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人工知能

機械学習 (Machine Learning)

深層学習 (Deep Learning)
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⼈⼯知能、機械学習、深層学習

人工知能
下記以外に統計解析などを含む
強いAI、弱いAIなどの定義

機械学習 (Machine Learning)
教師あり学習 (回帰、分類)
教師なし学習(クラスタリング)
強化学習 etc…

深層学習 (Deep Learning)
DNN (Deep Neural Network)
CNN (Convolutional Neural Network)
RNN (Recurrent Neural Network)
Q-Learning
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⼈⼯知能、機械学習、深層学習 ⼈⼯知能(深層学習)による画像認識

2012年に画像認識コンテストで
深層学習を⽤いたチームが優勝

2012年にそれまでの認識
エラー率を10%も更新
(26% à 16%)

The ImageNet Large Scale Visual Recognition Challenge (ILSVRC2012)

⼀般物体画像認識：1000クラス、学習データ1200万枚、テストデータ100万枚
4
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2012年以降、深層学習を使⽤しているチームが優勝し続けている。
現在、エラー率は5％以下であり、深層学習は⼈間の認識精度を超えている。
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⼈間の
エラー率
(5%)

3.6

ILSVRCにおける、年度ごとのエラー率(Top5)の減少

2017
SENet
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近年はTop-1の精度と学習の速さで競っている。
EfficientNet, EfficienetNetV2, NFNetなどが有名。

近年のモデルの正答率と学習にかかる時間
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出⼒

⼊⼒と出⼒の関係: 教師あり画像分類の場合

⼊⼒

画像

AIは画像⼊⼒Xに対して出⼒Yを吐き出す関数F(X)として考えることができる

Y = F(X)
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⼊⼒と出⼒の関係: 教師あり画像分類の場合
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⽝、⿃、猫を分類するAIを考える。

出⼒ 教師データ
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⼊⼒と出⼒の関係: 教師あり画像分類の場合

⽝ ⿃ 猫
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画像⼊⼒X

初めはあまり賢くないのでよくわからない数値を吐き出す。

教師データ
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⿃

1
0

0

教師データ

差分

⼊⼒と出⼒の関係: 教師あり画像分類の場合
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出⼒Y

差分がゼロになるようにAIの中⾝を変更(学習)すればよい。

画像⼊⼒X
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X: ⼊⼒
W: 重み(AIが学習で取得するパラメータ)
Y: 出⼒

AI
1
0

0

教師データ

⼊⼒と出⼒の関係: 教師あり画像分類の場合

Y = F (X, W)

差分
0.3
0.4

0.3

出⼒Y画像⼊⼒X
⿃
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X: ⼊⼒
W: 重み(AIが学習で取得するパラメータ)
Y: 出⼒

AI
1
0

0

教師データ

差分を修正するようにWを学習

⼊⼒と出⼒の関係: 教師あり画像分類の場合

差分
0.3
0.4

0.3

出⼒Y画像⼊⼒X
⿃

Y = F (X, W)
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AI
1
0

0

教師データ

⼊⼒と出⼒の関係: 教師あり画像分類の場合

差分

0.9
0.07

0.03

出⼒Y

様々な画像を⽤いて繰り返し学習することで⿃のベクトルに近づく。
⽝の確率7%、⿃の確率90％、猫の確率3%と解釈する。

Deep learningは写像を学習している

画像⼊⼒X
⿃
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教師データ

⼊⼒と出⼒の関係: 教師あり画像分類の場合

差分
0.9
0.07

0.03

出⼒Y画像⼊⼒X

AI

データは徐々に低次元に圧縮されているので
上記のような台形の記号がよく使⽤される。
Encoderとも呼ばれる。

⿃
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1
0

0

教師データ

⼊⼒と出⼒の関係: 教師あり画像分類の場合

差分
0.9
0.07

0.03

出⼒Y画像⼊⼒X

AI

⿃

画像データが徐々に圧縮され、最後に分類器で分類される。

特徴が抽出される
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元データ

SIFT特徴量

特徴量⽣成

元データ

従来の機械学習

Deep learning

特徴量抽出

特徴量抽出・識別

⼈が設計！

特徴量抽出も識別も、Deep Learning(深層学習)が⾃動で⾏ってくれる。
⾃動ではあるが、かなり良い特徴を抽出でき、分類精度も⾼い。

⼈が設計！

⾃動で⾏う

SVM

分類・識別

従来の機械学習と深層学習による画像認識
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⼊⼒と出⼒の関係

出⼒ (Y)⼊⼒ (X)

画像 ⽂章

英語 ⽇本語 (DeepLなど)

細胞画像 診断 (正常 or 病気)

天気図 天気予報

⼊⼒ (X)と出⼒(Y)をうまく組み合わせることが重要。
⼊⼒ (X)から特徴量を抽出しやすいように、前処理やアルゴリズム設計を⾏う。

⾼品質な画像 (⾼分解能化, 低ノイズ化)低品質画像

文章から画像を生成 https://arxiv.org/abs/2205.11487 (2022)
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画像分類
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Normal plaque Stable plaque Vulnerable plaque

AIの画像分類正答率: 94.1%
一般循環器医の平均正答率: 83.8%t-SNEで画像の特徴量を⼆次元に圧縮

画像分類：冠動脈OCT画像の分類

44,947枚のOCT画像
(川崎医科⼤学、奈良県⽴医科⼤学
和歌⼭県⽴医科⼤学のデータ)



(a) (b) (c)

(d) (e) (f)

Normal plaque Stable plaque Vulnerable plaque

元
画
像
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画像分類：冠動脈OCT画像の分類à AIが何を見ているか(Grad-CAM)

Grad-CAM
(arXiv:1610.02391)

顔画像から遺伝⼦⽋損の予測

22

Yaron G. et al., “Identifying facial phenotypes of genetic disorders using deep learning”, Nature Medicine 25, 60–64 (2019))

波形分類：⼼電図データの分類

23
A. Y. Hannun et al., Nature Medicine, 25, 65-69 (2019)

12種の不整脈を医師と同等の精度で認識

データ数： 91,232 single-lead ECGs
患者数： 53,549 patients

LETTERS | FOCUS NATURE MEDICINE

probabilities. With sufficient training data, using a DNN in this man-
ner has the potential to learn all of the important previously manually 
derived features, along with as-yet-unrecognized features, in a data-
driven way2, and may learn shared features useful in predicting multi-
ple classes. These properties of DNNs can serve to improve prediction 
performance, particularly since there is ample evidence to suggest that 
the currently recognized, manually derived ECG features represent 
only a fraction of the informative features for any diagnosis33,34.

While artificial neural networks were first applied toward the 
interpretation of ECGs as early as two decades ago3,35, until recently 
they only contained several layers and were constrained by algo-
rithmic and computational limitations. More recent studies have 
employed deeper networks, although some only use DNNs to per-
form certain steps in the ECG processing pipeline, such as feature 
extraction33 or classification25. End-to-end DNN approaches have 
been used more recently showing good performance for a limited set 
of ECG rhythms, such as atrial fibrillation22,23,36, ventricular arrhyth-
mias21, or individual heartbeat classes20,21,37,38. While these prior 
efforts demonstrated promising performance for specific rhythms, 
they do not provide a comprehensive evaluation of whether an end-
to-end approach can perform well across a wide range of rhythm 
classes, in a manner similar to that encountered clinically. Our 
approach is unique in using a 34-layer network in an end-to-end 
manner to simultaneously output probabilities for a wide range of 
distinct rhythm diagnoses, all of which is enabled by our dataset, 
which is orders of magnitude larger than most other datasets of 
its kind26. Distinct from some other recent DNN approaches39, no 
substantial preprocessing of ECG data, such as Fourier or wavelet 
transforms40, is needed to achieve strong classification performance.

Since arrhythmia detection is one of the most problematic tasks 
for existing ECG algorithms1,5,6, if validated in clinical settings 
through clinical trials, our approach has the potential for substantial 
clinical impact. Paired with properly annotated digital ECG data, our 
approach has the potential to increase the overall accuracy of prelim-
inary computerized ECG interpretations and can also be used to cus-
tomize predictions to institution- or population-specific applications 
by additional training on institution-specific data. While expert pro-
vider confirmation will probably be appropriate in many clinical set-
tings, the DNN could expand the capability of an expert over-reader 
in the clinical workflow, for example, by triaging urgent conditions 
or those for which the DNN has the least ‘confidence’. Since ECG data 

collected from different clinical applications range in duration from 
10 s (standard 12-lead ECGs) to multiple days (single-lead ambula-
tory ECGs), the application of any algorithm, including ours, must 
ultimately be tailored to the target clinical application. For example, 
even at the performance characteristics we report, applying our algo-
rithm sequentially across an ECG record of long duration would 
result in nontrivial false-positive diagnoses. Faced with a similar 
problem, cardiologists probably incorporate additional mechanisms 
to improve their diagnostic performance, such as taking advantage of 
the increased context or knowledge about arrhythmia epidemiology. 
Similarly, additional algorithmic steps or post-processing heuristics 
may be important before clinical application.

An important finding from our study is that the DNN appears to 
recapitulate the misclassifications made by individual cardiologists, 
as demonstrated by the similarity in the confusion matrices for the 
model and cardiologists. Manual review of the discordances revealed 
that the DNN misclassifications overall appear very reasonable. In 
many cases, the lack of context, limited signal duration, or having a 
single lead limited the conclusions that could reasonably be drawn 
from the data, making it difficult to definitively ascertain whether the 
committee and/or the algorithm was correct. Similar factors, as well 
as human error, may explain the inter-annotator agreement of 72.8%.

Of the rhythm classes we examined, ventricular tachycardia is a 
clinically important rhythm for which the model had a lower F1 score 
than cardiologists, but interestingly had higher sensitivity (94.1%) 
than the averaged cardiologist (78.4%). Manual review of the 16 
records misclassified by the DNN as ventricular tachycardia showed 
that ‘mistakes’ made by the algorithm were very reasonable. For 
example, ventricular tachycardia and idioventricular rhythm (IVR) 
differ only in the heart rate being above or below 100 beats per min-
ute (b.p.m.), respectively. In 7 of the committee-labeled IVR cases, the 
record contained periods of heart rate ≥  100 b.p.m., making ventricu-
lar tachycardia a reasonable classification by the DNN; the remaining 
3 committee-labeled IVR records had rates close to 100 b.p.m.. Of the 
5 cases where the committee label was atrial fibrillation (4) or SVT (1), 
all but one displayed aberrant conduction, resulting in wide QRS com-
plexes (the ECG waveform corresponding to ventricular activation) 
with a similar appearance to ventricular tachycardia. If we recategorize 
the 7 IVR records with a rate ≥  100 b.p.m. as ventricular tachycardia, 
overall DNN performance on ventricular tachycardia exceeds that of 
cardiologists by F1 score, with a set-level F1 score of 0.82 (versus 0.77).

Average cardiologist label
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Fig. 2 | Confusion matrices. a, Confusion matrix for the predictions of the DNN versus the cardiology committee consensus. b, Confusion matrix for predictions of 
individual cardiologists versus the cardiology committee consensus. The percentage of all possible records in each category is displayed on a color gradient scale. 
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波形データ
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⼼房細動を識別するスマートウォッチの⼤規模評価

24
Perez MV et al., N Engl J Med. 2019, 14;381(20):1909-1917.

スマートウォッチで⼼房細動を検出可能であることが明らかになった。

プログラム参加者419,297⼈中2161⼈が不整脈の通知を受け取る。
そのうち450⼈がECGで検査され34%が⼼房細動と判定された。
スマートウォッチとECGでの検査中、不整脈通知と⼼房細動の⼀致率は84%。

T h e  n e w  e ngl a nd  j o u r na l  o f  m e dic i n e

n engl j med 381;20 nejm.org November 14, 2019 1909
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BACKGROUND
Optical sensors on wearable devices can detect irregular pulses. The ability of a smart-
watch application (app) to identify atrial fibrillation during typical use is unknown.

METHODS
Participants without atrial fibrillation (as reported by the participants themselves) 
used a smartphone (Apple iPhone) app to consent to monitoring. If a smartwatch-
based irregular pulse notification algorithm identified possible atrial fibrillation, a 
telemedicine visit was initiated and an electrocardiography (ECG) patch was mailed 
to the participant, to be worn for up to 7 days. Surveys were administered 90 days 
after notification of the irregular pulse and at the end of the study. The main objectives 
were to estimate the proportion of notified participants with atrial fibrillation shown 
on an ECG patch and the positive predictive value of irregular pulse intervals with a 
targeted confidence interval width of 0.10.

RESULTS
We recruited 419,297 participants over 8 months. Over a median of 117 days of 
monitoring, 2161 participants (0.52%) received notifications of irregular pulse. Among 
the 450 participants who returned ECG patches containing data that could be analyzed 
— which had been applied, on average, 13 days after notification — atrial fibrillation 
was present in 34% (97.5% confidence interval [CI], 29 to 39) overall and in 35% 
(97.5% CI, 27 to 43) of participants 65 years of age or older. Among participants who 
were notified of an irregular pulse, the positive predictive value was 0.84 (95% CI, 0.76 
to 0.92) for observing atrial fibrillation on the ECG simultaneously with a subsequent 
irregular pulse notification and 0.71 (97.5% CI, 0.69 to 0.74) for observing atrial fibril-
lation on the ECG simultaneously with a subsequent irregular tachogram. Of 1376 
notified participants who returned a 90-day survey, 57% contacted health care pro-
viders outside the study. There were no reports of serious app-related adverse events.

CONCLUSIONS
The probability of receiving an irregular pulse notification was low. Among partici-
pants who received notification of an irregular pulse, 34% had atrial fibrillation on 
subsequent ECG patch readings and 84% of notifications were concordant with atrial 
fibrillation. This siteless (no on-site visits were required for the participants), prag-
matic study design provides a foundation for large-scale pragmatic studies in which 
outcomes or adherence can be reliably assessed with user-owned devices. (Funded by 
Apple; Apple Heart Study ClinicalTrials.gov number, NCT03335800.)

A BS TR AC T

Large-Scale Assessment of a Smartwatch  
to Identify Atrial Fibrillation

Marco V. Perez, M.D., Kenneth W. Mahaffey, M.D., Haley Hedlin, Ph.D., 
John S. Rumsfeld, M.D., Ph.D., Ariadna Garcia, M.S., Todd Ferris, M.D., 
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Lauren Cheung, M.D., Grace Hung, M.S., Justin Lee, M.P.H., Peter Kowey, M.D., 
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物体検出
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YOLO v2 (最新はv8です) (https://www.youtube.com/watch?v=EhcpGpFHCrw)

物体検出：⾃動⾞や歩⾏者認識の例
⼊⼒画像X

座標情報
物体の種類の予測確率

出⼒Y

差分 教師
データ

胎児⼼臓超⾳波スクリーニングシステム

27

映っている胎児の⼼臓および周辺臓器の各部位を⾃動分類。
先天性⼼疾患(胎児⼼室中隔)を検知。

https://www.riken.jp/press/2018/20180918_3/index.html

理化学研究所（理研）⾰新知能統合研究センターがん探索医療研究チームの⼩松正明研究員、浜本隆⼆
チームリーダー、理研AIP-富⼠通連携センターの原裕貴副連携センター⻑（富⼠通株式会社執⾏役員）、
昭和⼤学医学部産婦⼈科学講座の松岡隆准教授らの共同研究グループ

⼿術成績の⾃動評価技術

腹腔鏡下胆嚢摘出術の動画における⼿術スキル評価の⾃動化。
機械学習モデルによる客観的な評価が可能に。

͸

Vol:.(1234567890)
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www.nature.com/scientificreports/

Continuing the work of previous studies, we aimed to automatically assess surgical skill using laparoscopic 
cholecystectomy videos. As performed by Jin et al. we extracted instrument locations from laparoscopic videos. 
We then computed motion features from the instrument trajectories throughout time with the aim to capture 
a surgeon’s instrument handling skills. Finally, the calculated motion features were fed into a machine learning 
model to predict surgical skill. To simplify the problem, we focused on video segments of clip application at the 
end of the hepatocystic dissection, a surgical gesture that requires careful handling of the clip applier and thus 
displays a good proxy to rate surgical skill.

In the following we will describe our proposed modeling approach (Fig. 1a) in three stages: In the "rst stage, 
a Convolutional Neural Network (CNN) based classi"er was trained to both identify and localize instruments in 
video frames. In the second stage, the instrument location predictions were transformed to time-series motion 
features. Finally, in the third stage, a linear regression model was trained utilizing the extracted motion features 
as input to predict surgical skill.

�������
����������������Ǥ� #e institutional review board—the ethics committee of the Canton of Bern—approved 
the study design, the use of laparoscopic videos, and waived the need to obtain informed consent (KEK 2018-
01964). All methods were performed in accordance with the relevant guidelines and regulations.

�������Ǥ� Video storage and annotation. #e institutional video archive was screened for video recordings 
of laparoscopic cholecystectomies performed between January 2014 and May 2019. A total of 242 videos were 
identi"ed. #e videos were stored in Movie Pictures Experts Group (MPEG) format on a secured internet-based 
platform (https:// ala. surge ry) for further processing. #e videos were segmented into procedural phases of the 
intervention. #e dissection of the hepatocystic triangle was labeled beginning with the "rst use of a dissection 
instrument in the region of the hepatocystic triangle until the cystic duct and artery were cut. Within the dis-
section of the heptatocystic triangle applications of surgical clips (B. Braun Aesculap Challenger Ti, Tuttlingen, 
Germany and Tele$ex Hem-o-lok, Belp, Switzerland) were annotated. In total, 949 segments of clip applications 
were labeled.

Figure 1.  (a) Schematic presentation of the three-staged machine learning algorithm. First, instruments 
were automatically detected by a CNN in the laparoscopic videos and second, motion features were extracted. 
Finally the extracted motion features were used to automatically predict surgical skill using a linear regression 
model. (b) Screenshots of instrument detection algorithm (full video in the Supplementary Material Video S1). 
Green bounding boxes with corresponding class labels (grasper and clipper) and detection con"dence. (c) Four 
random examples of relative displacement of the clipper as tracked by the instrument detection algorithm, ID01 
and ID03 show a narrow range of movement, whereas ID02 and ID04 show a wide range of movement.

28Scientific Reports, volume 11, Article number: 5197 (2021)



内視鏡画像から癌の⾃動検出
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https://www.youtube.com/watch?v=47xCl16dBJs
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Jetson nanoを使ってyoloを実装

# 書籍

# 本体

https://www.nakasha.co.jp/future/ai/vol2_yolov3nvidia_jetson_nano.html

セマンティックセグメンテーション

31

セマンティックセグメンテーションとは

32Semantic segmentationとは画像内の各ピクセルを各クラスに割り当てること。

https://www.youtube.com/watch?v=cHz9_JLjgpg

AI 差分

教師データ出⼒⼊⼒



セマンティックセグメンテーション：病理画像

過ヨウ素酸シッフ(PAS)で
染⾊した腎臓組織切⽚

JASN, 30, 196 (2019)
34

細胞のセグメンテーション (deepImageJ/FIJI)

学習済みのU-NetモデルがdeepImageJにより使⽤可能。
他のモデルも使⽤できますので調べてみてください。

https://deepimagej.github.io/deepimagej/index.html

画像変換

35

Speech2face

36
https://arxiv.org/abs/1905.09773



画像変換: Cycle GAN

画像のスタイル変換が可能。
塗輪郭が合っているようなペア画像でなくとも変換可能。

https://arxiv.org/abs/1703.10593 38

CycleGANを⽤いたHE画像の⾊調変換 (別の染⾊画像へ)

The discordances were broken up into two categories: those
which were determined to be due to pathologist interpretation
error (e.g., case #7), and those which are likely due to
misrepresentation of the image on the virtual stains (see
Supplementary Data 1 for details). As an example, in case #1,
the fibrin thrombi in a case of thrombotic microangiopathy
(TMA) appeared too pale on the stain-transformed PAS stain. An
example field of view (FOV) with the matching histochemically
stained FOV from an adjacent serial tissue section can be seen in
Fig. 6b. As a second example, in case #3 (amyloidosis), amyloid
deposits were darker on the stain-transformed JMS stain than
would be typical in histologically stained slides (an example FOV
can be seen in Supplementary Fig. 1). It is worth emphasizing that
in both of these cases (#1 and #3), two of the three pathologists
were able to make concordant diagnoses. Furthermore, one
pathologist made a more definitive diagnosis of TMA with the aid
of the stain-transformed special stains in case #1 in addition to
the original images of the histochemically stained H&E.

We should note that previous research on statistical evaluation
of intra-observer decisions revealed a small intra-observer
disagreement rate of ~4% when the same cases are viewed by the
same pathologist at two different time points22. This could
potentially account for the discordance in some of the cases such
as #7, which was determined to be due to pathologist
interpretation error.

Evaluation of the quality of stain-transformed special stain
images. An additional study was performed to assess the quality
of the stains generated by the stain transformation network. For
this study, three pathologists rated the quality of various aspects
of the stains generated using the stain transformation network as
well as the images of histochemically stained tissue from serial
tissue sections. The pathologists each viewed 16 unique rectan-
gular FOVs (with dimensions ranging from ~150 μm × 175 μm to
~375 μm × 500 μm) coming from the three validation slides used
during the training of our neural network. These same FOVs were
scored for each of the three generated special stains, as well as for
the same region of the tissue in a serial histochemically stained

tissue section. The 16 FOVs were randomly chosen by one of the
pathologists to be representative of the tissue sections used, and
only in-focus areas where the tissue is unbroken in all of the tissue
sections were selected. The FOVs were ordered randomly, and
each pathologist rated every image twice—before and after the
image randomly being rotated or flipped (resulting in a total of 32
ratings for each stain and image type). Overall, each one of the
three pathologists rated 192 FOVs (half virtually stained and half
histologically stained).

The pathologists scored four aspects of each FOV on a scale
from 1 to 4, where 4 is perfect, 3 is very good, 2 is good enough
(passable), and 1 is not acceptable, for a total of 2304 unique
assessments/ratings made by three pathologists. The MT stain
was rated for overall stain quality, nuclear detail, cytoplasmic
detail, and extracellular fibrosis quality. The PAS and Jones Silver
stains were rated based on their overall stain quality, along with
nuclear detail, cytoplasmic detail, and basement membrane detail.

Supplementary Table 1 shows the mean score for each stain
type and quality metric. This table shows that the difference in
stain quality for all of the measured aspects of each stain is
significantly smaller than the standard error between the ratings.
This indicates that the stain-to-stain transformation technique
achieves the quality of stain equivalent to that of the
histochemically stained tissue used as our ground truth. A non-
randomized version of the images used for this stain quality
evaluation study can be found in the Supplementary Data 2 file.

Discussion
While different approaches have been explored over the past few
years to perform a transformation between two stains, the
approach presented here has several unique advantages: (1) it
involves less chemical processing applied to tissue, without the
need for destaining and re-staining; and (2) our approach is based
on supervised training of the stain transformation network using
pairs of perfectly registered training images that are created by
label-free virtual staining, which constitutes a precise structural
fidelity constraint for the distribution loss that is learned by the
discriminator, significantly helping its generalization. Stated

1 mm 

50 m 

Fig. 5 Examples of improved diagnoses fostered by the stain-transformed special stains. We report here WSIs that are generated using the stain
transformation technique. In this case, the addition of the computationally generated special stains improved all three of the diagnoses made by the
pathologists. The red arrows point to a region, where the special stains help highlight inflammatory cells within the tubule, otherwise, the boundary of the
tubules cannot be seen with the H&E stain only. (i) Generation of JMS. (ii) Generation of MT. (iii) Generation of PAS. A total of 58 cases were viewed by
three pathologists to perform the statistical analysis.
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ノイズ低減/超解像

39

Denoising / Noise reductionとは

40

ノイズの⼊った画像

AI

ノイズが除去された画像 Ground Truth

K. Zhang  et al., arXiv:1608.03981    
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(a) Noisy / 14.76dB (b) BM3D / 26.21dB (c) WNNM / 26.51dB (d) EPLL / 26.36dB

(e) MLP / 26.54dB (f) TNRD / 26.59dB (g) DnCNN-S / 26.90dB (h) DnCNN-B / 26.92dB

Fig. 4. Denoising results of one image from BSD68 with noise level 50.

denoising within a wide range of noise levels.

D. Run Time

In addition to visual quality, another important aspect for
an image restoration method is the testing speed. Table IV
shows the run times of different methods for denoising images
of sizes 256 ⇥ 256, 512 ⇥ 512 and 1024 ⇥ 1024 with noise
level 25. Since CSF, TNRD and our DnCNN methods are
well-suited for parallel computation on GPU, we also give the
corresponding run times on GPU. We use the Nvidia cuDNN-
v5 deep learning library to accelerate the GPU computation
of the proposed DnCNN. As in [16], we do not count the
memory transfer time between CPU and GPU. It can be seen
that the proposed DnCNN can have a relatively high speed
on CPU and it is faster than two discriminative models, MLP
and CSF. Though it is slower than BM3D and TNRD, by
taking the image quality improvement into consideration, our
DnCNN is still very competitive in CPU implementation. For

the GPU time, the proposed DnCNN achieves very appealing
computational efficiency, e.g., it can denoise an image of size
512 ⇥ 512 in 60ms with unknown noise level, which is a
distinct advantage over TNRD.

E. Experiments on Learning a Single Model for Three General
Image Denoising Tasks

In order to further show the capacity of the proposed
DnCNN model, a single DnCNN-3 model is trained for
three general image denoising tasks, including blind Gaussian
denoising, SISR and JPEG image deblocking. To the best
of our knowledge, none of the existing methods have been
reported for handling these three tasks with only a single
model. Therefore, for each task, we compare DnCNN-3 with
the specific state-of-the-art methods. In the following, we
describe the compared methods and the test dataset for each
task:

• For Gaussian denoising, we use the state-of-the-art
BM3D and TNRD for comparison. The BSD68 dataset

8
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an image restoration method is the testing speed. Table IV
shows the run times of different methods for denoising images
of sizes 256 ⇥ 256, 512 ⇥ 512 and 1024 ⇥ 1024 with noise
level 25. Since CSF, TNRD and our DnCNN methods are
well-suited for parallel computation on GPU, we also give the
corresponding run times on GPU. We use the Nvidia cuDNN-
v5 deep learning library to accelerate the GPU computation
of the proposed DnCNN. As in [16], we do not count the
memory transfer time between CPU and GPU. It can be seen
that the proposed DnCNN can have a relatively high speed
on CPU and it is faster than two discriminative models, MLP
and CSF. Though it is slower than BM3D and TNRD, by
taking the image quality improvement into consideration, our
DnCNN is still very competitive in CPU implementation. For

the GPU time, the proposed DnCNN achieves very appealing
computational efficiency, e.g., it can denoise an image of size
512 ⇥ 512 in 60ms with unknown noise level, which is a
distinct advantage over TNRD.

E. Experiments on Learning a Single Model for Three General
Image Denoising Tasks

In order to further show the capacity of the proposed
DnCNN model, a single DnCNN-3 model is trained for
three general image denoising tasks, including blind Gaussian
denoising, SISR and JPEG image deblocking. To the best
of our knowledge, none of the existing methods have been
reported for handling these three tasks with only a single
model. Therefore, for each task, we compare DnCNN-3 with
the specific state-of-the-art methods. In the following, we
describe the compared methods and the test dataset for each
task:

• For Gaussian denoising, we use the state-of-the-art
BM3D and TNRD for comparison. The BSD68 dataset

14.76 dB 26.92 dB

ノイズが⼊った画像から、ノイズを除去すること。

差分
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ノイズを低減する技術

CTでX線の線量を減らすと被曝を抑えれるがノイズが増える
àノイズを深層学習で減らすことで低被曝かつ⾼画質を実現

https://jp.medical.canon/products/computed-tomography/aice

Noise2Noise

42

DL model

Noise2CleanNoise2Noise

DL model

Input Target Input Target

Noise2Noiseの⼊⼒画像と教師データのペアは、ノイズパターンのみが
異なる画像データ。

Noise2Clearnの⼊⼒画像はノイズの⼊ったデータで、教師データはノイズの
⼊っていない画像。

Noise2Noiseでなぜノイズが除去できるのか

43

その他、Noise2Voidなども興味深いので調べてみてください。

回帰モデルを考えるとわかりやすい。

Noise2CleanNoise2Noise

ターゲット画像
(ノイズなし)

ターゲット画像
(ノイズあり)

!yy

!# ⼊⼒画像(ノイズあり) !# ⼊⼒画像(ノイズあり)

ノイズによるばらつきの期待値が同じであれば、推定されるモデルは同⼀になる。

学習データ
推定したいモデル

Noise2Void (N2V)

44

N2Nのようにノイズパターンの異なる画像のペアが必要なく、単一の画像から学習可能。

信号情報が周囲のピクセルから予測可能(相関あり)、ノイズは周囲のピクセルから
予測不可能(独立)という仮定を用いている。

ImageJでも使用可能なモデル。

Noise2Void - Learning Denoising from Single Noisy Images

Alexander Krull1,2, Tim-Oliver Buchholz2, Florian Jug
1 krull@mpi-cbg.de

2 Authors contributed equally

MPI-CBG/PKS (CSBD), Dresden, Germany

Abstract

The field of image denoising is currently dominated

by discriminative deep learning methods that are trained

on pairs of noisy input and clean target images. Re-

cently it has been shown that such methods can also

be trained without clean targets. Instead, independent

pairs of noisy images can be used, in an approach

known as NOISE2NOISE (N2N). Here, we introduce

NOISE2VOID (N2V), a training scheme that takes this idea

one step further. It does not require noisy image pairs, nor

clean target images. Consequently, N2V allows us to train

directly on the body of data to be denoised and can therefore

be applied when other methods cannot. Especially inter-

esting is the application to biomedical image data, where

the acquisition of training targets, clean or noisy, is fre-

quently not possible. We compare the performance of N2V
to approaches that have either clean target images and/or

noisy image pairs available. Intuitively, N2V cannot be ex-

pected to outperform methods that have more information

available during training. Still, we observe that the denois-

ing performance of NOISE2VOID drops in moderation and

compares favorably to training-free denoising methods.

1. Introduction
Image denoising is the task of inspecting a noisy image

x = s + n in order to separate it into two components: its
signal s and the signal degrading noise n we would like to
remove. Denoising methods typically rely on the assump-
tion that pixel values in s are not statistically independent.
In other words, observing the image context of an unob-
served pixel might very well allow us to make sensible pre-
dictions on the pixel intensity.

A large body of work (e.g. [16, 19]) explicitly mod-
eled these interdependencies via Markov Random Fields
(MRFs). In recent years, convolutional neural networks
(CNNs) have been trained in various ways to predict pixel
values from surrounding image patches, i.e. from the recep-

noisy clean

TraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditionalTraditional

InputInputInputInputInputInputInputInputInputInputInputInputInputInputInputInputInputInputInputInputInputInputInputInputInputInputInputInputInputInputInputInputInput

noisy noisy

NOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISENOISE2NOISE
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Figure 1: Training schemes for CNN-based denoising. Tra-
ditionally, training networks for denoising requires pairs
of noisy and clean images. For many practical appli-
cations, however, clean target images are not available.
NOISE2NOISE (N2N) [12] enables the training of CNNs
from independent pairs of noisy images. Still, also noisy
image pairs are not usually available. This motivated us to
propose NOISE2VOID (N2V), a novel training procedure
that does not require noisy image pairs, nor clean target im-
ages. By enabling CNNs to be trained directly on a body of
noisy images, we open the door to a plethora of new appli-
cations, e.g. on biomedical data.

tive field of that pixel [24, 11, 26, 6, 23, 25, 18, 14].
Typically, such systems require training pairs (xj , sj) of

noisy input images xj and their respective clean target im-
ages sj (ground truth). Network parameters are then tuned
to minimize an adequately formulated error metric (loss)
between network predictions and known ground truth.

Whenever ground truth images are not available, these
methods cannot be trained and are therefore rendered use-
less for the denoising task at hand. Recent work by Lehti-
nen et al. [12] offers an elegant solution for this problem.
Instead of training a CNN to map noisy inputs to clean
ground truth images, their NOISE2NOISE (N2N) train-
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example of this would be recording multiple photographs of
a static scene using a fixed tripod-mounted camera.

3.2. Traditional Supervised Training
We are now interested in training a CNN to implement

a mapping from x to s. We will assume a fully convolu-
tional network (FCN) [13], taking one image as input and
predicting another one as output.

Here we want to take a slightly different but equivalent
view on such a network. Every pixel prediction ŝi in the
output of the CNN is has a certain receptive field xRF(i)

of input pixels, i.e. the set of pixels that influence the pixel
prediction. A pixel’s receptive field is usually a square patch
around that pixel.

Based on this consideration, we can also see our CNN
as a function that takes a patch xRF(i) as input and outputs
a prediction ŝi for the single pixel i located at the patch
center. Following this view, the denoising of an entire im-
age can be achieved by extracting overlapping patches and
feeding them to the network one by one. Consequently, we
can define the CNN as the function

f(xRF(i);✓) = ŝi, (6)

where ✓ denotes the vector of CNN parameters we would
like to train.

In traditional supervised training we are presented with
a set of training pairs (xj , sj), each consisting of a noisy
input image xj and a clean ground truth target sj . By again
applying our patch-based view of the CNN, we can see our
training data as pairs (xj

RF(i), s
j
i ). Where xj

RF(i) is a patch
around pixel i, extracted from training input image xj , and
sji is the corresponding target pixel value, extracted from
the ground truth image sj at same position. We now use
these pairs to tune the parameters ✓ to minimize pixel-wise
loss

arg min
✓

X

j

X

i

L
⇣
f(xj

RF(i);✓) = ŝji , s
j
i

⌘
. (7)

Here we consider the standard MSE loss

L
⇣
ŝji , s

j
i

⌘
= (ŝji � sji )

2. (8)

3.3. Noise2Noise Training
Now let us consider the training procedure according

to [12]. N2N allows us to cope without clean ground truth
training data. Instead we start out with noisy image pairs
(xj ,x0j), where

xj = sj + nj and x0j = sj + n0j , (9)

that is the two training images are identical up to their noise
components nj and n0j , which are, in our image generation

Target

Prediction

Input

(a) (b)

Figure 2: A conventional network versus our proposed
blind-spot network. (a) In the conventional network the pre-
diction for an individual pixel depends an a square patch of
input pixels, known as a pixel’s receptive field (pixels under
blue cone). If we train such a network using the same noisy
image as input and as target, the network will degenerate
and simply learn the identity. (b) In a blind-spot network,
as we propose it, the receptive field of each pixel excludes
the pixel itself, preventing it from learning the identity. We
show that blind-spot networks can learn to remove pixel
wise independent noise when they are trained on the same
noisy images as input and target.

model, just two independent samples from the same distri-
bution (see Eq. 3).

We can now again apply our patch-based perspective and
view our training data as pairs (xj

RF(i),x
0j
i ) consisting of a

noisy input patch xj
RF(i), extracted from xj , and a noisy

target x0j
i , taken from x0j at the position i. As in traditional

training, we tune our parameters to minimize a loss, sim-
ilar to Eq. 7, this time however using our noisy target x0j

i

instead of the ground truth signal sji . Even though we are
attempting to learn a mapping from a noisy input to a noisy
target, the training will still converge to the correct solution.
The key to this phenomenon lies in the fact that the expected
value of the noisy input is equal to the clean signal [12] (see
Eq. 5).

3.4. Noise2Void Training
Here, we go a step further. We propose to derive both

parts of our training sample, the input and the target, from
a single noisy training image xj . If we were to simply ex-
tract a patch as input and use its center pixel as target, our
network would just learn the identity, by directly mapping
the value at the center of the input patch to the output (see
Figure 2 a).

To understand how training from single noisy images is
possible nonetheless, let us assume that we use a network
architecture with a special receptive field. We assume the
receptive field x̃RF(i) of this network to have a blind-spot
in its center. The CNN prediction ŝi for a pixel is affected

(a)従来法 (b)N2V

https://arxiv.org/abs/1811.10980



姿勢推定

45 46

⼈物の姿勢推定 (Open pose)

https://www.youtube.com/watch?v=pW6nZXeWlGM

動画像内に複数⼈の⼈物がいても、リアルタイムに検出することが可能
特殊センサーをつかわなくても、カメラ1つあれば、複雑な解析ができる

47

⼈物の姿勢推定 (Open pose)

https://ledge.ai/openpose/

⾝体だけでなく、顔と⼿まで解析可能
眉⽑と⽬、⿐、⼝と輪郭、指の向きもわかる

スポーツ応⽤

48
https://www.youtube.com/watch?v=uwyAl_P0HJk&t=18s

動物実験にも応⽤できる(DeepLabCut)



⾃⼰教師あり学習
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自己教師あり学習の医療応用

Nat Biomed Eng. 2022 Dec;6(12):1346-1352.

⾃⼰教師あり学習ではラベルなしデータで重みを事前学習することが可能。
「ImageNetデータによる事前学習à転移学習」よりも⾼い精度が期待できる。

機械学習の医療応⽤の開発には多くの場合、医療専⾨家によるデータの
⼿動アノテーション(膨⼤なコスト)が必要。特に医療データは難しい。

51

1
0

0

教師データ

⼊⼒と出⼒の関係: 教師あり画像分類の場合

差分

0.9
0.07

0.03

出⼒Y

様々な画像を⽤いて繰り返し学習することで⿃のベクトルに近づく。
⽝の確率7%、⿃の確率90％、猫の確率3%と解釈する。

Deep learningは写像 F(X, W)を学習している。

画像⼊⼒X
⿃

AI

F(X, W)
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転移学習

出⼒Y画像⼊⼒X

AI

⽝ ⿃

0
1

1
0

or

教師データ

….……

0 0

0.01
0.81

…

0.00

ImageNetなど巨⼤なラベル付きデータセットを学習させ
て良い重みWを学習させる。

ImageNet
(1400万枚の画像)

F(X, W1)
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転移学習

出⼒Y画像⼊⼒X

AI

⽝ ⿃

0
1

1
0

or

教師データ

….……

0 0

0.01
0.81

…

0.00F(X, W1)

出⼒Y画像⼊⼒X

AI

癌 正常

0
1

1
0

or

教師データ

0.21
0.79

その後、⼿持ちのデータ(上記では病理画像)を学習させると、
少ないラベル付きデータでも⾼い精度が出る。学習時間が少なくて済む。

F(X, W2)

ImageNet
(1400万枚の画像)
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樹脂あり学習について、SimCLRモデルを例にして

Machine Learning with Applications, 7, 100198 (2022) 
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⾃⼰教師あり学習 + 教師あり学習

AI

⾃⼰教師あり学習によって実際に⽤いるデータで学習し、
良い重みWを得る。

56

出⼒Y画像⼊⼒X

AI

そこからさらに同じデータを⽤いて教師あり学習をすることで、
これまでにない⾼精度なデータ分類を実現可能。
ラベル付きデータが少なくても⾼精度になる。

癌 良性

0
1

1
0

or

教師データ

0.05
0.95

⾃⼰教師あり学習によって実際に⽤いるデータで学習し、
良い重みWを得る。

⾃⼰教師あり学習 + 教師あり学習

画像、遺伝⼦やタンパク質の配列、電⼦カルテ(テキスト)、今後増加する
ウェアラブルデバイスのデータなど、明⽰的にラベル付けされていない
データセットが⼤量であり、⾃⼰教師あり学習の応⽤が期待される。



画像に紐付いた別データを使ったマルチモーダルな
⾃⼰教師あり学習

57 58

学習するデータが画像とラベルの組み合わせではなく、
画像と画像を説明するためのテキストのペアデータ (4億データ)。

ゼロショット転移(ラベル付きデータを学習しないで特定のタスクに転⽤)で
様々なタスクにおいて⾼い精度。

CLIP (Contrastive Language-Image Pretraining)

https://openai.com/blog/clip/
arXiv:2103.00020
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1. テキストと画像のペアデータをそれぞれエンコーダに⼊⼒し、
元々ペアだった組み合わせの確率が1、それ以外の組み合わせ確率が0になるよう学習

https://openai.com/blog/clip/

CLIP (Contrastive Language-Image Pretraining)

2&3. テスト時は、テキストの候補と⼊⼒画像データをそれぞれのエンコーダで圧縮し、
組み合わせの確率が最も⾼いものを予測クラスとする。

arXiv:2103.00020
60
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performance = −0.005; 95% confidence interval (CI) −0.043, 0.034) 
between the performance of the model (0.523; 95% CI 0.486, 0.561) 
and that of the radiologists (0.530; 95% CI 0.499, 0.558) averaged 
over the pathologies. On individual pathologies, the model’s MCC 
performance is higher, but not statistically significantly, compared 
with radiologists on consolidation (0.018; 95% CI −0.090, 0.123), 
cardiomegaly (0.058; 95% CI −0.016, 0.133) and oedema (0.015; 
95% CI −0.070, 0.099). The model’s MCC performance is lower, 
but not statistically significantly, compared with radiologists on 
atelectasis (−0.078; 95% CI −0.154, 0.000) and pleural effusion 
(−0.040; 95% CI −0.096, 0.013). On the F1 metric, there is simi-
larly no statistically significant difference (model − radiologist per-
formance = −0.009; 95% CI −0.038, 0.018) between the mean F1 
performance of the model (0.606; 95% CI 0.571, 0.638) and that 
of the radiologists (0.619; 95% CI 0.585, 0.642) averaged over the 
pathologies. On individual pathologies, we find that the model F1 
performance is significantly higher than that of radiologists on car-
diomegaly (model − radiologist performance = 0.065; 95% CI 0.013, 
0.115). We find that the model’s F1 performance is significantly 
lower than that of radiologists on atelectasis (model − radiologist 
performance = −0.045; 95% CI −0.090, −0.001). There are no statis-
tically significant differences in F1 for consolidation (model − radi-
ologist performance = −0.050; 95% CI −0.146, 0.036), oedema 
(model − radiologist performance = 0.018; 95% CI −0.053, 0.086) 
and pleural effusion (model − radiologist performance = −0.034; 
95% CI −0.078, 0.008). Figure 2 shows the receiver operating 
characteristic (ROC) curve performance of the model and the 
radiologist operating points. Table 1 lists the mean performance 
of the radiologists and the model, and their associated difference  
with 95% CI.

The results show that the self-supervised model outperforms 
three previous label-efficient methods (MoCo-CXR, MedAug and 
ConVIRT) on the CheXpert dataset, using no explicit labels during 
training. MoCo-CXR and MedAug use self-supervision using only 
chest X-ray images. Specifically, MoCo-CXR modifies the contras-
tive learning framework Momentum Contrast (MoCo) for chest 
X-ray interpretation. MedAug builds on MoCo pre-training by 
using patient metadata to select positive chest X-ray image pairs for 
image–image contrastive pre-training. ConVIRT uses chest X-rays 
along with associated report data to conduct self-supervision. 
Specifically, ConVIRT jointly trains a ResNet-50 and a Transformer 
by leveraging randomly sampled text from paired chest X-ray and 
radiology-report data to learn visual representations. Unlike our 
approach, these previous works require a small fraction of labelled 

data to enable pathology classification. The self-supervised model’s 
mean area under the curve (AUC) of 0.889 outperforms ConVIRT 
trained on 1% of the labelled data (AUC 0.870), ConVIRT trained 
on 10% of the labelled data (AUC 0.881), ConVIRT trained on 
100% of the labelled data (AUC 0.881), MedAug trained on 1% 
of the labelled data (AUC 0.810), MoCo-CXR trained on 1% of 
the labelled data (AUC 0.802), MoCo-CXR trained on 10% of the 
labelled data (AUC 0.850) and MoCo-CXR trained on 100% of the 
labelled data (AUC 0.884) (Table 2). Additionally, on the task of 
classifying plural effusion, the self-supervised model’s mean AUC 
of 0.932 outperforms MoCo-CXR trained on 0.1% of the labelled 
data (AUC 0.813) and MoCo-CXR trained on 1% of the labelled 
data (AUC 0.885), MoCo-CXR trained on 10% of the labelled data 
(AUC 0.920) and MedAug trained on 1% of the labelled data (AUC 
0.906) (Table 3)13,18. However, the self-supervised model achieves 
these results without the use of any labels or fine-tuning, thus show-
ing the capability of the model on a zero-shot task.

The flexibility of zero-shot learning enables the self-supervised 
model to perform auxiliary tasks related to the content found in 
radiology reports. We applied the self-supervised model to tasks 
including differential diagnosis using the PadChest dataset, patient 
sex prediction and chest radiograph projection (anteroposterior 
versus posteroanterior) prediction19.

On the task of differential diagnosis on the PadChest dataset, we 
find that the model achieves an AUC of at least 0.900 on 6 findings 
and at least 0.700 on 38 findings out of 57 radiographic findings 
where n > 50 in the PadChest test dataset (n = 39,053). We obtain 
high performance on the CheXpert competition pathologies such as 
pleural effusion, oedema, atelectasis, consolidation and cardiomeg-
aly, with AUCs of 0.958 (95% CI 0.953, 0.963) for pleural effusion, 
0.961 (95% CI 0.946, 0.974) for oedema, 0.798 (95% CI 0.780, 0.817) 
for atelectasis, 0.871 (95% CI 0.851, 0.888) for consolidation and 
0.898 (95% CI 0.894, 0.903) for cardiomegaly (Fig. 3). Compared 
with the performance of the CheXNet model on the PadChest data-
set, we observe that the self-supervised model outperformed their 
approach on three out of the eight selected pathologies, atelectasis, 
consolidation and oedema, despite using 0% of the labels as com-
pared with 100% in the CheXNet study (Table 4)20,21.

In addition to the ensembled self-supervised model, we trained a 
single model using full radiology reports instead of only the impres-
sions section in order to evaluate zero-shot performance on auxil-
iary tasks such as the prediction of sex. The model trained with full 
radiology reports achieved an AUC of 0.936 (95% CI 0.910, 0.959) 
on sex prediction using the prompts ‘the patient’s sex is male’ and 

Vision transformer Text transformer

Opacity in the right lower lung 
zone with sharp margin 
suggestive of lobar 
pneumonia

Contrastive learning

a CheXzero training with chest X-ray image report b CheXzero zero-shot pathology classification

CLIP pre-trained

* *

*

{Pathology}

No {Pathology}

Positive prompt

Negative prompt

Vision transformer0.7 0.3

Text transformer

Normalized 
similarities

Fig. 1 | The self-supervised model classifies pathologies without training on any labelled samples. a, Training pipeline. The model learns features from 
raw radiology reports, which act as a natural source of supervision. b, Prediction of pathologies in a chest X-ray image. For each pathology, we generated a 
positive and negative prompt (such as ‘consolidation’ versus ‘no consolidation’). By comparing the model output for the positive and negative prompts, the 
self-supervised method computes a probability score for the pathology, and this can be used to classify its presence in the chest X-ray image.

NATURE BIOMEDICAL ENGINEERING | VOL 6 | DECEMBER 2022 | 1399–1406 | www.nature.com/natbiomedeng1400

CLIPにより、胸部X線写真の病変を明⽰的なラベルで学習することなく分類すること
が可能となった。

Nat Biomed Eng. 2022 Dec;6(12):1399-1406.

訓練データセット：MIMIC-CXRデータセット17
テストデータセット： CheXpert
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CLIPを医療画像と診断レポートへ応用した結果(ROC)

Nat Biomed Eng. 2022 Dec;6(12):1399-1406.
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‘the patient’s sex is female’. Additionally, the model achieved an AUC 
of 0.799 (95% CI 0.7595, 0.835) on the task of predicting whether 
a chest X-ray is anteroposterior or posteroanterior. To make these 
predictions on an auxiliary task, the model requires only the 
development of prompts to use for the task; no training or labels  
are needed.

Discussion
The purpose of this work was to develop and demonstrate perfor-
mance of a zero-shot classification method for medical imaging 
without training on any explicit manual or annotated labels. The 
results show that, with no explicit labels, the zero-shot method is 
comparable to the performance of both expert radiologists and fully 
supervised methods on pathologies that were not explicitly labelled 
during training. Specifically, the self-supervised method achieved 
an AUC −0.042 points below that of the highest-performing fully 

supervised model on the CheXpert competition. We also show 
that the performance of the self-supervised model is comparable 
to that of radiologists, as there is no statistically significant differ-
ence between the performance of the model and the performance of 
the radiologists on the average MCC and F1 over the five CheXpert 
competition pathologies. We also show that the self-supervised 
model outperforms previous label-efficient approaches on chest 
X-ray pathology classification, suggesting that explicit labels are 
not required to perform well on medical-image-interpretation tasks 
when corresponding reports are available for training. We achieved 
these results using a deep-learning model that learns chest X-ray 
image features using corresponding clinically available radiology 
reports as a natural signal. In addition, we show that ensembling 
over the top-ten highest-performing model checkpoints on the vali-
dation dataset can improve the performance of the model (Table 5). 
We externally validated the self-supervised model, trained on the 
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Fig. 2 | Comparisons of MCC and F1 scores and of ROC curves, for the self-supervised model and board-certified radiologists. a, F1 scores of the 
self-supervised model as compared with three board-certified radiologists on the CheXpert test dataset for the five CheXpert competition conditions. 
The model’s F1 score is significantly higher than that of radiologists on pleural effusion, significantly lower on atelectasis and not statistically significantly 
different on cardiomegaly, consolidation and oedema. b, Comparison of the MCC of the self-supervised model against three board-certified radiologists on 
the CheXpert test dataset. The MCC of the model is not significantly different than that of radiologists on all five pathologies. a,b, Green plots indicate the 
performance of the three board-certified radiologists while blue plots indicate the performance of the self-supervised model. c, Comparison of the ROC 
curve of the self-supervised model to benchmark radiologists against the test-set ground truth. The model outperforms the radiologists when the ROC 
curve lies above the radiologists’ operating points. The dotted lines on the ROC curves represent the baseline performance of a classifier that is no better 
than random guessing.
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作成したモデル(CheXzero)を⽤い、テストデータに対する予測を⾏った結果。

無気肺 ⼼肥⼤ 浸潤影 浮腫 胸⽔

テストデータには3⼈の放射線科医による診断ラベルがついている。

モデルの性能は放射線科医らと同レベルの診断予測性能であった(有意差なし)。

訓練データセット：MIMIC-CXRデータセット17
テストデータセット： CheXpert

ChatGPT

62

ChatGPT

63

英語メールの叩き台が作れたり

ChatGPT

64

様々な質問に答えてくれます



ChatGPT

65

こんなことまで学習 プログラミングやデバッグも
お願いできるそうです。

ChatGPT

66

⼀⽅で問題も。。

ChatGPT: 3Dプリンターと組み合わせてレポート作成

67

ChatGPTに関する座談会

68

https://www.youtube.com/watch?v=TVaB5R4-uOE



深層学習について独学する⽅法

69

AIを独学で勉強する必要性

70

データ解析能⼒ 問題設計能⼒

医療分野において情報系研究者が問題設計能⼒を獲得するのはほぼ不可能。
# 現場の問題を知らない
# ⾃分でデータを集められない⾒れない
# 解析結果を評価できない etc…

医療系⼈材がデータ分析能⼒を獲得することは可能。
# AIに何ができて何ができないかを知ることはもっと簡単
# AIの⺠主化が進んでいる

おすすめの教科書

ゼロから作るDeep Learning 
―Pythonで学ぶディープラーニングの理論と実装
斎藤康毅 (著)

71

機械学習のエッセンス
-実装しながら学ぶPython,数学,アルゴリズム-
加藤公⼀ (著)

おすすめの教科書 (発展)

Pythonによるディープラーニング
Francois Chollet (著), 巣籠悠輔 (その他), 株式会社クイープ (翻訳)

72

つくりながら学ぶ！PyTorchによる発展ディープラーニング
⼩川雄太郎 (著)



Google Colaboratory ‒ ⾃分でプログラムを書いてみる -

73

Google Colaboratoryとは？
Google Colab（略式した呼称でグーグル・コラボと読みます）とは、教育や研究機
関へ機械学習の普及を⽬的としたGoogleの研究プロジェクトの⼀つでです。
端的にまとめると、Google Colabとは、Jupyter Notebookを必要最低限の労⼒とコ
ストで利⽤でき、ブラウザとインターネットがあれば今すぐにでも機械学習のプ
ロジェクトを進めることが可能なサービスです。（参照：Jupyter Labとは？）

環境構築がほぼ不要
チーム内でのコードの共有が簡単
GPUを含めて無料で利⽤が可能

https://www.codexa.net/how-to-use-google-colaboratory/

AIを独学で勉強する：google colaboratory

https://www.youtube.com/watch?v=inN8seMm7UI&t
74

75

AIを独学で勉強する: 動画で学習(Coursera)

https://d-cubed-lab.com/coursera-ml-dl

76

AIを独学で勉強する: 動画で学習 (connpass)

興味のあるイベントを⾒つけると良いかも。



世界中の機械学習・データサイエンスに携わっている約40万⼈の⽅が集まるコミニティー。

Competition（コンペ）は、企業や政府がコンペ形式（競争形式）で課題を提⽰し、
賞⾦と引き換えに最も精度の⾼い分析モデルを買い取るという、最近でいう⼀種の
クラウドファンディングに近いような仕組み。

https://www.kaggle.com

AIを独学で勉強する: Kaggleに参加する
# kaggle内のコード公開やディスカッションページがある

# kaggleのコンペ終了後に上位解法を解説してくれる⼈がいる

https://qiita.com/inoichan/items/140cf0
18d31151d2701a

78

AIを独学で勉強する: Kaggleに参加する

AIを独学で勉強する：QiitaやGithubの利⽤

https://qiita.com/omiita/items/1d96eae2b15e49235110

79

784 チーム中
6位！

肺塞栓症症例の分類

AIMSの活動について：kaggleでの成果



AIMSの活動について：kaggleでの成果

768 チーム中
7位

82

電波望遠鏡の信号を
スペクトログラムに
したデータから⼈⼯
的に混ぜた異常信号
を検知する

AIMSの活動について：kaggleでの成果

(勉強を始めて2年の学部3年⽣)

83

SIGNATE

⽇本の機械学習コンペ

■活動内容

週⼀回部会を開催して、既存アルゴリズムの理解
と実装、輪読会、セミナー開催などを⾏っている。

各⾃が話題を⽤意し、プレゼンを⾏う。

⼯学部と医学部の学⽣が、学⽣のうちから交友関
係を築く。

登録者は現在240⼈

阪⼤AI & Machine learning Society(AIMS)の活動について



阪⼤AIMS (AI & Machine learning Society)の活動について

HP: https://ai-medical.github.io

86

講演会参加者：90名
コンテスト参加者: 36名 (全国10以上の大学)

87

第三回全国医療AIコンテスト (2021/03/26 - 27)

講演会参加者：200名以上 (オンライン参加含む)
コンテスト参加者: 50名 (全国10以上の大学)

開催後記
https://zenn.dev/tpt_ochanomizu/articles/
dad722d9410f0a

第三回全国医療AIコンテストの結果

課題：12誘導心電図及び患者のデータから心筋梗塞を予測

中学3年生と高校2年生のチームが優勝！
( https://qiita.com/chizuchizu/items/3a834de6e2bb8fac7559 )
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第5回全国医療AIコンテスト
主催：神戸大学医学部システム医学研究会

(https://twitter.com/kobe_med_system)
日程：3月18日(土) – 21(火・祝日)
場所：オンライン

18日に講演会とコンテスト内容の説明
21日昼にコンテスト締め切り

参加申込サイト(connpass)▼
https://connpass.com/event/271574/

公式サイト▼
https://medical-ai-contest.org/5th/

2023年3月18日土・19日日・20日 ・21日火祝
オンライン開催 参加無料

3月18日[土]
ご挨拶
味岡雄大（神戸大学医学部システム医学研究会）

submission 締切

優秀成績者表彰・上位解法の紹介
大学AIサークルの紹介と交流会

9:50

12:00

15:00

16:00

10:00

12:00

14:20

15:00

13:00

メディカロイドがDXを通して目指す未来の医療
田村悦之（株式会社メディカロイド, シスメックス株式会社）
医学生のための医療AI
西森誠（神戸大学大学院医学研究科分子疫学分野助教）

AillisとKaggleと私：
または如何にKaggleの知見を業務と研究に活かすか
吉原浩之（Aillis株式会社, 東京大学大学院薬学系研究科医薬政策学）
Kaggleから学ぶドメイA知Bを活かしたデCDEFGH
石圭一郎（株式会社Rist）

医療デCDをIJたAIKALMNのOPとQCQRS
秋山理（近畿中央病院, Kaggle Master）
（コンテストは大学生, 大学院生, 研修医, 医師が対象）

TUIDIAがVWしたXYZ[\]^_C`aCb
とcdefgZ[hデQのij
Colleen Ruan（��I�IA��会社）

3月1k日[日]l3月mn日[月]

参加申込み
公式サイト

3月m1日[op]

�ロ��ムは���������
コンテスト������������

�tt�s:��me i¡al¢
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Kaggleについて
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・企業等が開催するコンペティションに参加し、特定の
ルール、採点基準の元順位を競う

・コンペティションの内容は様々（画像分類、統計予測、
機械学習モデルの提出など）

・各コンテストで上位に⼊ると”メダル”が得られる
（ブロンズ・シルバー・ゴールド）

・さらに上位には企業等から賞⾦が出る
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Competitions: Kaggleとは

1:Kaggleにsign up

2:参加したいコンペティションを選ぶ

3:データセットをダウンロード

4:データ解析

5:コンテストで指定されている形式で提出
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参加⽅法



https://www.kaggle.com
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１. Kaggleにsign up
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２.参加したいコンペを選ぶ

例えばこのコンテストに参加します。(既に終了しています)
https://www.kaggle.com/c/airbus-ship-detection
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２.参加したいコンペを選ぶ
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３.データセットをDL



Overview:コンテストの概要,スコア基準,賞⾦,期限

code:後述

Discussion:コンテストに関する質問や参加者の掲⽰板

Rules:コンテストの詳細なルール
(⼿法の⼀般公開禁⽌など)

Leaderboard:順位表
⼤抵締め切り前に別のデータセットで評価される
(過学習してる⼈はここで順位が落ちる)

Data:解析対象のデータセット(train data,test dataなど)
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３.データセットをDL

・適当に⾃分でデータを分析/モデルを組んでみる

・codeを⾒てヒントを得る

上⼿くいかない場合・・・

何から始めていいかわからない場合・・・
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４.データを解析

codeとは︖ https://www.kaggle.com/c/airbus-ship-detection/code

参加者が⾃⾝の⼿法や
考えを公表する場

投稿の評価や注⽬度、
キーワードで検索可能

ソースコードまで丁寧
に⽰してくれる（まれ
に間違っているので注
意が必要）
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４.データを解析

概要:衛星写真に写っている船をピクセル単位で⽰す(セグ
メンテーション)

評価基準:IoU（回答と正解が⼀致している領域 / 正解領域
と回答領域の合計⾯積)

詳細はOverviewタグのEvaluationを参照

https://www.kaggle.com/c/airbus-ship-detection#evaluation
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５. 指定された形式で提出



提出形式:CSVファイル

連⻑圧縮(Run-Length encoding)されたセグメンテーション
画像データ

今回の場合,1-indexedで上から下、左から右にpixelのindex
をとる
下の例で0001b1832.jpgは
pixel(1,1)からpixel(1,3)までの3pixel
Pixel(10,1)からpixel(10,5)までの5pixelがマスクされている
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５. 指定された形式で提出

このあたりのプログラミング
は少し⾯倒

しかし、
ほぼすべてのコンテストで必
ずどこかのcodeにやり⽅や
ソースコードが載っている

今回の場合は右図など
https://www.kaggle.com/inversion/run
-length-decoding-quick-start
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５. 指定された形式で提出

https://qiita.com/inoichan/items/140cf018d31151d2701a
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kaggleのコンペ終了後に上位解法を解説してくれる⼈がいる kaggle内のデータセット公開ページ

循環器系のデータを「cardio」で検索すると、、55件ヒット


