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本論論⽂文について�
¤  発表学会 

¤  ICLR2015 workshop 

¤  Bengio先⽣生の最新研究？ 
¤  誤差逆伝播って脳ではやってないから，もっと⽣生物学的妥当性の⾼高い⽅方法
でやりましょうという論論⽂文． 

¤  Target propagationとそれを改良良したdifference target propagationを
提案． 

¤  初出はBengio先⽣生のテクニカルレポート(arXiv:1407.7906)． 

¤  本当は”Toward Biologically Plausible Deep Learning”を読みたかっ
た． 
¤  論論⽂文内のtarget propagationがわからず，こっちを読むことに． 
¤  最後に軽く紹介します． 

¤  天才の発想に絶望． 



誤差逆伝播について�
¤  最近のディープラーニングは信⽤用割当(credit assignment)問題を解
決するために誤差逆伝播(back-propagation)を利利⽤用している． 
¤  信⽤用割当問題：異異なる層の誤差を明⽰示的に知ることができない問題．パー
セプトロンの学習での⼤大きな問題だったが，誤差逆伝播で解決． 

¤  しかしより多層になったりより強い⾮非線形になると，より強い⾮非線形
になる． 
¤  勾配が消えるor爆発的に⼤大きくなる． 

¤  すごい⾮非線形になると，離離散関数のようになってしまう． 
¤  勾配が平らなところは0，変化するところは無限⼤大． 



誤差逆伝播の⽣生物学的妥当性�
誤差逆伝播はつぎのような理理由で⽣生物学的妥当性がないと考えられる． 

1.  誤差逆伝播はあくまで線形であるが，⽣生物学的には線形と⾮非線形． 

2.  脳のフィードバックが誤差逆伝播ならば，⾮非線形なfprop計算の導関
数を正確に知る必要がある． 

3.  bpropはfpropと対称な重みであるべき． 

4.  実際のニューロンの伝達はバイナリ値（スパイク）． 

5.  fpropとbpropが変動するための正確な計測が必要． 

6.  出⼒力力の⽬目標値がどこから来るのか？�

Target propagation�



本論論⽂文の記法について�
¤  訓練事例例の⺟母集団の分布を 　 　 　  とし，ネットワークの構造を次の
ように記述． 

¤  hi:隠れ層，hi-1:1つ下の隠れ層，Wi:パラメータ，si:⾮非線形な活性化関数 

¤  このとき，i層からj層までのパラメータを 　 　 　 　 　 　 　 　 　 　 　 　とすると，
hjをhiについての関数として記述できる． 

¤  訓練事例例が 　 　    のとき 　 　 　 　 　 　 　 　 　を全体の誤差関数とする． 

¤  i層に着⽬目すると，全体の誤差関数は次のように記述できる． 
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The main idea of target propagation is to associate with each feedforward unit’s activation value
a target value rather than a loss gradient. The target value is meant to be close to the activation
value while being likely to have provided a smaller loss (if that value had been obtained in the
feedforward phase). In the limit where the target is very close to the feedforward value, target
propagation should behave like back-propagation. This link was nicely made in (LeCun, 1986;
1987), which introduced the idea of target propagation and connected it to back-propagation via a
Lagrange multipliers formulation (where the constraints require the output of one layer to equal the
input of the next layer). A similar idea was recently proposed where the constraints are relaxed
into penalties, yielding a different (iterative) way to optimize deep networks (Carreira-Perpinan
and Wang, 2014). Once a good target is computed, a layer-local training criterion can be defined
to update each layer separately, e.g., via the delta-rule (gradient descent update with respect to the
cross-entropy loss).

By its nature, target propagation can in principle handle stronger (and even discrete) non-linearities,
and it deals with biological plausibility issues (1), (2), (3) and (4) described above. Extensions of
the precise scheme proposed here could handle (5) and (6) as well, but this is left for future work.

In this paper, we describe how the general idea of target propagation by using auto-encoders to assign
targets to each layer (as introduced in an earlier technical report (Bengio, 2014)) can be employed
for supervised training of deep neural networks (section 2.1 and 2.2). We continue by introducing
a linear correction for the imperfectness of the auto-encoders (2.3) leading to robust training in
practice. Furthermore, we show how the same principles can be applied to replace back-propagation
in the training of auto-encoders (section 2.4). In section 3 we provide several experimental results
on rather deep neural networks as well as discrete and stochastic networks and auto-encoders. The
results show that the proposed form of target propagation is comparable to back-propagation with
RMSprop (Tieleman and Hinton, 2012) - a very popular setting to train deep networks nowadays-
and achieves state of the art for training stochastic neural nets on MNIST.

2 TARGET PROPAGATION

Although many variants of the general principle of target propagation can be devised, this paper
focuses on a specific approach, which is based on the ideas presented in an earlier technical re-
port (Bengio, 2014) and is described in the following.

2.1 FORMULATING TARGETS

Let us consider an ordinary (supervised) deep network learning process, where the training data is
drawn from an unknown data distribution p(x,y). The network structure is defined by
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to emphasize the dependency of the loss on the state of the i-th layer.

Training a network with back-propagation corresponds to propagating error signals through the net-
work to calculate the derivatives of the global loss with respect to the parameters of each layer.
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Targetの導⼊入�
¤  誤差逆伝播ではこの誤差を各層のパラメータで偏微分して求めた誤差
信号を下の層に伝えていき，全体の期待誤差を⼩小さくする． 
¤  しかし深い層になると強い⾮非線形になり，誤差が⼩小さくなったり爆発した
りする． 

¤  この問題を解決するために各層の 　 　 　 　を全体の誤差が⼩小さくなる
ような 　  に近づけることを考える．すなわち 　  は次を満たす． 

 

このような 　  をi層のターゲット(target)と呼ぶ． 
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Thus, the error signals indicate how the parameters of the network should be updated to decrease the
expected loss. However, in very deep networks with strong non-linearities, error propagation could
become useless in lower layers due to exploding or vanishing gradients, as explained above.

To avoid this problems, the basic idea of target propagation is to assign to each h
i

(x; ✓0,i
W

) a nearby
value ĥ

i

which (hopefully) leads to a lower global loss, that is which has the objective to fulfill
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Such a ĥ
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is called a target for the i-th layer.

Given a target ĥ
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we now would like to change the network parameters to make h
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move a small
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is smooth enough – we would expect to
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where ⌘

f

i

is a layer-specific learning rate.

Note, that in this context, derivatives can be used without difficulty, because they correspond to
computations performed inside a single layer. Whereas, the problems with the severe non-linearities
observed for back-propagation arise when the chain rule is applied through many layers. This mo-
tivates target propagation methods to serve as alternative credit assignment in the context of a com-
position of many non-linearities.

However, it is not directly clear how to compute a target that guarantees a decrease of the global loss
(that is how to compute a ĥ

i

for which equation (3) holds) or that at least leads to a decrease of the
local loss L

i+1 of the next layer, that is
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Proposing and validating answers to this question is the subject of the rest of this paper.

2.2 HOW TO ASSIGN A PROPER TARGET TO EACH LAYER

Clearly, in a supervised learning setting, the top layer target should be directly driven from the
gradient of the global loss
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where ⌘̂ is usually a small step size. Note, that if we use the MSE as global loss and ⌘̂ = 0.5 we get
ĥ
M

= y.

But how can we define targets for the intermediate layers? In the previous technical report (Bengio,
2014), it was suggested to take advantage of an “approximate inverse”. To formalize this idea,
suppose that for each f

i

we have a function g
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illustrated in the left of Figure 1. Indeed, if the feed-back mappings were the perfect inverses of the
feed-forward mappings (g
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), one gets
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パラメータの更更新�
¤  ターゲット 　  が与えられたとき，      を 　  に近づけることを考える． 

¤  これによって全体の誤差関数を⼩小さくする． 

¤  パラメータ 　    を更更新するためにlayer-localなターゲット誤差 　  を考
える． 

¤  するとSGDによってパラメータは次のように更更新される． 

layer-specificな 
学習率率率�  　は⼀一定�
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Thus, the error signals indicate how the parameters of the network should be updated to decrease the
expected loss. However, in very deep networks with strong non-linearities, error propagation could
become useless in lower layers due to exploding or vanishing gradients, as explained above.

To avoid this problems, the basic idea of target propagation is to assign to each h
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i

is called a target for the i-th layer.

Given a target ĥ
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we now would like to change the network parameters to make h
i

move a small
step towards ĥ
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where ⌘

f

i

is a layer-specific learning rate.

Note, that in this context, derivatives can be used without difficulty, because they correspond to
computations performed inside a single layer. Whereas, the problems with the severe non-linearities
observed for back-propagation arise when the chain rule is applied through many layers. This mo-
tivates target propagation methods to serve as alternative credit assignment in the context of a com-
position of many non-linearities.

However, it is not directly clear how to compute a target that guarantees a decrease of the global loss
(that is how to compute a ĥ
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Proposing and validating answers to this question is the subject of the rest of this paper.

2.2 HOW TO ASSIGN A PROPER TARGET TO EACH LAYER

Clearly, in a supervised learning setting, the top layer target should be directly driven from the
gradient of the global loss
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where ⌘̂ is usually a small step size. Note, that if we use the MSE as global loss and ⌘̂ = 0.5 we get
ĥ
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= y.

But how can we define targets for the intermediate layers? In the previous technical report (Bengio,
2014), it was suggested to take advantage of an “approximate inverse”. To formalize this idea,
suppose that for each f
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i層のパラメータを偏微分するだけ 
→複数の層ではないので誤差逆伝
播のように強い⾮非線形にならない�



Targetの導出�
¤  ではどのようにして，ターゲットを求めるのか？ 

¤  ターゲットは全体の誤差が⼩小さくなるような値でなければならない． 

¤  教師あり学習の場合，⼀一番上の層のターゲットは明らかに全体の誤差関数
の勾配から求められる． 

¤   が0.5で誤差関数がMSEならば，ターゲットはyと等しくなる． 

¤  中間層では？ 

¤  [Bengio 2014]ではapproximate inverseを利利⽤用している． 



Approximate Inverse�
¤  それぞれの層のfiについて次のようなgiを考える． 

 

¤  このgiを使って，i-1層のターゲットをi層のターゲットから次のように
設定する． 
 

¤   　 　と 　 　  の距離離を⼩小さくしてもi番⽬目の誤差関数が⼩小さくなるようにす
る．�

Target-Prop as an alternative to 
Back-Prop 
•  Weights!at!each!layer!are!

trained!to!match!targets!
associated!with!the!layer!
output!

•  How!to!propagate!targets?!
•  If!gi!is!the!inverse!of!fi,!then!

it!guarantees!an!
improvement!in!the!cost.!

26!



¤  もし，giが完全にfiの逆関数になるならば 　 　 　 　 　 　 　が0になる． 
¤  しかし，実際に完璧な逆関数を求めることは難しい． 

¤  よって，giをapproximate inverseとして学習（オートエンコーダー
のデコーダーような感じ）． 

¤  各層の誤差 　 　 　 　 　 　 　 　 　 　 　 　  を最⼩小化してgiを得る． 

¤  このようにすることで， 　 　 　 　 　 　 　 は 　に近くなり， 　 　 　 　 　
も⼩小さくなる． 

¤  また，ノイズを⼊入れることで汎化性能を⾼高める． 
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But choosing g to be the perfect inverse of f may need heavy computation and instability, since
there is no guarantee that f�1

i

applied to a target would yield a value that is in the domain of f
i�1.

An alternative approach is to learn an approximate inverse g

i

, making the f

i

/ g
i

pair look like an
auto-encoder. This suggests parametrizing g

i

as follows:
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where s̄
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is a non-linearity associated with the decoder and V
i

the matrix of feed-back weights of
the i-th layer. With such a parametrization, it is unlikely that the auto-encoder will achieve zero
reconstruction error. The decoder could be trained via an additional auto-encoder-like loss at each
layer
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based on this loss, makes g closer to f

�1
i

. By doing so, it also makes f

i

(ĥ
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do not want to estimate an inverse mapping only for the concrete values we see in training but for a
region around the these values to facilitate the computation of g
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) for ĥ
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which have never been
seen before. For this reason, the loss is modified by noise injection
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which makes f
i

and g

i

approximate inverses not just at h
i�1 but also in its neighborhood.

Figure 1: (left) How to compute a target in the lower layer via difference target propagation.
f

i

(ĥ
i�1) should be closer to ĥ

i

than f

i

(h
i�1). (right) Diagram of the back-propagation-free auto-

encoder via difference target propagation.

As mentioned above, a required property of target propagation is, that the layer-wise parameter
updates, each improving a layer-wise loss, also lead to an improvement of the global loss. The
following theorem shows that, for the case that g

i

is a perfect inverse of f
i

and f

i

having a certain
structure, the update direction of target propagation does not deviate more then 90 degrees from the
gradient direction (estimated by back-propagation), which always leads to a decrease of the global
loss.
Theorem 1. 1 Assume that g

i

= f
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, i = 1, ...,M , and f

i

satisfies h
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(h
i�1) = W
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(h
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2 where s
i

can be any differentiable monotonically increasing element-wise function. Let �W tp

i

and

1See the proof in the Appendix.
2This is another way to obtain a non-linear deep network structure.
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Approximate Inverse�



証明1 �
¤  もしgiがfiの逆関数で，fiが 　 　 　 　 　 　 　 　 　 　 　  となっているなら
ば，target propagationの勾配の向きが誤差逆伝播の勾配の向きか
ら90°以内となることが論論⽂文内で証明されている． 

¤  詳しい証明は論論⽂文のAppendix参照．�



Difference Target Propagation �
¤  実際には，逆関数が不不完全だとこれまでのtargetの割り当てでは最適
化に問題が発⽣生する． 

¤  よって，次のようなtargetを提案する． 

¤  これでtarget propagationする⼿手法をdifference target propagationと
呼ぶ． 

¤  giがfiの完全な逆関数ならば普通のtarget propagationと同値． 



Difference Target Propagation �
なぜdifference target propagationがいいのか？ 

¤  安定した最適化を求めるためには， 　が 　  に近づくよう 　 　  が 　   　
に近づく必要がある．�
¤  そうしないと，上の層が最適になっているのに，下の層のパラメータを更更
新して全体の誤差がまた⼤大きくなってしまう． 

¤  よって， 　 　 　 　 　 　 　 　 　  という条件によって安定化する． 
¤  普通のtarget propagationでもgが逆関数ならこの条件は満たす． 

 

¤  difference target propagationでは次の関係が成⽴立立している（1つ前の
スライドの式変形により明らか）のでgが完全な逆関数でなくても成り⽴立立
つ． 



Difference Target Propagation �

通常のtargetはここ�

hi-1に⾜足したところ
をtargetとする�

直感的な理理解 

ここがずれてる�

このベクトルを求めて�



証明2 �
¤  fとgが弱い必要条件の元で， 　と 　    の距離離が近ければ， 　 　  が 　 　
となったとき， 　も 　  に近くなる．具体的には次の式が成り⽴立立つ． 

¤  “弱い必要条件”や証明は論論⽂文参照．�



Difference Target Propagationのアルゴリズム�

全ユニットを求める�

全ターゲットを求める�

feedbackの訓練�

feedforwardの訓練�



学習の流流れ 
1.  出⼒力力のターゲット=⼊入⼒力力なので出⼒力力層の誤差

は 　 　 　 　 　 　     　 　となる． 
2.  隠れ層のターゲットは次のようになる 
 　 　（fはgのapproximate inverse）． 

 　 　 
      よって隠れ層の誤差は 

�

Difference Target Propagationによる
オートエンコーダーの学習�

¤  オートエンコーダーを誤差逆伝播ではなく本⼿手法で学習する． 
¤  ⼊入⼒力力層と中間層にノイズを⼊入れたモデル． 



実験�
¤  次のネットワークで実験 

1.  普通の深いニューラルネットワーク 

2.  ユニット間に離離散的な伝達があるネットワーク 

3.  確率率率ニューラルネットワーク 

4.  オートエンコーダー 

¤  初期化は重みがランダムな直交⾏行行列列，バイアスは0 

¤  10回の平均で評価 

※提案⼿手法はdifference target propagationとする�



1.普通の深いニューラルネットワーク�
¤  実験設定 

¤  データセット：MNIST 
¤  7層で各層240ユニット 
¤  活性化関数：tanh 
¤  その他のパラメータ等は論論⽂文参照． 

¤  実験結果 

 
¤  活性化関数をReLUにするとテスト誤差がtarget:3.15%に対しback:1.62%となる． 

¤  ReLUは誤差逆伝播に有利利であることは知られている 
 　（本⼿手法には適切切でない） 



1.普通の深いニューラルネットワーク�
¤  実験設定 

¤  データセット：CIFAR-10 
¤  実験設定：MNISTと同じ 
¤  ネットワーク構造：3072-1000-1000-1000-10 �
¤  ⼊入⼒力力を[0,1]に正規化，それ以外の前処理理はなし 
¤  その他のパラメータ等は論論⽂文参照． 
 

¤  実験結果 
¤  テスト正解率率率 

¤  target:50.37% 
¤  back:53.72% 
¤  [Krizhevsky and Hinton 2009]は隠れ層1層+1000ユニットで49.78%，

10000ユニットで51.53% 
¤  [Konda+ 2015] はstate-of-the-artで64.1% 



2.ユニット間に離離散的な伝達があるネットワーク�

¤  ⽣生物学的な考慮やニューロン間の通信コストを減らすために，次の層
に伝わるときに信号を離離散化する． 
¤  活性化関数をステップ関数にするわけではない． 

¤  実験設定 
¤  データセット：MNIST 

¤  ネットワーク構造：784-500-500-10 

¤  1層⽬目から2層⽬目で離離散化 

¤  signは符号関数 

¤  2層⽬目の逆関数と誤差関数はつぎのようにする． 



2.ユニット間に離離散的な伝達があるネットワーク�

¤  離離散の場合，誤差逆伝播の勾配が0または微分不不可能になる 

¤  よって，次の2つのベースライン⼿手法と⽐比較する． 
¤  Straight-through estimator [Bengio+ 2013]+誤差逆伝播 

¤  誤差逆伝播において，ステップ関数の導関数を無視する． 

¤  離離散部分より上の層を誤差逆伝播で学習（1層⽬目は学習しない） 



2.ユニット間に離離散的な伝達があるネットワーク�

¤  実験結果 

 

¤  Baseline1：訓練段階で0に収束しないが，汎化性能はいい． 

¤  0に収束しない理理由はbiased gradientで説明できる． 

¤  Baseline2：訓練誤差やエラーは低いが，テストではよくない． 

¤  1層⽬目で意味のある表現を学習できないため． 

¤  Target propagation：訓練段階での収束は遅いが，0に収束している．
また，テストエラーも良良い結果となった． 

¤  離離散的なネットワークでもそのまま学習できることがわかった．�



3.確率率率ネットワーク�
¤  普通の誤差逆伝播では，確率率率ネットワークと離離散ユニットを扱えな
かった． 

¤  確率率率ネットワークは最近注⽬目されている[Bengio 2013][Tang+ 2013]
[Bengio+  2013]． 
¤  マルチモーダルな条件付き分布P(Y|X)を学習できる． 

¤  構造化された出⼒力力の予測に重要． 

¤  確率率率的なバイナリユニットは⽣生物学的にも動機づけられる． 
¤  スパイキングニューロンとの類似性． 



3.確率率率ネットワーク�
¤  実験設定： 

¤  データセット：MNIST 

¤  ネットワーク構造：784-200-200-10（[Raiko+ 2014]に従う） 

¤  隠れ層は確率率率的バイナリユニット 

¤  ユニットの発⽕火確率率率はシグモイド関数 

¤  ベースライン⼿手法 
¤  Straight-through biased gradient estimator [Bengio+ 2013] 

¤  離離散的なサンプリングステップの導関数は無視． 



3.確率率率ネットワーク�
¤  Target propagationでは直接確率率率ネットワークを訓練できる． 

¤  ターゲットは，2層⽬目と1層⽬目でそれぞれ 

 　 　 　 　    と 

¤  逆関数は   　 　 　 　 　 　 　 　で，次の誤差関数から訓練する． 

¤  layer-localなターゲット誤差は 
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where sign(x) = 1 if x > 0, and sign(x) = 0 if x  0. The network output is given by
p(y|x) = f3(h2) = softmax(W3h2) . (25)

The inverse mapping of the second layer and the associated loss are given by
g2(h2) = tanh(V2sign(h2)) , (26)

L

inv

2 = ||g2(f2(h1 + ✏))� (h1 + ✏)||22, ✏ ⇠ N(0,�) . (27)
If feed-forward mapping is discrete, back-propagated gradients become 0 and useless when they
cross the discretization step. So we compare target propagation to two baselines. As a first baseline,
we train the network with back-propagation and the straight-through estimator (Bengio et al., 2013),
which is biased but was found to work well, and simply ignores the derivative of the step function
(which is 0 or infinite) in the back-propagation phase. As a second baseline, we train only the
upper layers by back-propagation, while not changing the weight W1 which are affected by the
discretization, i.e., the lower layers do not learn.

The results on the training and test sets are shown in Figure 3. The training error for the first base-
line (straight-through estimator) does not converge to zero (which can be explained by the biased
gradient) but generalization performance is fairly good. The second baseline (fixed lower layer) sur-
prisingly reached zero training error, but did not perform well on the test set. This can be explained
by the fact that it cannot learn any meaningful representation at the first layer. Target propagation
however did not suffer from this drawback and can be used to train discrete networks directly (train-
ing signals can pass the discrete region successfully). Though the training convergence was slower,
the training error did approach zero. In addition, difference target propagation also achieved good
results on the test set.

3.3 STOCHASTIC NETWORKS

Another interesting model class which vanilla back-propagation cannot deal with are stochastic net-
works with discrete units. Recently, stochastic networks have attracted attention (Bengio, 2013;
Tang and Salakhutdinov, 2013; Bengio et al., 2013) because they are able to learn a multi-modal
conditional distribution P (Y |X), which is important for structured output predictions. Training
networks of stochastic binary units is also biologically motivated, since they resemble networks of
spiking neurons. Here, we investigate whether one can train networks of stochastic binary units on
MNIST for classification using target propagation. Following Raiko et al. (2014), the network archi-
tecture was 784-200-200-10 and the hidden units were stochastic binary units with the probability
of turning on given by a sigmoid activation:
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i

⇠ P (H
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i�1) , (28)

that is, h
i

is one with probability hp

i

.

As a baseline, we considered training based on the straight-through biased gradient estimator (Ben-
gio et al., 2013) in which the derivative through the discrete sampling step is ignored (this method
showed the best performance in Raiko et al. (2014).) That is
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With difference target propagation the stochastic network can be trained directly, setting the targets
to

ĥp
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where g
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) is trained by the loss
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(f
i

(h
i�1 + ✏))� (h

i�1 + ✏)||22, ✏ ⇠ N(0,�) , (31)

and layer-local target losses are defined as L
i

= ||ĥp

i

� hp

i

||22.

For evaluation, we averaged the output probabilities for a given input over 100 samples, and clas-
sified the example accordingly, following Raiko et al. (2014). Results are given in Table 1. We
obtained a test error of 1.71% using the baseline method and 1.54% using target propagation, which
is – to our knowledge – the best result for stochastic nets on MNIST reported so far. This suggests
that target propagation is highly promising for training networks of binary stochastic units.
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3.確率率率ネットワーク�
¤  実験結果 

¤  平均テストエラーでの評価 

¤  Target propagationでの結果は，MNISTによる確率率率ネットで最も良良い結
果となった． 

 

提案⼿手法は，確率率率的バイナリユニットを含んでいるネットワークでも⾮非常に
有望であることがわかった． 



4.オートエンコーダー�
¤  実験設定 

¤  データセット：MNIST 

¤  ネットワーク構造：隠れ層1000ユニット 

¤  その他の設定は前のページで説明したとおり． 

¤  実験結果�
¤  右のようなフィルターを学習 

¤  テストエラー：1.35% 

誤差逆伝播による通常のオートエンコーダーと同じような結果となった． 



まとめ�
¤  本論論⽂文では，新しい最適化⼿手法としてtarget propagationを導⼊入． 

¤  誤差逆伝播の⽋欠点を補い，⽣生物学的にも妥当性がより⾼高い． 

¤  Difference target propagationは不不完全な逆関数でもうまくいくよ
うに線形補正した⼿手法． 

¤  実験では，次のことを確認した． 
¤  通常の深いネットワークとオートエンコーダーで誤差逆伝播と同等の性能． 

¤  ユニット間に離離散的な伝達があるネットワークを直接学習できる． 

¤  確率率率ニューラルネットワークでは，MNISTでstate-of-the-art． 



Toward Biologically Plausible Deep Learning �

¤  Hintonの2007年年のtalkをベースとしている． 

¤  スパイキングニューロンモデルで考えられている現象であるスパイクタ
イミング依存シナプス可塑性(STDP)に着⽬目． 
¤  ニューロンの⼊入⼒力力と出⼒力力での発⽕火するタイミングで，重みが更更新される． 

¤  この電圧の変化を⽬目的関数Jの偏微分と⾒見見⽴立立てる． 
 

¤  この論論⽂文ではJを変分EMのvariational boundとしている． 

¤  この学習で，target propagationが使われている．�
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