𝑠 .

RemaRK 6. There are some work studies the approximations of the
general 𝑡-fold CV, but most of them only provide supporting exper-
iments and little theory. To the best of our knowledge, the only two
results providing explicit finite-sample error bounds are [16, 17]. How-
ever, the proof of [16, 17] are very complex. In this paper, we directly
bound the Taylor remainder, which is much simpler. Moreover, our
result can also be applicable for semi-supervised learning but [16, 17]
only for supervised one.

4.2.3 PAIRWISE LEARNING. For pairwise learning, it is easy to
verify that

𝑡-ACV − 𝑡-CV =
1

𝑝2

𝑠∑
𝑖=1

𝑟 (z𝑖 ;𝜽 (w′)) . (20)

By Lemmas 4.2 and 4.3, when 𝛾𝑆 = 0, the error bound for pair-
wise learning can be obtained:

TheoRem 4.6. Under the same assumptions as Lemma 4.3,𝛾𝑃 = 0,

|𝑡-ACV − 𝑡-CV| = O
(

𝑚2

(𝑝 −𝑚)2

)
,

where𝑚 is the size of the fold of dataset,𝑚 = 𝑝/𝑡 .
RemaRK 7. Particularly, when only one pair at a time is left as the

validation set, the error bound of the approximate LOO is |ALOO −
LOO| = O

(
1
𝑝2

)
. Previous work [19, 44] combines points into pairs

and brings the pairs as a whole into the method provided by [25]. To
the best of our knowledge, our research first gives the most natural
formula and proof in pairwise learning.

In this paper, we not only prove the error bound for supervised and
semi-supervised learning of approximate CV, but also give the error
bound for the pairwise learning of approximate CV.



5 EXTENSIONS
5.1 Non-differentiable Losses
If the derivatives ∇𝜃 𝐹 and ∇2

𝜃
𝐹 do not exist, we can use the smooth

versions of the function to substitute the non-differentiable losses,
so that the problem is solved using this approximation.

5.2 Non-convexity and Non-convergence
In Section 3, we took 𝜽 as the global minimum. In practice, if we get
solution 𝜽 from a non-convex objective or by running SGD with
early stopping, 𝜽 ≠ 𝜽 .

To extend our approximate method to solve non-convex and
non-convergent problems, we can form a convex quadratic approx-
imation of the loss around 𝜽 , i.e.,

𝐹 (w;𝜽 ) ≈𝐹 (w;𝜽 ) + ∇𝜽 𝐹 (w;𝜽 ) (𝜽 − 𝜽 )

+ 1
2
(𝜽 − 𝜽 )T (H𝜃 + 𝝀I)(𝜽 − 𝜽 ) .

RemaRK 8. From the above analysis, we know that our approxi-
mate cross-validation method can be extended to the non-convex and
non-convergent situations. In this paper, we use LiSSA (Linear time
Stochastic Second-Order Algorithm) [25] to add the damping term 𝝀.
The calculation details are in Section 5.3

CoRollaRy 5.1. Assume that |𝐹 (w;𝜽 ) − 𝐹 (w;𝜽 ) | < 𝜖 , where
𝐹 (w;𝜽 ) = 𝐹 (w;𝜽 )+∇𝜽 𝐹 (w;𝜽 )(𝜽−𝜽 )+ 1

2 (𝜽−𝜽 )T (H𝜃 +𝝀I) (𝜽−𝜽 ) is
the local convex approximation of 𝐹 (w;𝜽 ). Under the same assump-
tions as Lemma 4.3, we have the conclusion that for semi-supervised
learning

|𝑡-ACV − 𝑡-CV| = O
(

𝑚2

(𝑠 −𝑚)2
+ 𝑚2

(𝑠 −𝑚) (𝑝 −𝑚) +
𝑚2

(𝑝 −𝑚)2
+ 𝜖

)
.

(21)

For pairwise learning, we have

|𝑡-ACV − 𝑡-CV| = O
(

𝑚2

(𝑝 −𝑚)2
+ 𝜖

)
, (22)

where 𝑡-ACV is the value of the approximate method on 𝐹 (w;𝜽 ) 𝑡-CV
is the value of the general CV on 𝐹 (w;𝜽 ), and𝑚 is the size of the fold
of the dataset.

RemaRK 9. 𝜖 is difficult to avoid for non-convex neural networks
and is related to the nature of the model itself. Here we give an upper
bound on the error in the case of convex approximation. In particular,
when the size of the data is relatively large, the main source of error
is basically brought by the convex approximation of the nonconvex
networks, which is its own characteristics.

6 APPLICATIONS
In this section, we will give some specific examples and technolo-
gies. Firstly we discuss specific applications from supervised learn-
ing, semi-supervised learning and pairwise learning. Since super-
vised learning is a special case of semi-supervised learning, we
mainly focus on semi-supervised learning and pairwise learning.
Then, we provide some acceleration technology used in the approx-
imate calculation.

6.1 Semi-supervised Learning
In the linear case, the hypothesis 𝑓𝜽 (x) = ⟨x, 𝜽 ⟩.

Example 1: LapRLS. The structural risk using Linear Laplacian
Regularized Least Squares (LapRLS) can be wirtten as

𝑎𝑟𝑔𝑚𝑖𝑛
𝜽 ∈Θ

1
𝑠

𝑠∑
𝑖=1

(𝜽Tx𝑖 − 𝑦𝑖 ))2+

𝛾𝑃
𝑝2

𝑝∑
𝑖, 𝑗=1

𝑊𝑖 𝑗 (𝜽Tx𝑖 − 𝜽Tx𝑗 )2 + 𝛾𝐼 ∥𝜽 ∥2,

where ℓ𝑠 is the square loss function, ℓ𝑝 is the manifold-based loss
function [6]. 𝛾𝑆 is set to 1 to simplify the calculation. ℓ𝑝 (x, x′;𝜽 ) =
𝑊𝑖 𝑗 (𝑓𝜽 (x) − 𝑓𝜽 (x′)), which is popular used in the semi-supervised
learning, and 𝑅(𝜽 ) = ∥𝜽 ∥2. W is the affinity matrix defining the
similarity between any pair of samples of P. In this paper, we set
𝑊𝑖 𝑗 = exp

(
− ∥x𝑖 − x𝑗 ∥2/2𝜎𝑤

)
for simplicity.

Example 2: LapSVM.When we talk about SVM, the basic struc-
tural risk in Linear Laplacian Regularized Squares SVM (LapSVM)
can be given as

𝑎𝑟𝑔𝑚𝑖𝑛
𝜽 ∈Θ

1
𝑠

𝑠∑
𝑖=1

max(0, 1 − 𝑦𝜽Tx𝑖 )2+

𝛾𝑃
𝑝2

𝑝∑
𝑖, 𝑗=1

𝑊𝑖 𝑗 (𝜽Tx𝑖 − 𝜽Tx𝑗 )2 + 𝛾𝐼 ∥𝜽 ∥2,

where ℓ𝑠 is the square Hinge loss function, and ℓ𝑝 is the manifold-
based loss function, 𝛾𝑆 is defined as 1.

CoRollaRy 6.1. If ∀x ∈ X, 𝑦 ∈ Y, ∥x∥ ≤ 𝑐1 , |𝑦 | ≤ 𝑐2, ∀𝜽 ∈ Θ
and ∥𝜽 ∥ ≤ 𝑐3. Then, for linear LapRLS (and LapSVM), the following
result holds:

|𝑡-ACV − 𝑡-CV| = O
(

𝑚2

(𝑠 −𝑚)2
+ 𝑚2

(𝑠 −𝑚)(𝑝 −𝑚) +
𝑚2

(𝑝 −𝑚)2

)
.

RemaRK 10. We only consider the square loss, square Hinge loss,
and manifold-based loss functions here. Actually, it is easy to extend
our results to other loss functions, such as logistic loss, Huber loss, etc.
On the other hand, we can easily derive the similar conclusion for
kernel-based case. When the kernel matrix ∥𝜿 (x)∥ has upper bound,
we have the same result like Corollary 6.1.

6.2 Pairwise Learning
In the case,𝛾𝑆 is equal to 0, the hypothesis 𝑓𝜽 (x) represents scoring
of a certain data point. Meanwhile let 𝛾𝑃 be equal to 1.

Example 3: Common structural risk in contrastive learning can
be written as

𝑎𝑟𝑔𝑚𝑖𝑛
𝜽 ∈Θ

1

𝑝2

𝑝∑
𝑖, 𝑗=1

[(1 − 𝑦)max(𝛾𝑚 − ||𝑓𝜽 (x𝑖 ) − 𝑓𝜽 (x𝑗 ) | |2, 0)2

+ 𝑦 (𝑓𝜽 (x𝑖 ) − 𝑓𝜽 (x𝑗 ))2] + 𝛾𝐼 ∥𝜽 ∥2,

where 𝑦 indicates whether two points belong to the same class.
𝑦 = 1 if picture 𝑖 and picture 𝑗 come from the same class, otherwise
𝑦 = 0. 𝛾𝑚 is the threshold value for contrastive loss [12, 36].



CoRollaRy 6.2. If ∀x ∈ X, 𝑓𝜽 (x) is the linear case, and ∀𝜽 ∈ Θ,
∥𝜽 ∥ ≤ 𝑐1. Then, for pairwise loss, the following result holds:

|𝑡-ACV − 𝑡-CV| = O
(

𝑚2

(𝑝 −𝑚)2

)
.

6.3 Calculating the Inverse Hessian Efficiently
In the process of approximate calculation, computing the inverse
Hessian is expensive. In this paper, we use the method provided by
[1]. Unlike the previous research, they calculate the influence func-
tion for each training point with a fixed test point.We calculate our
approximate value for a certain setW with each valid data.

First, we notice that for each test data z𝑖 ∈ W (or point-to-point
(z𝑖 , z𝑗 ) ∈ W), we can compute

𝑠𝑡𝑒𝑠𝑡 = H−1g\W .

Here we use the LiSSA (Linear time Stochastic Second-Order Algo-
rithm) to calculate 𝑠𝑡𝑒𝑠𝑡 [1]. Consider A𝑡 = H̃−1

𝑡 𝑣 as a whole. First
let 𝑣 := g\W , and initialize the inverse HVP estimation A0 = 𝑣 .
Then sample 𝑘 points from the whole training data,

A𝑡 = 𝑣 + (I − ∇2
𝜽 𝐹 (w;𝜽 ))A𝑡−1𝑣 .

Repeat the above two steps until A𝑡 is stabilized and the damp-
ing term 𝝀 can be added in the course of the loop, where A𝑡 is our
final result of 𝑠𝑡𝑒𝑠𝑡 . Then we can compute the approximate value
for each test data with 𝑠𝑡𝑒𝑠𝑡 . Using this approach, we reduce the
complexity of the algorithm from 𝑂 (𝑛𝑝2 + 𝑝3) to 𝑂 (𝑛𝑝), where 𝑝
is the size of the parameter.

RemaRK 11. Based on the second derivative (Theorem 4.1) and
the Taylor remainder [29], we present an explicit finite-sample error
bound of our approximate CV as well as extensions on neural net-
works. Besides this, we give a method to calculate our approximate
value efficiently. The framework can be used extensively in multime-
dia tasks such as supervised, semi-supervised and pairwise learning.

7 EXPERIMENTS
In this section, we will do some experiments in a single machine
with eight cores (Intel Xeon Silver 4210@2.20 GHz), 128 GB of
memory andGeForce RTX 3090with 24GB graphicsmemory. First,
we will verify the accuracy and efficiency of the approximation by
the 𝑡-CVmethod.Thenwe use the approximation algorithm in this
paper to filter the models with different parameters in several sce-
narios, such as classical semi-supervised learning and contrastive
learning.

7.1 Validation
7.1.1 ACCURACY. To investigate the accuracy of our method, we
do the 20-fold cross-validation 1 of the dataset and compareActual
losswith Predicted loss. To more accurately represent the role of
our approximation algorithm, we calculate the difference between
the loss of the validation set in the model trained with full dataset
and the model with training dataset, where Actual diff in loss =
ℓ𝑒 (z𝑡𝑒𝑠𝑡 , 𝜽 (1)) − ℓ𝑒 (z𝑡𝑒𝑠𝑡 , 𝜽 (𝒘 \ S𝑖 )) and Predicted diff in loss =
t-ACV(z𝑡𝑒𝑠𝑡 ) − ℓ𝑒 (z𝑡𝑒𝑠𝑡 , 𝜽 (𝒘 \ S𝑖 )). We use Laplacian Regularized
120 is an appropriate number of folds that our approximation is accurate and general
CV can be calculated in an accepted cost.

Least Squares (LapRLS) on dataset “cpusmall” from LIBSVM Data2
with 90% of samples randomly selected as unlabeled data.

Figure 1: LEFT:Actual loss vs. Predicted loss with regression
for semi-supervised learning. RIGHT: Actual diff in loss vs.
Predicted diff in loss with regression for semi-supervised
learning.

The result is shown in Fig. 1 (Pearson’s 𝑅 = 0.99 for both pic-
tures). As the figure shows, the value of actual diff in loss with 𝑡-CV
method is quite large. But our work can calculate their deviations
accurately and efficiently. The right one in Fig. 1 shows that the
finall 𝑡-ACV and 𝑡-CV is almost equal. Therefore we can use this
method to efficiently evaluate models and make model selection
further.

Figure 2: LEFT: Actual loss vs. Predicted loss with classifi-
cation for semi-supervised learning. RIGHT: Actual diff in
loss vs. Predicted diff in loss with classification for semi-
supervised learning.

Fig. 2 gives another example. We use Laplacian Regularized Lo-
gistic Regression (LapRLR) on dataset “w2a” from LIBSVM Data
with 90% of samples randomly selected as unlabeled data.The Pear-
son’s 𝑅 = 0.99 for both pictures. Our work performs well on both
regression and classification problems. All we need is just one cost
of trainning session.

Our approach also works well in neural network models. Next
we will give the validation experiment on pairwise learning and
neural networks. We use the dataset AT&T Database of Faces 3,
which contains a set of face images taken between April 1992 and
2http://www.csie.ntu.edu.tw/∼cjlin/libsvm.
3The database was used in the context of a face recognition project carried out in col-
laboration with the Speech, Vision and Robotics Group of the Cambridge University
Engineering Department.



April 1994 at the lab. There are 10 different images of each of 40
distinct subjects.

Figure 3: LEFT: Actual loss vs. Predicted loss with regression
for semi-supervised learning. RIGHT: Actual diff in loss vs.
Predicted diff in loss with CNN for pairwise learning.

Siamese neural network [12] is an artficial neural network that
uses the same weights while working in tandem on two different
input vectors to compute comparable output vectors. We use the
Siamese Net to determine if two images belong to one person. The
pairwise loss we use is given in Example 3 which is a common
loss function in this field. The value of the pairwise loss is small
when the input pairs belong to the same class, otherwise the model
returns a large loss.

We randomly choose 2 classes as the validation set and the re-
maining 38 classes as the training set, which is equivalent to doing
a part of calculation for the 20-fold cross-validation operation. As
described earlier, the loss is considered as a measure of whether
two images belong to one class or not. To show the effect of our
method more intuitively. Here we concentrate on exceptionally
small or large losses that are typically pairs from the same class
of different class.

The result is shown in Fig. 3 (Pearson’s 𝑅 = 0.90 for the left
and Pearson’s 𝑅 = 0.75 for the right). We trained the model in a
non-convergent, non-convex setting with a convolutional neural
network. The model has not even seen the classes inside the vali-
dation set. In this difficult setting, the predicted and actual changes
in loss were highly correlated.

The previous validation experiments demonstrate the accuracy
of our algorithm, with excellent results in simple semi-supervised
classification and regression problems. The approximation algo-
rithm is still accurate enough even for complex neural network
in pairwise learning. This is sufficient for us to use for fast model
selection.

7.1.2 EFFICIENCY. The running time of 𝑡-ACV and 𝑡-CV are re-
ported in Table 1. It is shown that 𝑡-ACV is much faster than 𝑡-CV.
In particular, 𝑡-ACV is nearly 𝑡 times faster than 𝑡-CV on most
datasets especially when the number of folds is relatively large.
The reason is very simple: although our method requires the full
dataset to be used once for training, when 𝑡 is small, the size of
training dataset is much smaller than the whole dataset, other-
wise the cost of training models using trainging dataset and whole
dataset is nearly equal. Therefore roughly 𝑡-ACV is 𝑡 times faster
than 𝑡-CV. For large-scale datasets, the original CVmethods do not
work while our approximate CV does.

Table 1: Running time. Our methods: 𝑡-ACV, compared
methods: 𝑡-CV, 𝑡 = 5, 10, 20

datasets 5-CV 5-ACV 10-CV 10-ACV 20-CV 20-ACV

abalone 20.65 5.59 52.96 6.28 109.81 6.72
cpusmall 97.25 21.41 207.64 22.33 422.21 23.92

YearPrediction \ 4623.78 \ 4823.56 \ 5023.24
svmguide3 8.76 5.43 35.85 5.86 91.48 6.08

w2a 220.71 51.54 486.57 52.76 1003.15 53.84
a9a \ 1699.53 \ 2121.24 \ 2721.23

AT&T \ 99.40 \ 102.22 \ 109.46

Table 2: Hyperparameter selection. Our methods: 𝑡-ACV,
compared methods: 20-CV

datasets 20-CV 20-ACV 20-CV 20-ACV 20-CV 20-ACV
𝛾𝑆 𝛾𝑆 𝛾𝑃 𝛾𝑃 𝛾𝐼 𝛾𝐼

abalone 1 1 0.1 0.1 0.1 0.1
cpusmall 1 1 1 1 0.1 0.1

YearPrediction \ 1 \ 0.1 \ 1
svmguide3 1 1 0.1 0.1 0.01 0.01

w2a 1 1 0.1 0.1 0.1 0.1
a9a \ 1 \ 1 \ 0.1

AT&T \ 0 \ 1 \ 0.1

7.2 Model Selection
Table 2 gives the results of hyperparameter selection for different
datasets, where the datasets “abalone”, “cpusmall” and “YearPre-
diction” are used for the regression, “svmguide3”, “w2a”, “a9a” for
classification and “AT&T” for pairwise learning. All the parameters
are 𝛾 ∈ {10𝑖 , 𝑖 = −3,−2,−1, 0, 1, 2, 3}. To simplify our calculation,
we set 𝛾𝑆 = 1 for semi-supervised learning, and 𝛾𝑆 = 0, 𝛾𝑃 = 1 for
pairwise learning. For small-scale datasets, we compare the orginal
CVmethods with our approximate CV. But the orginal methods do
not work for large-scale datasets, so that we use “\” to denote the
inability to calculate. At this point our approach can also select the
proper hyperparameters.

The results shows that our unified framework works well in dif-
ferent scenarios of model selection such as supervised learning,
semi-supervised learning and pairwise learning, which is useful
for multimedia tasks with a large number of unsupervised sam-
ples and contrast learning applications. The complex experiment
on the images also proves the effectiveness of our method, which
is also relevant in neural networks.

8 CONCLUSION
In this paper, we present a unified framework to approximate the
CV which can be used in supervised, semi-supervised, and pair-
wise learning, and provide a theoretical guarantee for its perfor-
mance. The proposed approximate CV requires training on the full
dataset only once so that they can significantly improve the effi-
ciency. Experimental results on several datasets demonstrate that
our approximate CV is much more efficient with accuracy guaran-
teed and has no statistical discrepancy compared with the original
CV, which can be widely used in multimedia tasks. Finally we give
specific examples of model selection in semi-supervised learning
and pairwise learning using neural network.
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