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Abstract 

In recent literature Recursive neural networks have been successfully used for fine 
grained sentiment analysis in NLP. Recursive neural networks learn the structure 
of a sentence and try to predict the sentiment of a given sentence. While these 
conventional recursive neural networks are deep in structure/space, they are not 
hierarchical/deep in time in their representation like a deep recurrent neural 
network. In this project I am exploring a model that combines N layers of 
recursive neural networks in a recurrent way to perform fine grained sentiment 
analysis [1]. Essentially, each layer of the deep recurrent network is a recursive 
neural network. The model gets trained by combining backpropagation through 
structure to learn the recursive neural network and backpropagation through time 
to learn the feedforward network. The proposed model is implemented and tested 
on Stanford Sentiment Treebank [2]. We achieved an accuracy of 81.5% on the 
task of 5-class fine grained sentiment analysis over each phrase. We also explore 
the usefulness of various regularization techniques such as L2 regulation and 
dropout [3-4] on training the model.   

 

1 Introduction  

 
Sent i me nt  ana l ys i s  i s  a n  i mp o r tan t  t a s k  in  na t ur a l  l an g uage  p ro cess i ng .  T he  

cur r en t  s t a t e  o f  the  a r t  me tho d s  fo r  f ine  g r a ined  sen t i me nt  a na l ys i s  use  

r ecur s ive  ne ura l  ne t wo rks / r ecur s ive  ne ura l  t e nso r  ne t wo rks  (RNT N)  [2 ] .  I n  

r ecen t  l i t e r a tu r e  t he r e  has  b een  a  d i s t i nc t io n  a mo ng s t  no t io n  o f  d ep th  in  

sp ace / s t ruc t ur e  and  d e p th  in  t i me  [1 ] .  W hi l e  the  r ecur s ive  ne ura l  ne t wo rk s  

a r e  d eep  in  s t r uc t ur e ,  t he y  a r e  no t  d eep  in  t i me ,  and  he nce  i n  a  wa y  l ac k  

h ie r a r ch y o f  co n ven t io na l  d eep  feed fo r ward  ne t s  where  each  l a ye r  l ea rns  a  

p o ten t i a l l y  mo re  ab s t r ac t  r ep re sen ta t io n  o f  the  inp ut  tha n  the  p r ev io u s  l a ye r.     

 

I n  th i s  p ro j ec t  I  exp lo re  a  mo d e l  s i mi l a r  t o  [1 ] ,  t ha t  s t ac ks  to ge t he r  N  l a ye r s  

o f  r ecur s i ve  ne ura l  ne t wo rk s  i n  a  r ecur r en t  wa y fo r  f ine  g r a i ned  sen t i me nt  

ana l ys i s .  I n  p a r t i c u la r  e ach  l a ye r  o f  t he  ne t wo rk  i s  a  r ec ur s i ve  neura l  ne t wo rk ,  

and  the  r ecur r e n t  ne ur a l  ne t wo rk  co mb i ne s  t o ge the r  N  d i ffe r en t  r e cur s i ve  

ne t wo rk s  to ge the r.  F igure  1  sho wn b e lo w s ho ws  a  mo re  d e ta i l ed  

r ep re sen ta t io n  o f  the  ne t wo rk .  S tac k in g  N  r ecur s i ve  l a ye r s  in  a  r ecur r en t  

man ne r  a l lo ws  each  l a y e r  to  l ea rn  a  p a r t i cu la r  a sp ec t  o f  the  sen te nce / p hrase  

wh ic h  he lp s  i n  ac h iev in g  a  h i ghe r  sen t i me nt  c l a ss i f i ca t io n  accurac y.   

 

 

 



2 Related Work 
 

Sen t i me nt  ana l ys i s  i s  a n  i mp o r tan t  Na t ura l  La ng ua ge  p ro cess in g  t a sk  and  has  

b een  s t ud ied  ex te ns i ve l y  o ve r  t he  l a s t  fe w yea r s .  B e fo re  d eep  l ea rn in g  was  

succe ss fu l l y  d e mo ns t r a t ed  fo r  th i s  t a sk ,  a  l a rge  nu mb er  o f  p r ev io us  se n t i me nt  

ana l ys i s  t ec hn iq ues  we re  e i the r  b ased  o n  us i ng  a  b ag  o f  wo rd s  mo d e l  o r  

ca r e fu l  e ng i nee r i ng  o f  fea t ur e s .  Deep  l ea rn in g  me tho d s  ha ve  o u t -p e r fo rmed  

these  p r ev io u s  me t ho d s ,  and  a r e  cur r en t l y  t he  s t a t e  o f  a r t  me t ho d s  fo r  th i s  

t a sk .  I n  p a r t i cu la r,  r ecur s i ve  ne ura l  ne t wo rks  and  r ecur s i ve  ne ura l  t enso r  

ne t wo rk s  [2 ]  have  b een  d e mo ns t r a t ed  to  ach ieve  ve r y h ig h  accura c y fo r  

sen t i me nt  a na l ys i s .   

 

3 Our Approach  

 

T he  mo d e l  tha t  I  am u s ing  fo r  th i s  p ro j ec t  i s  es se n t i a l l y  b ased  o n  the  mo d e l  
p r e sen ted  in  [1 ] .  I n  th i s  mo d e l  we  co mb i ne  to ge the r  N  l a ye r s  o f  r ecur s i ve  
neura l  ne t wo rk s  in  a  d eep - feed fo r ward  ma n ne r  to  a l lo w t he  mo d e l  t o  have  
d ep th  b o th  in  sp ace / s t ruc tur e  and  t i me .  T h i s  i s  d i ffe r en t  f r o m a  r egu la r  
r ecur s ive  neura l  ne t wo rk  tha t  has  d ep th  o n l y i n  s t r uc tur e ,  and  he nce  l a cks  t he  
ab i l i t y  to  l ea rn  h ie r a r ch ica l  fea tur e s .   

F ig ure  1  b e lo w s ho ws  t he  d e ta i l s  o f  t he  mo d e l .   

Fo r ma l l y,  o ur  mo d e l  ca n  b e  r ep re sen ted  a s  u nd e r :   

G ive n  a  b ina r y t r ee  s t r uc tur e  wi t h  l eave s  ha v i ng  t he  in i t i a l  r ep re sen t a t io ns ,  
e . g .  a  p a r se  t r ee  wi th  wo rd  vec to r  r ep re sen ta t i o ns  a t  t he  l ea ves ,  a  r e - cur r en t  
r ecur s ive  ne ura l  ne t wo rk  co mp utes  the  r ep re se n ta t io n s  a t  eac h  i n t e r na l  no d e  
η a s  fo l lo ws   

  

Figure 1 : Operation of a recurrent recursive neural network 

ℎ𝑛
(𝑖)

= 𝑓 (𝑊𝑙
(𝑖)
ℎ𝑙(𝑛)
(𝑖)

+𝑊𝑟
(𝑖)
ℎ𝑟(𝑛)
(𝑖)

+ 𝑉
(𝑖)
ℎ(𝑛)
(𝑖−1)

+ 𝑏(𝑖)) 



wh ere  η r ep re sen t s  a  p a r t i cu la r  no d e ,  l (η )  a nd  r (η )  a r e  the  l e f t  an d  r igh t  
ch i ld r en  o f  η ,  W L

( i )  a nd  W R
( i )  a r e  t he  we i g h t  ma t r i ce s  tha t  co n nec t  t he  l e f t  a nd  

r igh t  ch i ld r en  to  t he  p a r en t  fo r  a  l a ye r  i ,  V ( i )  i s  t he  we i g h t  ma t r i x  t ha t  co nnec t s  
the  ( i  −  1 ) t h  h id d en  l a ye r  to  the  i t h  h id d en  l a ye r ,  and  b ( i )  i s  a  b i a s  vec to r  fo r  
l a ye r  i .   

We  then  have  a  t a sk - sp ec i f i c  o u tp u t  l a ye r  ab ove  the  r ep re sen ta t io n  l a ye r :   

Y η  =  g (U h n
( l )  +  c )  

wh ere  U  i s  t he  o u tp u t  we i g h t  ma t r i x ,  c  i s  t he  b i a s  vec to r  to  t he  o u tp u t  l a ye r  
and  l  i s  t he  f i na l  n u mb er  o f  l a ye r s .   

I n  a  sup e r v i sed  t a s k ,  y η  i s  s i mp l y t he  p r ed ic t io n  ( c l a ss  l ab e l  o r  r e sp o nse  
va lue )  fo r  t he  no d e  η ,  a nd  s up e rv i s io n  o ccur s  a t  t h i s  l a ye r.  Fo r  t he  se n t i me nt  
ana l ys i s  t a s k ,  y η  i s  t he  p r ed ic t ed  sen t i me nt  l a b e l  o f  the  p hrase  g i ven  b y t he  
sub t r ee  ro o ted  a t  η .  T hus ,  d ur in g  sup e rv i sed  l ea rn in g ,  i n i t i a l  ex te rna l  e r ro r s  
a r e  incur r ed  o n  y,  a nd  b ack  p ro p aga ted  f r o m t he  ro o t ,  t o ward  l eave s .   

I t  ma y b e  no ted  tha t  fo r  o ur  imp le me nta t io n  the  func t io n  f  wa s  cho se n  to  b e  
the  Re LU func t io n  and  the  fu nc t io n  g  was  c ho s en  a s  so f t -ma x .   

 

3 .1  Training Procedure 
 

T he  p ro po sed  mo d e l  was  t r a ined  us i n g  b ack -p ro p aga t io n .  B ack -p ro p aga t io n  

fo r  the  ab o ve  ne t wo r k  can  b e  tho ug ht  a s  a  l i nea r  co mb i na t io n  o f  b ack -

p ro p aga t io n  th ro ug h  s t r uc tur e  and  b ack -p ro p ag a t io n  th ro u gh  t i me .  Ess en t i a l l y  

fo r  an y p a r t i c u la r  no d e  n  i n  a  l a ye r  i ,  i t  r ece ives  a n  e r ro r  f ro m i t s  p a r en t  

no d es  in  l a ye r  i ,  and  f ro m t he  no d e  n  in  the  l a ye r  i+1 .  T he  f igure  b e lo w sho ws  

the  e r ro r - f lo wi ng  i n  the  b ackp ro p aga t ion  ne t wo rk .  To  ensure  the  

b ackp ro p aga t io n  i s  imp le me nted  co r r ec t ly,  a  s imp le  g r ad ien t  c he ck i n g  

mecha ni s m was  i mp le mented  tha t  c heck s  t he  v a l id i t y  o f  t he  g r ad ie n t s .   

 

 

Figure 2 : Error propagation in the network 

 



4 Experiment and Results  
 

Da ta se t  Used :  To  va l i d a te  the  ab o ve  r ec ur r en t  r ecur s ive  mo d e l  I  u sed  the  

S tan fo rd  Sen t i men t  Treeb ank  [2 ]  d a ta se t .  T he  d a ta se t  co ns i s t s  o f  2 1 5 ,154  

l ab e led  p hrases  f ro m 11 ,8 5 5  sen tences .  Eac h  o f  the  2 1 5 ,1 5 4  p hrases  i s  l ab e led  

f ro m 5  p o ss ib le  c l a s se s ,  na me l y,  ve r y  ne ga t i ve ,  ne ga t i ve ,  neu t r a l ,  p o s i t iv e  

and  ve r y p o s i t i ve .  I t  ma y b e  no ted  th a t  i n  t h i s  r ep o r t  we  a r e  t r yin g  to  p r ed ic t  

t he  se n t i me nt  o f  each  o f  the  p hrases  i n  t he  sen tence .   

 

Cho ice  o f  Wo rd  Vec to rs :  I  used  r and o ml y i n i t i a l i zed  wo rd -vec to r s  a s  the  

inp ut s  r a the r  tha n  us i n g  p r e - t r a ined  wo rd 2 ve c  o r  g lo ve  wo rd -vec to r s .  T he  

wo rd -vec to r s  were  a l so  t r a ined  a s  p a r t  o f  b ack -p ro p aga t io n .  T he  wo rd -vec to r  

d i men s io n  wa s  t a ken  a s  a  va r i ab le  and  was  c ho sen  b y us in g  c ro ss - va l i d a t io n .  

T he  f ina l  cho se n  wo rd -vec to r  d i me ns io n  was  7 5 .  I t  ma y  b e  no ted  th a t  s i nce  

7 5  was  t he  l a rge s t  wo rd -vec to r  d i me n s io n  I  s i mu la ted  wi t h  (d ue  to  t r a in i ng  

t i me  l i mi t a t io ns ) ,  i t  i s  l i ke l y t ha t  t he  p e r fo rmance  wi l l  i mp ro ve  i f  we  us e  

3 0 0 -d ime n s io na l  p r e - t r a ined  wo rd 2 vec  o r  g lo v e  wo rd  vec to r s .   

 

Cho ice  o f  Reg ula r iza t io n:  Reg ula r i za t io n  p la y s  a  c r i t i ca l  r o l e  to  ensu re  tha t  

we  d o  no t  o ve r - f i t  t he  mo d e l .  Fur t he r,  t he  ro l e  o f  r eg u la r i za t io n  inc r eases  a s  

we  i nc r ease  the  mo d e l  c o mp le x i t y.  I n  t he  p r e se n t  i mp le menta t io n  I  t r i e d  th r ee  

d i ffe r en t  r e gu la r i za t io n  me tho d s :   

 

  L2  no r m Reg ula r i za t io n  

  Dro p o ut  Reg ula r i za t io n  

  L2  no r m +  Dro p o ut  r eg u la r i za t io n  

 

Amo n gs t  t he  t h r ee ,  L2  +  d ro p o ut  r egu la r i za t io n ,  wo r ked  the  b es t .  

I n t e r e s t i ng l y,  i t  ma y  b e  no ted  tha t  Drop o ut  Regula r i za t io n  [3 -4 ]  wi t h o ut  the  

L2  no r m r egu la r i za t io n  d o es  no t  wo rk .  T hi s  i s  b ecause  o f  the  cho ice  o f  Re LU 

no n - l i nea r i t y  wh ic h  i s  a  typ e  o f  no n - sa t ur a t in g  no n - l i nea r i t y.  Re LU and  no  

L2  no r m r eg ula r i za t io n  e ssen t i a l l y  cau ses  a  b lo w -up  in  mag ni t ud e  o f  va lue s .  

F ig ures  3  and  4  b e lo w sho w  t r a in in g  se t  a nd  d ev  se t  accurac ie s  ac ro ss  a  

nu mb er  o f  t r a in in g  ep o c hs  wi t h  a nd  wi t ho ut  d ro p o ut  r eg u la r i za t io n  (B o th  have  

L2  no r m r eg ula r i za t io n ) .  As  i s  e v id en t  f ro m t he  t wo  p lo t s  b e lo w,  wi th  L2  

no r m r eg ula r i za t io n  a lo ne ,  t he  gap  b e t wee n  t r a in in g  a nd  d ev  se t  accura c ie s  i s  

Figure 4: Training with L2 norm Regularization 

Figures above show a comparison between L2 norm and L2 norm+dropout regularization. As is evident from 

figure 4, the difference between training set and dev set accuracy is smaller when we use L2 + dropout 

regularization, thus emphasizing that dropout improves generalization.  

Figure 3 : Training with L2 Norm + Dropout Regularization 

 



muc h h i g he r  co mp are d  to  the  gap  whe n  we  u se  L2  no r m +  d ro po ut  

r egu la r i za t io n .   

 

Cho ice  o f  Nu mber o f  la y ers :  Since  the  ne t wo rk  i s  a  r ecur r en t  ne t wo r k ,  an  

i mp o r tan t  ad va nta ge  i s  t ha t  t he  ne t wo rk  ca n  b e  a rb i t r a r i ly  d eep .  I n  p r ac t i ce  I  

fo u nd  the  d ev  se t  accur ac y i nc r eases  up to  3  l a ye r s ,  and  s t a r t ed  d ec reas in g  a s  

the  n u mb er  o f  r ecur r en t  l a ye r s  was  inc r eased  b e yo nd  4 .  T hi s  can  b e  a t t r ib u ted  

to  inc r eased  o v e r- f i t t i n g  in  t he  mo d e l  fo r  the  c ho ice  o f  d a ta se t  a t  ha n d .   

 

Cho ice  o f  Tra in ing  Alg o r i th m:  As me nt io ned  in  sec t io n  3  ab o ve ,  t he  ne t wo rk  

wa s  t r a ined  us i n g  B ack -p ro p aga t io n  wi t h  s to c has t i c  g r ad ien t  d esce n t .  T hree  

d i ffe r en t  ve r s io n s  o f  s to chas t i c  g r ad ie n t  d escen t ,  na me l y,  r egu la r  van i l l a  

s to chas t i c  g r ad ie n t  d es cen t ,  Ad agrad [5 ] ,  and  R MSP ro p [6 ] ,  were  i mp le men ted  

to  und e r s t a nd  the  d i ffe r ence  in  p e r fo r ma nce  b ecause  o f  t he  cho ice  o f  t r a in in g  

a lgo r i th ms .   

 

F ig ure  5 -7  b e lo w sho ws  the  t r a in i n g  and  d ev  se t  acc urac y  fo r  th e  th r ee  

s to chas t i c  g r ad ien t  v a r i an t s .  T he  p lo t s  b e lo w ass u me  a  wo rd  vec to r s  

d i men s io n  o f  7 5  and  no  d ro p -o ut  i s  used .   As  i s  e v id e n t  f ro m t h e  gr ap h  

Ad a grad  a lgo r i th m se e ms  to  b e  b es t  i n  te r ms  o f  sp eed ,  and  o ve ra l l  

p e r fo rma nce .  I t  i s  e x p ec ted  tha t  t he  va n i l l a  s to chas t i c  g r ad ien t  d escen t  

ach ieve s  the  sa me  p e r fo rma nce  l eve l s  a s  ad a -grad ,  b u t  i t  t akes  much  lo nge r  

t r a in i ng  t i me  to  r each  t he  sa me  t r a in i n g  d a ta  accurac y.   

 

Figure 6 : Stochastic Gradient Descent with RMSProp Figure 7: Vanilla Stochastic Gradient Descent 

                                    Figure 5 : Stochastic gradient descent with Adagrad 

The graphs above suggest that Adagrad learning method outperforms the other two learning algorithms is terms of 

speed and accuracy. It may be noted that same learning rate was used for all the three algorithms to allow for a 

fair comparison. However, the wiggles in the figures 6-7 above suggest a smaller learning rate might be more 

optimal for RMSProp and Vanilla stochastic descent. The learning rate used was 1.5E-2.  



Su mma ry  o f  F ina l  Res u l t s :   

T his  sec t io n  s u mmar iz es  the  f ina l  r e s u l t s  t ha t  I  ach ieved  wi th  a  r e cur r en t  

r ecur s ive  ne ura l  ne t wo rk .  T he  b es t  r e s u l t s  were  ach ieved  wi th  a  3 - l a ye r  

r ecur r en t  ne ura l  ne t wo rk ,  t r a ined  wi th  s to c has t i c  g r ad ien t  d e scen t  wi th  

ad agrad .  T he  wo rd -vec to r  d ime ns io n  was  cho sen  to  b e  7 5 .  F igur e  8  b e lo w 

sho ws  t he  t r a i n in g  a nd  d ev  se t  accurac y fo r  the  f ina l  se t  o f  c ho se n  p a rame te r s .  

T he  b es t  accurac y ach i eved  wa s  8 1 .5 %.   

 

 

T he  t ab le  b e lo w co mp ares  the  ach ie ved  ac curac y wi th  o t he r  p r io r  a r t s  

me t ho d s .   

 

M o del  5  –  C la ss  F ine  Gra ine d  Accura cy  

Recur r en t  RNN  8 1 .5 % 

RNT N [2 ]  8 0 .7 % 

2 -La ye r  RN N  8 0 .1 % 

S i mp le  RNN  7 9 .5 % 

 

 

 

5 Conclusion 
In  th i s  p ro j ec t  I  exp lo red  r ecur r en t  r ecur s i ve  neura l  ne t wo rk s  [1 ]  fo r  use  i n  

f i ne -gra i ned  sen t i me nt  ana l ys i s  o f  se n te nces .  I  wa s  ab le  to  ach ieve  a n  o ve ra l l  

accurac y o f  8 1 .5 % co mp ared  to  8 0 .7 % f ro m [2 ]  and  s i mp le  RNNs.  T he  d a ta se t  

used  fo r  ca l cu la t i n g  the  accurac y i s  t he  S ta nfo r d  Sen t i me nt  Treebank  [ 2 ] .  T he  

ma j o r  ad vantage  o f  t he  r ecur r en t  s t r uc t ur e  o f  the  mo d e l  i s  t ha t  i t  a l l o ws  t he  

mo d e l  to  l ea rn  h ie r a r ch ica l  fea tur e s  o f  se n tenc es  a l so ,  s ince  i t  i s  d eep ,  b o th 

in  s t r uc t ur e  and  t i me .  F ur the r,  I  co mp ared  the  p e r fo r mance  o f  va r io us  v a r i an t s  

o f  s to c has t i c  g r ad ien t  d escen t  a l go r i th ms .  C o mp ared  to  o the r  a l go r i th ms ,  

ad agrad  a lgo r i th m o u t p e r fo rmed  t he  o the r  a lgo r i th ms .  F ur t he r,  va r io us  

d i ffe r en t  r e g u la r i za t io n  t ech niq ues  were  eva l u a ted  to  avo id  o ve r - f i t t i ng  the  

d a ta .  T he  b es t  r eg u la r i za t io n  t ec h niq ue  was  o b se rved  to  b e  L2  n o rm +  

Figure 8 : Dev and training accuracy for final set of parameters 



d ro po ut .  I t  wa s  in t e r e s t in g  to  f i nd  t ha t  d ro p out  a lo ne  d o es  no t  w o r k  we l l  

b ecause  o f  t he  no n -sa t ur a t in g  na t ur e  o f  Re Lu  fu nc t io n .  Ad d ing  the  L2  no r m 

to  r egu la r i za t io n  a vo id s  the  exp lo s io n  o f  o u tp u t  o b se rved  wi th  d ro p o ut  a lo ne .   

 

6  Future Work 
In  the  cur r en t  i mp le me nta t io n  o f  the  mo d e l ,  I  i n i t i a l i zed  the  wo rd  ve c to r s  to  

b e  Gauss i a n  r and o m va r i ab le s ,  and  the  wo rd  vec to r s  were  t r a ined  t o ge the r  

wi t h  t he  s t ruc t ur e .  I t  wa s  o b se rved  tha t  t he  b es t  p e r fo r mance  was  ach ieved  

fo r  wo rd  vec to r  d i me n s io n  o f  7 5 ,  whic h  wa s  a l so  the  h i ghe s t  d i me n s io n  u sed  

in  my c ro ss -va l id a t io n .  T hi s  su g ges t s  us in g  h ig he r  wo rd -vec to r  d imen s io n  

mi ght  i mp ro ve  the  p e r fo r ma nce  fur t he r.  Al so ,  us in g  p r e - t r a ined  Gl o ve  or  

Wo rd 2 Vec  mo d e l s  sho ul d  he lp  i mp ro ve  the  p e r fo rma nce .   

 

I t  ma y  b e  o b se rved  t ha t  t he  r ecur r en t - r ecur s i v e  ne ura l  ne t wo rk ,  wh i l e  b e ing  

d eep ,  i s  s t i l l  f eed fo r wa rd  in  na t ur e .  T he  feed fo r ward  s t r uc tur e  o f  t he  n e t wo r k  

d o es  no t  a l lo w i n fo r ma t io n  to  f lo w b ack ward s ,  and  th u s  t he  ne t wo rk  i s  unab le  

to  co r r ec t ly  p r ed ic t  t he  sen t i ment  o f  a n y  p hra s e  whic h  d e r i ves  i t s  sen t i me nt  

f ro m a  p hrase  l a t e r  i n  tha t  se n te nce .  Fo r  suc h  scena r io s  i t  ma y b e  b e t t e r  t o  

have  b i -d i r ec t io na l  r ecur s i ve  mo d e l  a s  each  l a ye r  o f  the  r ecur r en t  n e t wo rk .  

T he  b i -d i r ec t io na l  mo d e l  wi l l  a l lo w in fo r ma t i o n  f lo w f ro m se n te nce  p a r se  

t r ee  l eaves  to  ro o t ,  and  f ro m ro o t s  b ack  to  l eaves  th u s  a l l ev ia t in g  the  ab o ve  

p ro b lem.   

 

Recen t l y  t r ee  s t r uc t ur ed  LST M mo d e l s  ha ve  b een  p ro p o sed  [7 ] .  I t  cou ld  b e  

in t e r e s t i n g  to  co mb ine  the  t r e e  s t r uc tur ed  LST M mo d e l  in  a  r ecur r en t  neura l  

ne t wo rk  to  t ake  t he  ad v antage s  o f  b o th  t he  r ecur r en t  and  LST M Tree  

s t ruc t ur ed  mo d e l s .   
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