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ABSTRACT

Inspired by progress in self-supervised,unsupervised learning for natural language,
we analyze whether comparative models can learn helpful representations for pic-
tures.Building a neural network for image classification picture grouping isn’t in
every case simple when you have very little information. Lately, there have been a
couple of significant advances in this space that have made structure an important
model more conceivable without having a huge number of pictures to prepare on.
Most prominently, transfer learning tops this rundown. Transfer learning is the act
of taking pre-prepared loads from an enormous model prepared on the ImageNet
informational index and utilizing those loads as a beginning stage for an alternate
informational index.

By and large, this is finished by supplanting the last completely associated layer
and preparing the model while just refreshing the loads of the direct layers and
letting the convolutional layers keep their loads. generative techniques can become
familiar with the certain elements of information to all the more likely model infor-
mation dispersions.

They model the genuine information dispersion from the preparation dataset and
afterward produce new information with this dispersion. In this part, we audit the
profound generative semi-managed strategies dependent on the GAN system and

the Variational AutoEncoder (VAE) system, separately

il
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Chapter 1

Introduction

1.1 Overview

In this Project, we investigate an Unsupervised pre-preparing has changed NLP. In
PC vision, the unsupervised learning standards contrast from their NLP partners.
Self-Supervised learning (SSL) with Transformers has turned into a true norm of
model decision in NLP. The predominant methodologies, for example, GPT and
BERT are pre-preparing on a huge text corpus and afterward calibrating to differ-
ent more modest assignment explicit datasets, showing prevalent execution. Bigger
Transformers preprepared with bigger scope language datasets regularly lead to a
more grounded speculation capacity, shown by further developed execution in down-
steam errands (without any indication of execution immersion yet),as exemplified
in GPT-3[3]. To finish the higher perspective of Self- Supervised-learning(SSL) in
terms of vision and direction shutting the hole of pre-preparing system between per-
ception and vision furthermore, language, it is logical legitimacy to explore these[2].
ImageGPT (iGPT) sums up the idea of autoregressive language displaying of GPT
for pictures, showing empowering ImageNet acknowledgment exactness with a huge
model size[1].

Unsupervised Pre-training assumed a focal part in the resurgence of profound
learning.In this paper is worried about a trial evaluation of the different contending

speculations in regards to the job of unaided prepreparing in the new achievement



of profound learning methods[4].Considering that it has been 10 years ssince the

main surge of s generative pre-getting ready methodologies for pictures and think-

(a) Supervised (b) Supervised (auto-augment+LS) (c) Semi-supervised
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Figure 1.1: Relative improvement (top-I) when model size is expanded.

ing about their liberal Impact in NLP, on classss are strategies are normal for a
high level reevaluation and examination with the new Progress of Self administered
methods[1]. The fantasy of age as a method for genuine comprehension from crude
information alone has barely been figured it out. All things being equal, the best
methodologies for unaided taking in influence strategies embraced from the field
of administered learning, a class of techniques referred to as self-managed learn-
ing.[5]Generative models as a method for solo learning offer an engaging option in
contrast to selfadministered undertakings in that they are prepared to demonstrate

the full information appropriation without requiring any change of the first datal[5].

1.2 Deep Learning

DL is important for a more extensive group of Al techniques dependent on neural
networks with representation Learning. It is a kind of AI and lack of knowledge
that imitates the way wherein individuals secure specific sorts of data. Significant
learning is a huge part of data science, which fuses experiences and farsighted il-
lustrating. At first, the PC program may befurnished with preparing information a
bunch of pictures for which a human has marked each picture canine or not canine
with metatags. The program utilizes the data it gets from the preparation informa-
tion to make a list of capabilities for canine and fabricate a prescient model. For
this situation, the model the PC initially makes may anticipate that anything in a

picture that has four legs and a tail ought to be marked canine. Obviously, the pro-



gram doesn’t know about the marks four legs or tail. It will just search for examples
of pixels in the advanced information. With every cycle, the prescient model turns

out to be more intricate and more accurate[6].

peesesssssssssstesssssmsssssny  pessssssss=ss= . —— W P —
. n % . . M .
Comvolutionl Newral | [ Recumrent Newral |’ Diecp Belied Gemeral Adversanal
[ CNN-RNN ] [ MNerworks ] [ Heraoaks Setworks ] Awtoencodery ] Nerworks CHN-AE }

Figure 1.2: Various deep learning methods.

1.3 Supervised learning (SL)

SL utilizes a Preparation set to help model to yield the ideal yield. This preparation
dataset incorporates inputs and Right yields, which permit the model to learn over
the long run. The calculation estimates its precision through the misfortune works,
changing until the blunder has been adequately limited.As information is taken care
of into the model, it changes its loads until the model has been fitted fittingly, which

happens as a features of the cross approval measures.

Supervised Learning
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Figure 1.3: Supervised Learing

Administered learning assists associations with addressing for an assortment of
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certifiable issues at scale, for example, characterizing spam in a various organizer
from our inboxes. A managed learning computation examines the arrangement
Data and Produces an assembled limit, it can be usefull for arranging New models.
Ideal circumstance will consider the estimation to viably choose the class names
for unnoticeable events. This requires the taking in estimation to summarize from
the readiness data to unnoticeable conditions in a "reasonable” way (see inductive
tendency). This verifiable nature of a computation is assessed through the indicated

theory error|7].

1.4 Semi-Supervised Learning(SSL)

It is a way to deal with AI that joins a modest quantity of marked information
with a lot of unlabeled information during preparing. Semiregulated learning falls
between unaided learning (with no marked preparing information) and directed
learning (with just named preparing information). It is an exceptional case of frail
supervision[11].Machine learning has shown to be extremely productive at grouping
pictures and other unstructured information, an undertaking that is truly challeng-

ing to deal with exemplary standard based programming.

Semi-Supervised Learning (SSL)

Labeled Learning
Algorithm Model

A Lot of
Unlabeled Data

Examples:
Self-Training
Co-Training

Figure 1.4: Semi-Supervised Learning(SSL)

In any case, before Al models can perform grouping assignments, they should

4



be prepared on a ton of explained models. Information explanation is a lethargic
and manual cycle that requires people exploring preparing models individually and

giving them their right mark.

1.5 Unsupervised learning

It is a kind of AI wherein models are prepared utilizing unlabeled dataset and are
permitted to follow up on that information with no supervision[10].Advantages of
solo learning incorporate an insignificant responsibility to get ready and review the
preparation set, as opposed to administered learning methods where a lot of mas-
ter human work is needed to dole out and confirm the underlying labels, and more
noteworthy opportunity to recognize and take advantage of already undetected ex-
amples that might not have been seen by the ”specialists”. This frequently comes at
the expense of unaided procedures requiring a more noteworthy measure of prepar-
ing information and uniting all the more leisurely to adequate execution, expanded
computational and capacity necessities during the exploratory cycle, and possibly
more prominent helplessness to antiquities or peculiarities in the preparation infor-
mation that may be clearly immaterial or perceived as wrong by a human, however

are doled out unjustifiable significance by the solo learning algorithm[9].

INPUT RAW DATA

& ﬁ
W |-

Figure 1.5: Unsupervised learning

Unlabeled data



1.6 BERT

BERT, which represents Bidirectional Encoder Representations from Transformers,
is a neural organization based procedure for normal language handling pretrain-
ing[12].contributions to the BERT model are covered at preparing time, we should
likewise veil them at assessment time to keep inputs in-appropriation. This con-
cealing defilement may prevent the BERT model’s capacity to accurately anticipate
picture classes[1]

Lately huge pre-prepared models(for example BERT, RoBERTa, XLNet, AL-
BERT) have carried surprising progression to numerous regular language preparing
errands, for example, question replying, machine interpretation, natural language

inference, name substance acknowledgment, coreference resolution, etc[13]



Chapter 2

Related work

2.1 Description of some publicly available datasets

A lot of named information and unlabeled information can works on the nature of
profound learning organizations and forestall overfitting and wrong forecasts.

It is hard to gather top notch information and mark it effectively. Numerous
scientists have dealt with making standard informational collections. In this seg-
ment, we have talked about the subtleties of a portion of these freely accessible

informational indexes.

e ImageNet[14]: The information is accessible for nothing to specialists for non-
business use. Here, 1,281,167 pictures for preparing and 50,000 pictures for

approval, coordinated in 1,000 classifications.

e CIFAR-10[15]: The CIFAR-10 datasets comprises of 60k, 32x32 concealing
pictures in 10 Classes, with 6k pictures for each class. There are 5k getting
ready pictures and 10k test images.The dataset is segregated into 5 planning
bunches and one experimental group, each with 10k pictures. The test of bunch
contains unequivocally 1k subjectively picked pictures from each class. The
planning packs contain the overabundance pictures in sporadic solicitation,
yet some arrangement bunches may contain a greater number of pictures from
one class than another. Between them, the readiness clusters contain exactly

5k pictures from each class.



e CIFAR-100[15]: This dataset is actually similar to the CIFAR-10, with the
exception of it has 100 classes containing 600 pictures each. There are 500
preparing pictures and 100 testing pictures for each class. The 100 classes in
the CIFAR-100 are gathered into 20 superclasses. Each picture accompanies
a "fine” name (the class to which it has a place) and a ”coarse” name (the

superclass to which it has a place). Here is the rundown of classes in the

CIFAR-100.

e STL-10[16]: The STL-10 dataset is a picture acknowledgment dataset for cre-
ating solo component learning, profound learning, self-trained learning calcula-
tions. It is motivated by the CIFAR-10 dataset however for certain alterations.
Specifically, each class has less named preparing models than in CIFAR-10,
however an exceptionally enormous arrangement of unlabeled models is given
to learn picture models preceding regulated preparing. The essential test is
to utilize the unlabeled information (which comes from a comparable however
unique dissemination from the marked information) to assemble a valuable
earlier. We likewise expect that the higher goal of this dataset (96x96) will
make it a difficult benchmark forgrowing more adaptable unaided learning

strategies.

e COCO[17]: This dataset had clarified photographs of ordinary scenes of nor-
mal articles in their regular setting. The most common way of marking, like-
wise named picture comment and is an extremely famous procedure in PC

vision.

e Places205[18]: It is a huge scope scene-driven dataset with 205 normal scene
classes. The preparation dataset contains around 2,500,000 pictures from these
classes. In the preparation set, every scene class has the base 5,000 and most
extreme 15,000 pictures. The approval set contains 100 pictures for each class
(an aggregate of 20,500 pictures), and the testing set incorporates 200 pictures

for every classification (a sum of 41,000 pictures)



Table 2.1: Summary of the datasets

Datasets Detalils

Preparing Pictures:- 1,281,167
ImageNet[14]

Approval Pictures:- 50,000

Preparing Pictures:-50000

CIFAR-10[15] | Test Images:-10000

Shading Images:- 60000 (32x32)

Preparing Pictures:-500
Test images:-100
CIFAR-100[15]

Classes:-100

Super-classes:-20

STL-10[16] It is inspired by the CIFAR-10 dataset but with some modifications

COCO[17] Total Images:-328K

Preparing Pictures:-2,500,000
Places205[18]

Normal Scene Classes:-205




2.2 Review of the recent work

Analysts have been examining and breaking down Generative Pretraining from
dataset with different deep learning methods to produce models and information
lately. Crude information is utilized in certain explores, though some utilization
increased information and element techniques utilizing different models. Likewise,
the measure of information used in these investigates contrasts. In this part, we
examine a portion of these articles.

A new study[3] is Aiming to work on the productivity of Transformer-based
Self-supervised learning(SSL), this paper presents Efficient self-superivsed Vision
Transformers (EsViT), by utilizing a multistage architecture[Figure 2.1]

Cross-View
Prediction

-'-"rjr | Transformer (Sparse 5.A.) ]

[ Patch Merging ]
.g T Fepeated

Top-layer feature maps

e INIESAETR

‘i'; :é=!!! ====’:_H:f L Transformer (Sparse S.h.}J
Bga® IRE! [ Pacnreing
EuaSSEER ESECSS . 000000000 - o00000OC

Figure 2.1: The multi-stage Transformer architecture

and a district based pre-preparing task for unaided portrayal learning. In this
figure we have multi-stage Transformer design puts together an information picture
into a long succession of more modest patches, inadequate self-considerations (S.A.)
are used at beginning phases to keep up with model expressiveness while diminishing
computational intricacy; The adjoining tokens at a transitional layer are step by
step consolidated, establishing a short succession to facilitate the process weight

of selfconsideration at late stages. In this articles unaided prepreparing acted in
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ImageNet-1K dataset without names. The default preparing subtleties are depicted
as follows, generally following. We train with the Adamw streamlining agent, a
cluster size of 512, and absolute ages 300.Direct warmup of the learning rate is
utilized during the initial 10 ages, with its not really settled with the direct scaling
rule: Ir = 0.0005 batchsize/256. In EsViT with Swin-S/W = 14 accomplishes most
noteworthy 79.1% k-NN exactness, and equivalent direct test precision with SoTA,
with very nearly a significant degree higher effectiveness.

In this study[20] SwAV[Figure 2.2],we initially get "codes” by appointing com-
ponents to model vectors. We then, at that point, address a "traded” expectation
issue wherein the codes acquired from one information expanded view are antici-

pated utilizing the other view. Consequently, SwWAV doesn’t straightforwardly look

Codes
ﬁ " Z; " Q
: , Swapped
X Prototypes | € Prediction
o Z L ;
ﬁ Q Codes

Figure 2.2: Swapping Assignments between Views(SwAV)

at picture highlights. Model vectors are learned alongside the ConvNet boundaries
by backpropragation. SwAV outflanks the cutting edge by +4.2% top-1 precision
and is just 1.2% beneath the exhibition of a completely administered model. Note
that we train SwAV during 800 epochs with huge clumps (4096).

In this study[21] Whenever the unlabeled information first is utilized, it is in a
Task-Agnostic way, for Learning General (visual) portrayals through unaided pre-
preparing. The general portrayals are then adapted to a specific errand through
administered adjusting[Figure 2.3],For 2nd time the unlabeled information is uti-
lized, it is in a Task-specific way, for additional working on prescient presentation
and getting a conservative model. To representations of viably with unlabeled pic-

tures or photos, we embrace and further develop SimCLRv2, an as of late proposed

11



Unsupervised pretraining

Projection
head Self-training /
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Big CNN

Small fraction of
data that has
class labhels
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Figure 2.3: The proposed semi-directed learning structure use unlabeled information
in two approaches: (i) Task-agnostic use in solo-pretraining, (ii) Tasksexplicit use

in self-training

approach dependent on contrastive learning. Fine-Tuning is a normal approach
to adapted the Taskagnostically pretrained Organization for a particular Task. In
SimCLR, the MLP projection head is disposed of totally after pre-preparing, while
just the ResNet encoder is utilized during the Fine-Tuning. Rather than discarding
everything, we propose to merge part of the MLP projection head into the base
encoder during the Fine-Tuning. To additionally work on the organization for the
objective assignment, here we influence the unlabeled data straightforwardly for the
objective task.While all 1.28 million pictures are accessible, just an arbitrarily sub-
examined 10% (128116) or 1% (12811) of pictures are connected with marks. As in
past work, we in like manner report execution while setting up a straight classifier
on top of a respectable depiction with all names.

In [22],we assess the nature of the portrayals learned by our Self Labelling (SeLa)
technique. We first test variations of our strategy, including removing its parts, to
discover an ideal configuration.Our base encoder design is AlexNet, since this is
simply the most oftentimes utilized in other directed learning works with the end
goal of benchmarking.The fundamental benchmark for highlight learning techniques
is linear probing of an AlexNet trained on ImageNet.Two key hyper-boundaries are

the quantity of groups K and the quantity of bunching heads T, which we signify in

12



the examinations underneath with the shorthand “SeLa[K xT|”.

Another study[1] To accomplish considerably higher precision on downstream er-
rands, we adjust the whole model for arrangement through fine-tuning. On CIFAR-
10/100, iGPT-L achieves 99.0% accuracy, it achieves 88.5% exactness after tweaking.
We beat Autoaugment, the best directed model on these datasets however we don’t
utilize refined information expansion techniques.

In [23] RegNets are models characterized by a plan space of convnets involving 4
phases, with each phase containing a movement of indistinct squares, while keeping
the development of their squares fixed — explicitly the extra bottleneck square of He
et al. Setting up this model on 1 billion pictures requires 114, 890 getting ready
cycles for a bundle size of 8,704 pictures, adding to 8 days of planning more than
512 GPU. In this model have 84.2top-I precision on ImageNet, outperforming by

+1%, one of the most amazing existing pretrained model from SimCLRv2.

Table 2.2: Comparison among some of the recent work in Generative Pretraining

from pixels

Study Model/Learning Datasets Accuracy (%)
81.3 EsViT
3] EsViT: Self-Supervised ImageNet
(Swin-B/W=14)
75.3
20] SwWAV: Self-Supervised ImageNet
(ResNet-50)
80.5
[21] | SimCLRv2: SemiSupervised ImageNet
(ResNet-152 (3x+SK))
84.0
[22] AlexNet: Self-supervised ImageNet
(ResNet-50)
1] IGPTL:Unsupervised CIFAR-10,STL-10 96.3,95.5
84.2
23] RegNetY256:Selfsupervised ImageNet
(RG256)

13



2.3 Limitations of existing work

While we have shown that iGPT is prepared for learning unimaginable picture fea-
tures, there are at this point basic cutoff points to our system. Since we use the tra-
ditional gathering transformer used for GPT-2 in language, our procedure requires
a great deal of register: iGPT-L was ready for around 2500 V100-days while a corre-
spondingly calculating on MoCo024 model will be ready in commonly 70 V100days.
Relatedly, we model down is objective sources of info using a transformer, while
most self-controlled results use convolutional based encoders which can without a
doubt consume input at significant standard. Another designing, for instance, a
region pragmatist multi-scale transformers,it might be relied upon to rate(or scale)
further.

In this limits, our work generally fills in as a proof of thought appearing of the
limit of huge transformer-based language models to master amazing independent
depictions in unique spaces, without the prerequisite for hardcoded region data.
Regardless, the enormous resource cost to set up these models and the more unmis-
takable accuracy of cnn based procedures impedes these depictions from practical
veritable applications in the visdom. Finally, generative models can show tendencies
that are a consequence of the data they have been arranged on.

Countless these inclinations are useful, like anticipating that a mix of brown
and green Pixels tends to a branch covered in leaves, then, using this tendency to
continue with the image. Nevertheless, a part of these inclinations will be risky,
when considered according to a viewpoint of sensibility and depiction. For instance,
if the model cultivates a visual thought about a scientist that inclines male, then, it
might dependably complete pictures of analysts with male-presenting people, rather
than a mix of genders. We expect that originators should give extending thought
to the data that they feed into their systems and to all the almost certain perceive

how it relates to tendencies in trained models.
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Chapter 3

Methodology

3.1 Dataset

We utilize the ImageNet pouring dataset, parting off 4% as our test approval set
and report result on the ILSVRC 2012 approval set as our test set. For CIFAR-10,
CIFAR-100 and STL-10, we split up to 10% off of the gave preparing set all things
considered. we overlook the gave Unlabeled models in STL-10, which establish a
subset(part of) of ImageNet.We research this setting utilizing ImageNet as an in-
termediary for an enormous unlabeled corpus, and little exemplary marked datasets
(CIFAR-10, CIFAR-100, STL-10) as intermediaries for downstreams undertakings

main types of composite content. Sample output is given in figure3.2.

3.2 Training the model

3.2.1 Model architecture

We learn the iGPT-M,, iGPT-S, and iGPT-L, transformers containing 455M, 76M,
and 1.4B limits separately, on ImageNet. We also train iGPT-XL We simply show
straight test precision on ImageNet for iGPT-XL since various preliminaries didn’t
finish before we expected to advance to different supercomputing workplaces., a 6.8
billion limit transformer, on a mix of ImageNet and pictures from the web. In view

of the gigantic computational cost of showing long groupings wid thick thought, we

15



learns at low objectives of 48x48, 32x32 and 64x64.

(a) Linear Probe

Dog

(COOOC )('

g . " Cat

(b) Finetune

r R

0@
S

Cat  Dog

Figure 3.1: Methodology

In this have two techniques we had to use assess model execution, the two of
which incorporate a downstream gathering Task. The fundamental, which we sug-
gest as a direct test, uses the pre-arranged model to eliminate features from the
photos in the downstream dataset, and thereafter fits an essential backslide tothe
imprints. The ensuing procedure adjusts the entire model on downstream datasets.

(a).To concentrate features for a straight test, we take the post layernorm thought
block inputs at some layers and typical pool over the game plan estimation.

(b).In calibrate, we can take the Post Layernorm Transformer yield and typical

pool over the game plan estimation as commitment for request head.
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Figure 3.2: Sample Output
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Chapter 4

Results

To prepare, the loads from pretrained models are used, and just the completely
associated layers of the models are prepared utilizing the accessible informational
index. Each pretrained model was prepared with the accessible datasets.

Self-supervised learning(SSL) is quickly advancing contrasted with supervised
learning(SL), in any event, outperforming it on move learning, despite the fact that
the current trial settings are intended for supervised learning. Specifically, models
have been intended for supervised assignments, and it isn’t clear if similar models
would rise up out of investigating structures with no oversight.similar models are
critical for pretraining and tweaking, given a specific task, for example, gathering
pictures into 1k ImageNet classes, we show that tasknormally educated general rep-
resentations can be refined into a more explicit and diminished association using
unlabeled models.Our strategy beats any remaining component learning draws near
and accomplishes CIFAR-10/100 and ImageNet for AlexNet and ResNet-50. By
righteousness of the technique, the subsequent self-marks can be utilized to rapidly
learn highlights for new structures utilizing basic cross-entropy training.The perfor-
mance comparison of all pretrained models is given in table3.

Model-generated completions of half-images from test set. First col-
umn is input; last column is original image.

Given the result of premium in performance and Self regulated Learning on
ImageNet, we moreover survey a display of our model using direct tests on ImageNet.

This is an especially irksome setting, as we don’t plan in a standard ImageNet 1/0O
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Figure 4.1: Outputl
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Figure 4.3: Output?2

objective. Before long, a straight test on 1536 arrangements from the bestest layer
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of iGPT-L arranged on 48x48 pictures 65.2 % topl precision, outperforming in

AlexNet.
PRE-TRAINED ON
IMAGENET
w/o w/
EVALUATION MODEL ACCURACY LABELS LABELS
CIFAR-10 ResNet-152% 940 v
Linear Probe SimCLR12 05.3
iGPT-L 32x32 96.3 v
CIFAR-100 ResNet-152 78.0 v
Linear Probe SimCLR 80.2 v
iGPT-L 32x32 82.8 v
STL-10 AMDIM-L13 QL2 o
Linear Probe iGPT-L 32x32 95.5 v
CIFAR-10 AutoAugment®l 98.5
Elpgeithg SimCLR 98.6 v
GPipel® 99.0 v
iGPT-L 99.0
CIFAR-100 iGPT-L 88.5
BRI SimCLR 89.0
AutoAugment 89.3
EfficientNet®? 91.7 v

Figure 4.4: Performance comparison between models

At the point when we assess our components utilizing straight tests on CIFAR-
10, CIFAR-100, and STL-10, we beat highlights from all administered and solo
exchange calculations. Our outcomes are additionally convincing in the full Fine-

Tuning setting.
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Chapter 5

Conclusion & Future Scope

Various approaches to learning unsupervised representation from images based on
self-monitoring have proven to be very successful. In this work We Present a straight-
forward system for Semi-managed ImageNet arrangement in Three stages: unsuper-
vised pre-training, supervised fine-tuning, and distillation with unlabeled data. We
additionally perceive that ImageNet is a well-curated dataset and may not represent
all semi-managed learning applications. in the real world. Therefore, one possible
future direction is to study a broader range of real-world data sets. Further gives
a successful ViT preparing technique to facilitate the adaption of Transformers for
professionals. Transformers have also been applied to other vision tasks, ranging
from low-level tasks such as image generation and enhancement to high-level tasks
such as object detection and segmentation and to vision-language tasks. generative
picture displaying keeps on being a promising course to learn excellent unsupervised
picture representations. Here we just survey strategies firmly identified with our
own (particularly inside computer vision).

One group of exceptionally applicable techniques depend on pseudo-naming or
self-preparing.In contrast, our multi-crop procedure comprises in basically testing
numerous irregular yields with two unique sizes: a standard size and a more modest
one. Assessing new self-supervised learning strategies presents a few difficulties.
for example, execution gains may be by and large a result of upgrades in model
designs and preparin rehearses, as opposed to progresses in self-supervised learning

adapting component.Recently, a progression of works hold the Siamese structures
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however wipe out the necessity of negative samples.In this work, we center around
planning Transformers in the contrastive perspective, in which the misfortune isn’t
described for redoing the data sources.Selfsupervision by and large includes gaining
from assignments intended to look like administered learning here and there, however
in which the "marks” can be made consequently from the actual information with

no manual effort.
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