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Abstract

The effectiveness of unlabeled data in Semi/Self-Supervised
Learning (SSL) depends on appropriate assumptions for spe-
cific scenarios, thereby enabling the selection of beneficial
unsupervised pretext tasks. However, existing research has
paid limited attention to assumptions in SSL, resulting in
practical situations where the compatibility between the un-
supervised pretext tasks and the target scenarios can only be
assessed after training and validation. This paper centers on
the assumptions underlying unsupervised pretext tasks and
explores the feasibility of preemptively estimating the im-
pact of unsupervised pretext tasks at low cost. Through rig-
orous derivation, we show that the impact of unsupervised
pretext tasks on target performance depends on three factors:
assumption learnability with respect to the model, assumption
reliability with respect to the data, and assumption complete-
ness with respect to the target. Building on this theory, we
propose a low-cost estimation method that can quantitatively
estimate the actual target performance. We build a benchmark
of over one hundred pretext tasks and demonstrate that esti-
mated performance strongly correlates with the actual perfor-
mance obtained through large-scale training and validation.

Introduction

In training machine learning models, a substantial amount
of labeled data is typically required to achieve strong perfor-
mance on target tasks. However, in practical scenarios, ob-
taining labeled data is often costly and labor-intensive. Con-
sequently, effectively leveraging unlabeled data has become
crucial for enhancing model performance under limited su-
pervision.

Semi-supervised learning (Chapelle, Scholkopf, and Zien
2006; Oliver et al. 2018; Van Engelen and Hoos 2020) and
self-supervised learning (Chen et al. 2020a; Jing and Tian
2020; Gui et al. 2024) (SSL) are two major paradigms for
leveraging unlabeled data to enhance model performance on
target tasks. The key difference lies in their training strate-
gies: semi-supervised learning jointly trains on labeled and
unlabeled data, whereas self-supervised learning first pre-
trains on unlabeled data before fine-tuning on labeled data.
Although they are often studied separately, both share a
common theoretical foundation: training models on the pre-
text task using unlabeled data can influence their perfor-

mance on the target task, and the design of such pretext tasks
relies on prior assumptions (Rigollet 2007; Chen and Wang
2010; Mey and Loog 2022; Liu et al. 2021; Lee et al. 2021;
Misra and Maaten 2020; Teng, Huang, and He 2022). For
example, if the prior assumption is that the label of a sample
remains invariant under rotation, a pretext task can be de-
signed by enforcing the model to produce consistent predic-
tions across rotated versions of the same sample. Essentially,
both consistency regularization in semi-supervised learning
and contrastive learning in self-supervised learning exploit
such invariance to optimize target task performance.

The performance of SSL on target tasks heavily depends
on the choice of pretext tasks, which essentially hinges on
the underlying prior assumption. When the pretext task is
poorly chosen, unlabeled data may yield no performance
improvement or even lead to significant degradation (Oliver
et al. 2018; Guo et al. 2020; Li, Guo, and Zhou 2021; Jia
et al. 2023; Lee et al. 2021; Kundu et al. 2020; Huang et al.
2023a). For example, the rotation invariance assumption
cannot be applied to handwritten digit recognition datasets.

At present, research on how to estimate the benefit of a
pretext task before training remains highly limited. Conse-
quently, in practical applications, one must often conduct
large-scale training and validation to assess whether a pre-
text task aligns with the target task. This process is not only
delayed and computationally expensive but also requires
the use of scarce labeled data for validation. If an effective
method could be developed to estimate the expected test per-
formance based on the used pretext task before training and
validation, it would significantly reduce trial-and-error costs
and enable the selection of the most beneficial unsupervised
pretext task at minimal expense.

Since the performance of SSL essentially stems from the
prior assumptions underlying its pretext tasks, the model in-
jects these assumptions as knowledge through the use of
unlabeled data (Lee et al. 2021; Huang et al. 2023a). We
analyze this phenomenon through the lens of knowledge-
integrated machine learning, particularly drawing on neuro-
symbolic (Nesy) theories (Jia et al. 2025; He and Li
2025; Hitzler and Sarker 2022; Bhuyan et al. 2024). Un-
like traditional knowledge-integrated settings, however, the
prior assumptions in SSL are not entirely reliable—they
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hold only with certain probabilities. We therefore extend
the theoretical framework to settings where knowledge
is probabilistically reliable, thereby unifying the theories
of knowledge-integrated learning and semi/self-supervised
learning. Through rigorous theoretical analysis, we demon-
strate that the benefit of training on unlabeled data with an
assumption depends primarily on three factors: assumption
learnability with respect to the model — the extent to which
the model can satisfy the assumption through learning; as-
sumption reliability with respect to the data — the extent
to which the assumption holds true for the real data distri-
bution; assumption completeness with respect to the target
— the extent to which satisfying the assumption contributes
to achieving the target task. In summary, from a theoretical
standpoint, estimating the learnability, reliability, and com-
pleteness of a prior assumption is sufficient to estimate the
model’s generalization performance on the target task after
training on the corresponding pretext task.

Building upon the theoretical analysis above, we further
investigate how the three theoretical indicators can be trans-
formed into empirically estimable quantities in practical ap-
plications. To this end, we propose a feasible approach that
enables low-cost estimation of these three indicators. For
learnability, we estimate the degree to which the prior as-
sumption can be fitted by the model. Specifically, we train

a model fpmext on the pretext task using a small set of un-
labeled data, and then evaluate the consistency between its
predictions and the assumption after training. For reliability,
we estimate the degree to which the prior assumption holds
for the data. This requires access to the true labels of the un-
labeled data; therefore, we approximate it by training a su-

pervised model fiyroer 0N a small labeled subset as a surrogate
oracle model to provide pseudo-labels for estimation. For
completeness, we estimate the degree to which satisfying
the prior assumption contributes to achieving the target task.
This can be measured by comparing the prediction consis-

tency between fpretext (trained to satisfy the assumption) and

frarget (trained to achieve the target). Finally, by taking these
three estimated indicators, this allows an estimation of tar-
get generation performance reflecting how beneficial a given
pretext task is for the target task before large-scale training
and labeled-data-based validation. The previously expensive
process of selecting the most beneficial pretext task accord-
ing to specific application scenarios becomes feasible.

We also constructed a benchmark consisting of over one
hundred pretext tasks to evaluate the capability of the esti-
mation algorithm to estimate target task performance before
training and validation. Across these various tasks, we com-
pared the estimated performance with the true performance
obtained after full-scale semi/self-supervised training and
validation. Experimental results show that, even when using
only 5 labeled samples and 50 unlabeled samples per class
for rapid estimation, the estimated performance is highly
correlated with the actual performance. This demonstrates
that the benefit of pretext tasks can be effectively assessed at
a very low cost.

Related Work
Semi-Supervised Learning

Semi-supervised learning investigates how to jointly lever-
age unlabeled and labeled data to mitigate the issue of
limited labels (Chen et al. 2020b). Although consistency-
based methods that rely heavily on strong data augmenta-
tions currently achieve state-of-the-art performance on pub-
lic datasets (Berthelot et al. 2020; Xie et al. 2020; Sohn et al.
2020), they often lack sufficient generalization ability and
may perform catastrophically in real-world scenarios (Oliver
et al. 2018; Su, Cheng, and Maji 2021; Jia et al. 2024). Re-
searchers have increasingly uncovered that semi-supervised
learning suffers from limited safety (Li and Zhou 2014; Guo
et al. 2020) and robustness (Huang et al. 2021; Mo et al.
2022; Jia et al. 2023). Examining the issue from first princi-
ples, the root of the safety and robustness problem lies in the
inherent drawbacks of assumptions often fail to hold in the
complex and variable conditions of real-world applications.

Although extensive research has been conducted on the
robustness and safety of semi-supervised learning, it still
fails to prevent cases in real-world applications where in-
corporating unlabeled data yields no performance improve-
ment—or even leads to significant degradation (Oliver et al.
2018; Wang et al. 2022; Huang et al. 2023b; Jia et al. 2024).
This is primarily because prior work has not systematically
or scientifically analyzed the impact of unsupervised tasks
on the target task, which is precisely the problem our work
aims to address.

Self-Supervised Learning

Self-supervised learning has emerged as a powerful
paradigm for learning useful representations from unla-
beled data by constructing pretext tasks that generate su-
pervision signals from the data itself. More recent ad-
vances have shifted toward contrastive learning frameworks,
such as SimCLR (Chen et al. 2020a), MoCo (He et al.
2020), and InfoNCE-based (Oord, Li, and Vinyals 2018)
methods, which aim to maximize agreement between dif-
ferent augmentations of the same sample while pushing
apart representations of different samples. These methods
demonstrated that large-scale self-supervised learning can
approach or even surpass supervised learning on several
downstream benchmarks. Beyond above, BYOL (Grill et al.
2020), SimSiam (Chen and He 2021), Barlow Twins (Zbon-
tar et al. 2021), and Dino (Caron et al. 2021) avoid negative
samples altogether and still achieve competitive results, rais-
ing new questions about the underlying principles of repre-
sentation learning.

Recent studies have identified a key challenge known as
pretext task misalignment—where the objectives or repre-
sentations learned during the pretext task do not align well
with those required for the target task (Kundu et al. 2022;
Wang et al. 2024; Bordes et al. 2024). In such cases, mod-
els trained with misaligned pretext tasks may even under-
perform compared to training from scratch or using only la-
beled data. This has motivated efforts to evaluate the trans-
ferability of SSL representations (Kornblith et al. 2019).
In the theoretical research of self-supervised learning, there



are also related works discussing the causal relationship be-
tween pretext tasks and target tasks (Lee et al. 2021; Huang
et al. 2023a; Teng, Huang, and He 2022). However, despite
these advances, estimating especially quantifying the effec-
tiveness of a pretext task on a downstream target task re-
mains an open challenge.

Knowledge-Integrated Machine Learning

Due to the problems of pure data-driven machine learn-
ing—namely its excessive dependence on the quantity, qual-
ity, and distribution of data—the new generation of machine
learning research increasingly emphasizes paradigms jointly
driven by knowledge and data (Von Rueden et al. 2021). In
particular, neuro-symbolic learning (NeSy), which investi-
gates how to incorporate prior knowledge into the learn-
ing process, has become a crucial area of study, yielding
numerous theoretical and algorithmic advances (Yu et al.
2023; Hitzler and Sarker 2022; Bhuyan et al. 2024). These
advances include data-driven paradigms assisted by knowl-
edge (Mao et al. 2019; Amayuelas et al. 2022; Morishita
et al. 2023), knowledge-driven learning paradigms assisted
by data (Getoor and Taskar 2007; De Raedt and Kimmig
2015; Wang, Ye, and Gupta 2018), and paradigms in which
knowledge and data interact and jointly drive learning (Xu
et al. 2018; Manhaeve et al. 2018; Zhou 2019; Petersen et al.
2021; Stammer et al. 2023).

Most importantly, work in the NeSy field has examined
the completeness of knowledge, highlighting that even when
a model satisfies the given knowledge, it may still fail to pro-
duce correct predictions on the target task—a phenomenon
known as the shortcut problem. The shortcut problem have
highlighted when the knowledge bases are not sufficient,
there will be multiple satisfying solutions, but the model
fails to accurately pinpoint the target one. However, few
works have provided viable solutions to address this incom-
plete problem.

In NeSy, knowledge is assumed to be entirely reliable,
free from conflicts with the true data distribution. In contrast,
in SSL, the prior assumptions are not reliable knowledge;
they may not hold under the true data distribution, which
can in turn lead to conflicts between the knowledge system
and the data system.

Theory of Generalization Error Estimation
Based on Unsupervised Pretext Tasks
Problem Formulation

In classical machine learning tasks, algorithms learn a model
f € F from a hypothesis space F, using labeled data
Dy ~ D, , drawn from the distribution D, , to achieve
the target task T'askiqrge:. However, due to the limited
availability of labeled data, this classical paradigm strug-
gles to scale, leading to increasing interest in research areas
such as semi-supervised learning and self-supervised learn-
ing, where pretext-tasks T'askp,ctcqt are designed for un-
labeled data Dy ~ D, to assist in training or pretrain-
ing. Nonetheless, theoretical studies on how training with
Taskpreteat affects model performance on T'askiqrger are
relatively scarce, resulting in a heavy reliance on heuristic

experience for the selection of T'asky,.cteqt, and requiring a
complete training and validation process to assess its effec-
tiveness.

From the Bayesian perspective, machine learning is es-
sentially the process of learning p(y|z), whereas using un-
labeled data only provides information about p(z), which
by itself does not contribute to learning p(y|x). The reason
why T'askpretes+ can be helpful for T'askiqr et lies in its im-
plicit introduction of prior knowledge based on assumption
K 4 during training. We denote by ((x,K4) | True) the
compatibility between x and the knowledge K 4. Training
on T'askyretert enforces the model to satisfy K 4, thereby
forming a bridge to affect the target task via the relation:

p(ylz) = pl(z,Ka) = True|a] ()
-pl(y, Ka) = True|(z,K4) | True, z
plyl(y,Ka) = True, (z,K4) = True, 2]

As a result, the model fits all of C4 during training of the
pretext task. Here, p((x, K 4) = True|x) reflects the learn-
ability of the knowledge by the model—that is, to what
extent the model satisfies the knowledge; p((y,K4)
True|(z,K4) | True,z) denotes the reliability of the
knowledge with respect to the data—that is, to what ex-
tent the data conforms to the knowledge; p(y|(y,K4)
True, (z,4) | True, ) represents the completeness of the
knowledge with respect to the target—that is, the extent to
which the target depends on the knowledge.

In knowledge-integrated machine learning, the K4 is
fully reliable, p((y,a) = True|(z,K4) = True,z) = 1,
which means that for a data point (x,y), if « satisfies the
knowledge, then y also satisfies the knowledge—there ex-
ists no data that violates the knowledge. However, in SSL,
the K4 is probabilistically valid assumption which means
p((y,Ka) E True|(x,K4) E True,z) is the probability
that the assumption holds on the dataset.

Given a Taskpreteqt and its corresponding assumed
knowledge IC 4, if we can accurately estimate its learnabil-
ity, reliability, and completeness, we can make an informed
estimation about its performance on the target task.

Theoretical Derivation

Let Ryqrget denote the generalization error of the model on
the target task:

Rtarget(f) = Pa:,yNDm,y (f(.’IJ) 7é y) (2)

Let Runiearnable denote the generalization error of the
model on the unsupervised pretext task, which characterizes
the learnability of the assumed prior assumption /C 4:

Runlearnable(f7 K:A) = P:UN'DQE ((fa Z, ICA) l# TTU@) (3)

Considering the case where the assumption is both reli-
able and complete, the pretext task is equivalent to the tar-
get task—i.e., satisfying the assumption is tantamount to
accomplishing the target. Therefore, in the ideal case, the
model’s generalization error on the target task is equivalent
to the learnability of the assumption associated with the pre-
text task. It thus follows that:

Rtarget (f) S Runlearnable(fa ICA) (4)



Next, we consider the case where the assumption is not
reliable. In this case, the generalization performance on the
target task can no longer be determined solely by the model’s
degree of compliance with the assumed assumption K 4.
This is because data that do not actually satisfy the assump-
tion may be incorrectly identified as satisfying it under the
influence of K 4, leading to an overestimation of the model’s
expected degree of assumption satisfaction relative to the
true degree. The overestimated portion corresponds to data
that the learner fits as conforming to the assumption, while
in fact they contradict it. To reflect the unreliability of the as-
sumption over the data distribution, we define the following
unreliability metric.

Runreliable (fa ’CA) (5)

= x,waz,y,(f,z,/CA)FTrue((ya K:A) l# True)
This indicates that when the assumption is unreliable, the
generalization error on the target task depends not only on
the portion of the data where the assumption is unlearnable,
but also on the portion where the assumption is learnable but
inconsistent with the actual ground truth:

Rtarget (f) < Runlearnable(fa ’CA) (6)

+ (]- - Runlearnable(f7 ’CA)) N Runreliable(fa ]CA)

Then, we consider the case where the assumption is incom-
plete. In such cases, even if the model fully satisfies all true
assumptions, it does not necessarily guarantee good perfor-
mance on the target task. This indicates that multiple pre-
dictions may satisfy the given assumption, and more com-
plete assumptions are required to distinguish the correct tar-
get predictions. This issue is a common form of the shortcut
problem in Nesy. We define the incompleteness error as the
portion where, despite the assumption being both learnable
and consistent with the data, the model still fails to correctly
predict the target.

Rincomplete (f7 }CA) (7)

= :L’,yNDI,y,(f,m,ICA)I:True,(y,lCA)FTrue(f(m) 7& y)
Finally, when the knowledge is potentially unreliable and
incomplete, the generalization error on the target task is
jointly determined by three factors: (1) the portion of the
data where the knowledge is unlearnable, (2) the portion
where the knowledge is learnable but inconsistent with the
ground truth, and (3) the portion where the knowledge is
both learnable and consistent with the data, yet still fails to
yield accurate predictions. This leads to the following for-
mulation:

Riarget(f) (8)
<Runicarnable(f, Ka) + (1 = Runtearnabie(f,Ka))
- Runretiabie(f, Ka) + (1 = Runtearnabte(f,Ka))
(1 = Runretiable(f,Ka)) - Rincomplete(f Ka)
=1~ (1 = Runicarnabie(f; Ka)) - (1 = Runretiavie(f,Ka))
(1 = Rincomptete(f, Ka))

Efficient Evaluation of the Impact of Pretext
Tasks on Target Task Performance

Based on our theoretical results, we conclude that the gen-
eralization error of a model trained with an unsupervised

pretext task on a downstream target task is determined by
the product of three theoretical factors: the learnability, re-
liability, and completeness of the underlying assumption.
However, these theoretical indicators are typically difficult
to compute directly in real-world applications. In our meth-
ods, we aim to approximate these three indicators using only
a small amount of labeled data and unlabeled data, with min-
imal computational cost. This enables us to assess whether
a given unsupervised pretext task is likely to benefit the cur-
rent learning objective before training and validation. This
section introduces the estimation methods for each of the
three indicators.

The Estimation of Learnability

By definition, learnability describes the extent to which the
assumption can be satisfied by the model. Since the objec-
tive of unsupervised pretext training is precisely to make the
model conform to the underlying assumption, the degree of
unsatisfiability essentially represents the model’s general er-
ror on the pretext task which can be directly estimated by
the training error on the pretext task, reflecting the model’s
ability to fit the prior assumption. Therefore, in this step,
we directly train the model using a small sampled unlabeled
dataset Dy ~ Dy for efficiency considerations on the un-
supervised pretext task whose loss function is denoted as

Losspretext- Then we can obtain a model fpretwt that mini-
mizes the pretext task error:

fpretemt (9)

. 1
=argmin —— Z Losspretext (f, 7, Ka)
! ‘DU| mEDU

Subsequently, the training error of fpmtmt on the sam-
pled unlabeled dataset Dy can be used as an estimate of

Runlearnable :

Runlearnable (10)

:; ]I((fpretextv xz, ICA) l# TTU@)

|D U | €Dy
For example, in consistency regularization for semi-
supervised learning and contrastive learning for self-
supervised learning, the pretext task involves applying two
transformations to the model and minimizing the difference
between their predictions. The corresponding prior assump-
tion is that the label should remain unchanged after two
different transformations of the same data. Losspreeex: refers
to the consistency loss or contrastive loss, depending on
the SSL algorithm in use. Runlearnable represents the pro-
portion of unlabeled data for which the model still fails to
achieve prediction consistency after consistency-based opti-
mization. After this estimation, we proceed to the next met-
ric by selecting the subset of unlabeled data for which the
knowledge is satisfied.

ﬁ%}earnable (11)
:{I S BU | (.fpretextvxvlCA) ': True}



The Estimation of Reliability

Reliability describes the extent to which the assumption is
consistent with the data, with a particular focus on whether
the assumption holds true on the current dataset. In semi-
supervised or self-supervised learning, since the assumption
originates from assumed priors, it is inherently valid only for
a subset of the data. However, during unsupervised training,
it is typically assumed that all data conform to the assump-
tion. This mismatch may cause certain samples, whose true
labels conflict with the assumption to be forcibly fitted by
the model as if they satisfy the assumption, even though they
do not. Such samples inevitably fail to contribute positively
to model performance. To empirically estimate the degree
to which the assumption is violated, we need to determine
whether a conflict exists between the data’s true label and
the imposed assumption, denoted as:

Runreliable (12)

1
= e, 2 MW Ka) f True)
|1Dg |

mND;,;arna,ble

Here, y, denotes the true label of an unlabeled data sam-
ple x. However, since y,. is unknown in practice, this poses a

challenge for estimating R, ,reliabie- 1deally, we would ex-
pect to have access to an oracle model that can directly pro-
vide the true label y, for any unlabeled sample z. Given
the impracticality of such an oracle, we approximate it by

training a model ftm«get on a small sampled labeled dataset

Dy, ~ Dy, corresponding to the target task whose loss func-
tion is denoted as Lossyger. In reality, when the scale of D,

is relatively small, Dy = Dy canbe directly adopted. The

model fmrget serves as a practical substitute for the oracle
model during evaluation, i.e.,

Z Losstarget(f(x),y) (13)

x yEDL

Consequently, this enables a more refined empirical estima-
tion of Rypreliables giVen by:

Runreliable (14)

1 A
= | Dlarnabie| Y W(farger(w), Ka) ¥ True)

INDL?QTTLQ()ZG

After completing the estimation, we select the data samples
whose predicted true labels are consistent with the knowl-
edge base, and use them for the estimation of the next indi-
cator, i.e.,

DTUeliable (15)
(& € DI | (frapger(2), ) | True)

The Estimation of Completeness

By definition, Completeness describes the extent to which
the assumption is sufficient for the target task, focusing on
whether the assumption adequately covers the target. In the
ideal case, the pretext task is identical to the target task, or

the target task is a subset of the pretext task. In such sce-
narios, successfully solving the pretext task is equivalent to
accomplishing the target, and the prior assumption associ-
ated with the pretext task is considered complete. However,
in practice, even if the model fully learns the given assump-
tion, it may still fall short of achieving the target task per-
fectly. Completeness quantifies the extent to which the tar-
get can be achieved using the reliable assumption. To empir-
ically estimate completeness, we need to assess whether the
model trained on the pretext task truly has the potential to
solve the target task. As before, since the true label y,, is un-
known, we approximate it using f[arget(x). More intuitively,
training fpretem aims to satisfy the assumption, while training

ftarget aims to achieve the target, So the completeness of the
assumption with respect to the target can be approximated

by the consistency between fpmex[ and fmrget,

Rincomplete (16)
1 A .
:W Z H(ftarget(m) 7& fpretewt(x))
U

ENDEezmbLn

It is worth noting that fpretext is the model trained solely on
the pretext task, and its prediction targets are not inherently
aligned with those of the actual target task. Therefore, for
each class, we use fprelexl to extract the embeddings of sam-

ples in D, belonging to that class and compute the centroid
of all these embeddings as the prototype for the class. For

unlabeled data x ~ DU, We USE fpretex tO €Xtract its embed-

ding, and the predicted label for fpretext(x) is the one whose
prototype has the closest Euclidean distance to this embed-

ding. This process helps to align fpmext with ﬁarget in terms
of the target task.

The model’s test performance after full semi-supervised
or self-supervised learning can ultimately be estimated
based on the three estimated indicators:

Rtarget =1- (1 - Runlearnable) (17)
. (1 - fzunreliable) . (1 - fzincomplete)

Experiments

To verify whether the estimated target performance based
on empirical indicators of assumption learnability, reliabil-
ity, and completeness can reflect the model’s actual perfor-
mance after large-scale semi-supervised or self-supervised
training, we constructed a benchmark consisting of over
one hundred pretext tasks. Under different pretext tasks, we
compared the quickly estimated performance based on the-
oretical results with limited data against the actual perfor-
mance of models trained with a large amount of data us-
ing full semi-supervised or self-supervised procedures. To
minimize estimation cost, we sampled only a very small
subset from the large pool of unlabeled data for prediction
in low-label scenarios. The experimental results align with
our expectations, demonstrating that, regardless of whether
the setting is semi-supervised learning (where unsupervised
pretext tasks and supervised target tasks are trained jointly)



or self-supervised learning (where unsupervised pretext task
pretraining is followed by fine-tuning on the supervised tar-
get task), the model’s actual performance is highly corre-
lated with our theoretical estimates based on limited data.

Basic Experimental Setting

We selected 11 commonly used unsupervised pretext tasks
in current self-supervised and semi-supervised learning set-
tings, and applied different augmentation strength param-
eters, ultimately constructing a benchmark containing 115
unsupervised pretext tasks which are shown in table 1. All
operations in the table are implemented based on the torchvi-
sion.transforms module. Under the same dataset, model,
and hyperparameters, we used different pretext tasks to
perform both performance estimation and actual training.
These unsupervised pretext tasks include ResizedCrop, Ro-
tation, Translate, Shear, Scale, Brightness, Contrast, Satu-
ration, Hue, HorizontalFlip, and VerticalFlip—all of which
are widely adopted in consistency-based semi-supervised
learning (Tarvainen and Valpola 2017; Xie et al. 2020;
Sohn et al. 2020) and contrastive self-supervised pretrain-
ing (Chen et al. 2020a; He et al. 2020; Grill et al. 2020;
Caron et al. 2021). The prior assumption introduced by these
pretext tasks assumes that the label remains consistent af-
ter data transformations; specifically, the model is expected
to produce identical predictions for two independently aug-
mented views of the same input sample.

Table 1: Candidate Pretext Tasks for Experiments

Name Strength Operation
ResizedCrop s € |0,10] N Z ResizedCrop(scale=s/10)
Rotation s € [0, 10] N Z Rotation(degrees=s/10%180)
Translate s € [0,10]NZ  Affine(translate=s/10)
Shear s€[0,10|NZ Affine(shear=s/10)
Scale se(1,10|NZ Affine(scale=s/10)
Brightness s € |0, 10] N Z ColorlJitter(brightness=s/10)
Contrast s € 0,10 NZ Colorlitter(contrast=s/10)
Saturation s € [0,10] N Z ColorlJitter(saturation=s/10)
Hue s€[0,5)NZ  Colorlitter(hue=s/10)
HorizonFlip s € |[0,10]NZ  HorizontalFlip(p=s/10)
VerticalFlip s € [0,10]NZ VerticalFlip(p=s/10)

Under the basic setup, we conducted experiments on the
CIFAR-10, CIFAR-100 (Krizhevsky, Hinton et al. 2009) and
ImageNet-200 (Yang 2015) datasets. For each class, we se-
lected only 5 labeled examples—i.e., only 50 labeled sam-
ples in total for CIFAR-10, 500 for CIFAR-100 and 1000
for ImageNet-200. For performance estimation based on
proposed indicators, we used 50 unlabeled examples per
class—i.e., 500 unlabeled samples for CIFAR-10, 5,000
for CIFAR-100 and 10000 for ImageNet-200. In the ac-
tual semi-supervised and self-supervised training, all the
training samples excepted labeled ones were used as unla-
beled data—i.e., 49,950 samples for CIFAR-10 and 49,500
for CIFAR-100 and 99,000 for ImageNet-200. All evalua-
tions of actual performance were conducted on the full test
sets. Ultimately, we compared the estimated performance

against the actual performance of self-supervised and semi-
supervised learning.

In all experiments, we used ViT-B (Dosovitskiy 2020)
with a patch size of 16 as the baseline model. The batch
size was set to 64 and the epoch is set to 5, the optimizer
was Adam (Kingma 2014), the learning rate was fixed at Se-
5, and the weight decay was set to 0.01. The loss function
for unsupervised pretext tasks was uniformly set to mean
squared error (MSE) loss, and the loss function for the su-
pervised target task was set to cross-entropy loss. All experi-
ments were conducted using the PyTorch framework on four
A800 GPUs.

We use the Pearson correlation coefficient(Pearson 1895)
as the metric to evaluate the degree of correlation between
estimated performance and actual performance. Under the
same conditions, this metric can be used to assess the effec-
tiveness of the pretext task evaluation method.

Experimental Results

Finally, we estimated the empirical indicators of assumption
learnability, reliability, and completeness for all 115 unsu-
pervised pretext tasks under limited data. Based on these
three indicators, we computed the estimated target perfor-
mance. We also obtained the actual performance through
full semi-supervised and self-supervised learning processes
evaluated on real test data. To intuitively illustrate the cor-
relation between the estimated and actual performance, we
plotted scatter diagrams. We represent operation using color
and strength using opacity. All values on the axes are ex-
pressed as percentages. figs. 1 and 2 show,for the CIFAR-
10 dataset, the comparison between estimated performance
and actual performance under semi-supervised and self-
supervised settings, respectively. In terms of the final results,
the Pearson correlation coefficients between estimated and
actual performance for semi-supervised learning and self-
supervised learning reache 0.785 and 0.820 respectively on

CIFAR-10. The experimental results on the CIFAR-100 and

ImaoeNet-200 are nrovided in the annendix
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Figure 1: This figure illustrates the comparison between es-
timated performance and final actual performance after full
semi-supervised learning on CIFAR10 with the basic setup.

From the experimental results, it is evident that whether
using semi-supervised learning or self-supervised learning,
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Figure 2: This figure illustrates the comparison between es-
timated performance and final actual performance after full
self-supervised learning on CIFAR-10 with the basic setup.

the final test performance is highly correlated with the es-
timated performance derived from the three empirical theo-
retical indicators. As long as the same pretext task is used,
When the pretext task changes, the performance of semi-
supervised learning and self-supervised learning varies in an
almost synchronized manner. This indicates that whether a
pretext task can benefit the target task is not strongly influ-
enced by the training strategy. Another noteworthy observa-
tion is that the model’s performance on the target task tends
to be highly polarized. This reflects the cumulative effect of
pretext tasks on neural networks: when a pretext task is ben-
eficial to the target, its positive impact becomes amplified as
training progresses; conversely, when a pretext task is detri-
mental, its negative impact is also amplified with more train-
ing, and intermediate cases rarely occur.

Ablation Study

To demonstrate that the target performance estimated jointly
by the three proposed metrics is most correlated with the true
target performance, we conducted ablation experiments. We
verified the correlation between estimated and actual per-
formance using the three indicators individually or in pairs
respectively. The experimental results on CIFAR-10 under
both semi-supervised and self-supervised settings are shown
in tables 2 and 3. The results of the ablation experiments on
the CIFAR-100 and ImageNet-200 datasets are presented in
the appendix.

The results show that each metric is contributive: in both
semi-supervised and self-supervised settings, adding any ad-
ditional metric brings the estimated performance closer to
the true performance, enabling a more accurate assessment
of the impact of each unsupervised pretext task.

Examination of Robustness

To demonstrate that the method proposed in this paper can
effectively estimate true performance across different exper-
imental settings, we conducted multiple robustness tests:

e Algorithm robustness: Unlike the basic setup, where
both semi-supervised and self-supervised learning use

Table 2: Ablation study on estimating self-supervised learn-
ing performance using the three indicators on the CIFAR-10
dataset.

Learnability Reliability ~Completeness Correlation

v X X 0.224
X v X 0.704
X X v 0.727
v v X 0.716
v X v 0.746
X v v 0.808
v v v 0.820

Table 3: Ablation study on estimating semi-supervised
learning performance using the three indicators on the
CIFAR-10 dataset.

Learnability Reliability ~Completeness Correlation

v 0.192
0.686
0.692
0.694
0.710
0.773
0.785

AX NN X X
NAX A X A X
NNAX AX X

the simplest unified training algorithm—i.e., MSE loss
based on consistency as LossSpretext and cross-entropy loss
as LosSuger, We further validated the effectiveness of
our method on algorithms specific to each domain. This
includes MeanTeacher (Tarvainen and Valpola 2017),
UDA (Xie et al. 2020), and FixMatch (Sohn et al. 2020)
in the semi-supervised domain, and SimCLR (Chen et al.
2020a), MoCo (He et al. 2020), BYOL (Grill et al.
2020), and Dino (Caron et al. 2021) in the self-supervised
domain. All semi-supervised learning algorithms fol-
low the implementation of LAMDA-SSL, and all self-
supervised learning algorithms follow the implementa-
tion of Lightly.

* Model robustness: Unlike the basic setup where ViT-B
is used as the backbone, we further verified our method
using the ResNet-50 (He et al. 2016) model.

» Data distribution robustness: Unlike the basic setup
where labeled and unlabeled data share the same dis-
tribution, we further tested the method on the out-of-
distribution dataset Office-31 (Saenko et al. 2010).

* Data scale robustness: Unlike the basic setup, where the
unlabeled data used for performance estimation is 10
times the size of the labeled data, we further tested our
method with unlabeled data amounts of 50 times the size
of the labeled data.

» Hyperparameter robustness: Unlike the basic setup
where the number of epochs is 5 and the learning rate is
5 x 107, we further validated the method under settings
with various settings.

All the above robustness tests indicate that the three-



metric-based estimation method can effectively estimate
true performance under diverse conditions. Detailed results
can be found in the appendix.

Conclusion

We conducted an in-depth investigation into how training
on unsupervised pretext tasks incorporates prior knowledge
or assumption into models. We demonstrate that, in theory,
the impact of pretext tasks on target performance hinges on
three factors: assumption learnability, reliability, and com-
pleteness. This reveals the connection between prior knowl-
edge or assumption and the three fundamental components
of traditional machine learning—model, data, and target.
More importantly, we propose empirical methods to quan-
tify the theoretical indicators in applications. These meth-
ods enable low-cost estimation of model’s potential perfor-
mance on the target task before training and validation be-
gins. This makes it feasible to rapidly assess the benefit of
unsupervised pretext tasks in practical scenarios, dramati-
cally reducing trial-and-error risks and costs, and shifting
task selection from heuristic-based to theory-based.

Impact Statement

This paper presents work whose goal is to advance the field
of Machine Learning. There are many potential societal con-
sequences of our work, none which we feel must be specifi-
cally highlighted here.
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Experiments on CIFAR-100

We conducted experiments on the CIFAR-100 dataset fol-
lowing the settings described in 2? , verifying the difference
between estimated performance and actual performance. We
also plotted scatter plots and calculated the correlation coef-
ficients between estimated performance and actual perfor-
mance under semi-supervised and self-supervised settings,
which are 0.905 and 0.950 respectively. The comparison re-
sults can be seen in figs. 3 and 4.

Estimated vs Actual Semi-Supervised Learning Performance
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Figure 3: This figure illustrates the comparison between
estimated performance and final actual performance after
full semi-supervised learning on CIFAR-100 with the basic
setup.

Experiments on ImageNet-200

We conducted experiments on the ImageNet-200 dataset fol-
lowing the settings described in 2? , verifying the difference
between estimated performance and actual performance. We
also plotted scatter plots and calculated the correlation coef-
ficients between estimated performance and actual perfor-
mance under semi-supervised and self-supervised settings,
which are 0.675 and 0.678 respectively. The comparison re-
sults can be seen in figs. 5 and 6.

Experiments on the Algorithm Robustness

In the experiments under the basic settings, we unified
the two paradigms of semi-supervised learning and self-
supervised learning, conducted comparative experiments us-
ing a consistent loss function, and only distinguished them
by the training order of the pretext task and the target task
(for semi-supervised learning, the two tasks are trained si-
multaneously; for self-supervised learning, the pretext task
is trained prior to the target task). However, we did not con-
sider the differences between the two in existing classic al-
gorithms. To address this, we adopted representative clas-
sic algorithms from each of the two fields and compared the



Estimated vs Actual Semi-Supervised Learning Performance
on Dataset CIFAR-100

0 5 10 15 20 25 30 35
Estimated Performance (Accuracy(%))

2

§ ° Operation

£ 35 A ® rotation

g ® % crop

TS' 30 4 ° [ ] translation
= P shear

£ ® scale

L 251 ° 'S brightness
& ° contrast
o .

g 20 saturation
5 e ® hue

s horizonflip
§ 15 4 verticalflip
2

[

5,”- 10

3 (1

& ‘o” ®e

w54 e

= )

=}

‘C' T T

<

Figure 4: This figure illustrates the comparison between es-
timated performance and final actual performance after full
self-supervised learning on CIFAR-100 with the basic setup.

Estimated vs Actual Self-Supervised Learning Performance

on Dataset ImageNet-200
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Figure 6: This figure illustrates the comparison between es-
timated performance and final actual performance after full
self-supervised learning on ImageNet-200 with the basic

setup.

Estimated vs Actual Semi-Supervised Learning Performance

on Dataset ImageNet-200

Estimated Performance (Accuracy(%))

=

§ 351 el ° Operation

5 ] rotation

o g crop

< e o © g0 © )

@ 30 4 ® %' o translation

v ° 3

g b oo @ ® shear

€ ° ) ° scale

= ® e © brightness

& 254 o @ _ contrast

2 ° i saturation

£ @ hue

§ © ° [ horizonflip
20 A e o . .

kel

verticalflip

2 3 &

g [ 5 L4

3 L X

9154 ©

g ®

(2]

©

< 10 20 30 40

Figure 5: This figure illustrates the comparison between es-
timated performance and final actual performance after full
semi-supervised learning on ImageNet-200 with the basic
setup.

predicted performance with the actual performance obtained
through training on these classic algorithms.

For semi-supervised learning, we compared against the
actual performance trained on three classic algorithms:
MeanTeacher, UDA, and FixMatch. Except for the algo-
rithms themselves, the backbone model, hyperparameters,
dataset settings, and other configurations remained consis-
tent with the basic settings. We also plotted scatter plots and
calculated the correlation coefficients between estimated
performance and actual performance under 3 algorithms,
which are 0.801, 0.747, and 0.902 respectively. The com-
parison results can be seen in figs. 7 to 9.

For self-supervised learning, we compared against the ac-
tual performance trained on four classic algorithms: Sim-
CLR, MOCO, BYOL, and DINO. Except for the algorithms
themselves, the backbone model, hyperparameters, dataset
settings, and other configurations remained consistent with
the basic settings. We also plotted scatter plots and calcu-
lated the correlation coefficients between estimated perfor-
mance and actual performance under 4 algorithms, which
are 0.557, 0.453, 0.603 and 0.668 respectively. The compar-
ison results can be seen in figs. 10 to 13.

Experiments on the Model Robustness

In the basic settings, we adopted the Vision Transformer
(ViT) model as the backbone. As a representative of current
transformer-based models, ViT boasts strong generality. To
verify that the proposed estimation method is also applicable
to other backbones, we conducted identical experiments on
ResNet-50 models. We also plotted scatter plots and calcu-
lated the correlation coefficients between estimated perfor-
mance and actual performance under semi-supervised and
self-supervised settings, which are 0.478 and 0.694 respec-
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Figure 7: This figure illustrates the comparison between
estimated performance and final actual performance after
full semi-supervised learning on CIFAR-10 with the Mean-
Teacher Algorithm.
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Figure 9: This figure illustrates the comparison between es-
timated performance and final actual performance after full
semi-supervised learning on CIFAR-10 with the FixMatch
Algorithm.
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with SimCLR Algorithm

£ 70 i

> ® Operation

e ® i

3 [ ¥ ° rotation
260 ° crop

P P translation
o ® ° shear

g ® & o0 scale

S 501 o brightness
g ° o ° .O contrast
2 ‘ saturation
£ ) @

€ 40 4 ® e hue

o horizonfli
g o orizonflip
2 verticalflip
) L A [

> 304 (] [ X J

[} o @ 0o

S .

b 8

& 204 o %

©

< 5 10 15 20 25

Figure 8: This figure illustrates the comparison between es-
timated performance and final actual performance after full
semi-supervised learning on CIFAR-10 with the UDA Algo-
rithm.
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Figure 10: This figure illustrates the comparison between es-
timated performance and final actual performance after full
self-supervised learning on CIFAR-10 with the SiImCLR Al-
gorithm.
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Figure 11: This figure illustrates the comparison between es-
timated performance and final actual performance after full
self-supervised learning on CIFAR-10 with the MOCO Al-

gorithm.
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Figure 12: This figure illustrates the comparison between es-
timated performance and final actual performance after full
self-supervised learning on CIFAR-10 with the BYOL Al-
gorithm.

Estimated vs Actual Self-Supervised Learning Performance

with DINO Algorithm

S
oy Operation
® rotation
3 60 4
g crop
> ° translation
2 ® i shear
g 501 o ® scale
g °® 50 e brightness
9 ) contrast
o oe
2 40 A o % ® . saturation
'g ° o@D °® hue
k] PRI L4 horizonflip
2 30 1 ] verticalflip
2 ha R Y
2 X o
o e ®
° e
2204 oo e °
u
o
2]
© °
g 10- . . . . ,
< 10 20 30 40 50

Estimated Performance (Accuracy(%))

Figure 13: This figure illustrates the comparison between es-
timated performance and final actual performance after full
self-supervised learning on CIFAR-10 with the DINO Algo-
rithm.

tively. The comparison results can be seen in figs. 14 and 15.
The comparison results can be seen in figs. 14 and 15.

Experiments on the Data Distribution
Robustness

Since self-supervised learning often utilizes unlabeled data
with a different distribution from labeled data for pre-
training, we further validated our results on the cross-
distribution dataset Office-31—unlike the same-distribution
datasets (CIFAR-10, CIFAR-100, and ImageNet-200) used
in the basic settings. The results demonstrate that our pro-
posed estimation method remains effective when the labeled
data and unlabeled data are from different distributions in
the pre-training and fine-tuning paradigm. We use data with
the domain of Amazon as labeled data, and data with the
domains of Dslr and Webcam as unlabeled data. 155 labeled
data points (5 per category) and 1,550 unlabeled data points
(50 per category) are used for performance estimation. We
also plotted the scatter plot and calculated the correlation
coefficient between estimated performance and actual per-
formance under the self-supervised setting, which is 0.674.
The comparison results can be seen in fig. 16.

Experiments on the Data Scale Robustness

In the basic experiments, considering the estimation effi-
ciency, we only used unlabeled data that was 10 times the
size of the labeled data for performance estimation. To
demonstrate that using more unlabeled data can achieve
more accurate performance estimation, we conducted ad-
ditional experiments under the setting where the unlabeled
data is 50 times the size of the labeled data. We also plot-
ted scatter plots and calculated the correlation coefficients



Estimated vs Actual Semi-Supervised Learning Performance
with ResNet50
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Figure 14: This figure illustrates the comparison between es-
timated performance and final actual performance after full
semi-supervised learning on CIFAR-10 with the ResNet-50
backbone.
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Figure 15: This figure illustrates the comparison between es-
timated performance and final actual performance after full
self-supervised learning on CIFAR-10 with the ResNet-50
backbone.

Estimated vs Actual Self-Supervised Learning Performance
on Dataset Office-31
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Figure 16: This figure illustrates the comparison between es-
timated performance and final actual performance after full
self-supervised learning on Office-31.

between estimated performance and actual performance un-
der semi-supervised and self-supervised settings, which are
0.803 and 0.854 respectively. The comparison results can be
seen in figs. 17 and 18.

Experiments on the Hyperparameters
Robustness

To verify that the effectiveness of our proposed estimation
scheme is not excessively affected by training hyperparam-
eters, we conducted further validation on two key hyperpa-
rameters: the number of epochs and the learning rate.

In the basic settings, the number of epochs was set to
5; we further validated the effectiveness of the method
when the number of epochs was 10. We also plotted scat-
ter plots and calculated the correlation coefficients between
estimated performance and actual performance under semi-
supervised and self-supervised settings, which are 0.874 and
0.891 respectively. The comparison results can be seen in
figs. 19 and 20.

In the basic settings, the learning rate was set to Se-5; we
further validated the effectiveness of the method when the
learning rate was le-5. We also plotted scatter plots and cal-
culated the correlation coefficients between estimated per-
formance and actual performance under semi-supervised
and self-supervised settings, which are 0.666 and 0.944 re-
spectively. The comparison results can be seen in figs. 21
and 22.

Cost Comparison

We compared the resources consumed by our proposed es-
timation method and the post-training validation method in



Table 4: Comparison of resource consumption between the actual performance obtained through training&validation and the
estimated performance derived from our proposed method on the CIFAR-10 dataset.

Method Time labeled data unlabeled data
Semi-Supervised Training and Validation 1547.3  50(training)+10000(validation)  49950(training)
Self-Supervised Training and Validation  1651.6  50(training)+10000(validation)  49950(training)
Estimation 29.6 50(estimation) 500(estimation)
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Figure 17: This figure illustrates the comparison between es-
timated performance and final actual performance after full
semi-supervised learning on CIFAR-10 with 50x unlabeled
data.

Estimated Performance (Accuracy(%))

Figure 18: This figure illustrates the comparison between es-
timated performance and final actual performance after full
self-supervised learning on CIFAR-10 with 50x unlabeled
data.



Estimated vs Actual Semi-Supervised Learning Performance

with Epochs of 10
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Figure 19: This figure illustrates the comparison between es-
timated performance and final actual performance after full
semi-supervised learning on CIFAR-10 with the epoch of
10.

Figure 21: This figure illustrates the comparison between
estimated performance and final actual performance after
full semi-supervised learning on CIFAR-10 with the learn-
ing rate of le-5.
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Figure 20: This figure illustrates the comparison between es-
timated performance and final actual performance after full
self-supervised learning on CIFAR-10 with the epoch of 10.
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Figure 22: This figure illustrates the comparison between es-
timated performance and final actual performance after full
self-supervised learning on CIFAR-10 with the learning rate
of le-5.



evaluating the impact of unsupervised pretext tasks. Specif-
ically, we compared the computation time, the amount of
labeled data, and the amount of unlabeled data required to
assess whether a pretext task is suitable for the target task,
demonstrating the significant superiority of our proposed es-
timation method in terms of resource consumption. The time
is uniformly reported as the number of seconds run on a sin-
gle A800 GPU. The results can be seen in table 4.

Hypothesis Testing

We performed t-tests on all experimental conclusions at a
99% confidence level to verify whether the estimated per-
formance achieved at low cost by our proposed scheme
is significantly positively correlated with the actual perfor-
mance obtained through extensive consumption. Since we
conducted experiments on a total of 115 pretext tasks, based
on the t-distribution with degrees of freedom (df) = 115 - 2
= 113 and a one-tailed significance level (o) = 0.01 cor-
responding to a significant positive correlation at the 99%
confidence level, the critical Pearson correlation coefficient
was calculated to be 0.226. In all experimental results of
this paper, the correlation coefficients between the estimated
performance and actual performance are far higher than this
critical value, which sufficiently demonstrates that the pro-
posed estimation method can accurately predict the real per-
formance that relies on large-scale training and validation at
an extremely low cost.

Future Work

It is not difficult to foresee that in the future, the scale of
models, data and targets will continue to grow, while reli-
able labels will not increase accordingly. This means that un-
supervised training will occupy an increasingly significant
role. As the starting point of training, the selection of pre-
text tasks based on prior knowledge or assumption will be-
come increasingly important throughout the machine learn-
ing pipeline. In the future, we plan to increase our efforts in
the design of unsupervised tasks, aiming to enable models to
learn more complex prior assumption from unlabeled data,
especially under more complex models, data, and targets.



