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0630p peKyppeHTHbIX HEWPOHHbIX ceTel
CeTun npamoro pacnpocrtpaHeHus
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@ Bce cBazu HanpaBJ€Hbl CTPOro OT BXOAHbIX HeﬁpOHOB K BbIXOAHbIM.
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Mopenb HeilipoHa (c buonoruyeckoit aHanorueii)
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@ Kaxaplli HelipoH — BCEro Aullb HenmHeliHoe npeobpasosaHne Haj
B3BELUEHHOI CYMMOIi CBOUX BXOHOB CO CMELLEHNEM.
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0630p peKyppeHTHbIX HEWPOHHbIX ceTel
OOy4eHune HelipoHHOI ceTn

@ [Insa obyuyeHns HeobxogMMo pelaTs ONTUMU3ALNOHHYIO 3aja4y
(mns «HOpManbHOrO» PyHKLNOHANA MOXKHO B35ITb MPOU3BOLHYIO MO
ntoboMy M3 BECOB CeTn).
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MoTuBauus

Cetun npsimoro pacnpocTtpaHeHus (BkAtOHasi CBEPTOYHbIE CETN) UMEIOT
HeKOTOpble OrpaHNYeHNs:

@ DukcupoBaHHbIi pasmep BXOAHbIX SAHHbIX.

@ DukcupoBaHHbIi pa3mep BbIXOLHBIX AaHHbIX.

@ 3aBNCUMOCTb TOJMILKO OT TEKYLLEro BXOAA U BECOB.
°

3aMOopoXKeHHbIe BECa CETU.
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PekyppeHTHble HelipoHHble ceTn (RNN)

MosiensieTcs CBS3b MeXAy HelipoHaMun O4HOro
YPOBHS CETU.
@ [Mony4aem aHanor namsTn (BHyTpeHHee
cocTosiHMe si4eiikn).

@ Tenepb BbIXOA CETU 3aBUCUT HE TONILKO OT
TeKyLLero Bxofa n BeCOB, HO U OT BCero
YBUIEHHOIO paHbLLe.

é hi = g(Whnhe—1 + Wanay)

Yt = f(Whyht)
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PassopaunBanHne RNN

1

@ To ecTb Ha caMOM fefie MOXXHO 0Dy4aTb CeTb aHaNOrMYHO CeTH
NpsAIMOro PacnpoCTPaHeEHNSI.
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Buabi RNN
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@ MoxHo 3agaBaTb AnuHy Bxofa/suixoga (onepupyem
NoCNEefOBATENBHOCTAMM, @ HE KOHKPETHBIMU ODbeKTamu).
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Mpobnembl RNN

Kpowme exploding/vanishing gradients npn obyuennu ectb npobnema c
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@ Long Short Term Memory networks paspaboTaHa, 4Tobbl n3bexaTh

npo6neM C p,onrospemeHHoﬁ NaMATbIO.
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LSTM: forget memory

fe=0Wy-[ht—1,2¢] + by)

@ Ha ocHoee HOBOro Bxofa 1 BHYTPEHHErO COCTOSIHUSI PeLlaeM,
CKOJIbKO MHPOPMaLMN U3 NMAaMSITU HY>KHO 3a0bITb.
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LSTM: new memory

it =0 (Wi'[ht—l,wt] + bl)
Cy =tanh(We-[hi—1,2¢] + be)

@ Ha ocHoBe HOBOro Bxofja U BHYTPEHHEro COCTOSIHUSA peLlaeM, Kakyto
MH(OPMALMIO N CKONBbKO €€ HY>XHO 3aMOMHMUTb B NMaMsTU.
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LSTM: update memory

>
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N

ftT i Cy = fr* Cr1 + iy + C

o ObHoensiem namsaTb no forget n input gate.
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LSTM: output

ht

hi—1
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he

:U(Wo [ht—laxt] + bo)
= oy * tanh (Cy)

@ Ha ocHoBe Bxofa, BHYTPEHHErO COCTOHMS 1 HOBOW NamsATh
reHepupyeM BbIXOZ, 1 HOBOE BHYTPEHHEE COCTOSIHUE.
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LSTM: BapunaHThbi

- 0 =

ft

iy

U(Wf'[ct—l,ht—la-rt] + bf)
o (Wi |Cr=1,hi—1,x¢] + b;)
o (Wo-[Cy, hi—1,m¢] + bo)

@ llcnonbsyem pnsi Bcex BblYMCAeHW €WE N NamATb.
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LSTM: BapunaHThbi

P‘@" Ct:ft*ctfl"‘(l_ft)*ét

o Cooteetcteue mexay forget n input gate.
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GRU (Gated Recurrent Units)

ht,lf \ I 2t =0 (Wz . [ht—hxt])
re =0 Wy [hi1, @)

hy = tanh (W - [ry % hy_1, z4))
ht = (1—Zt)*ht,1+zt*ilt

o lMonyuyaetcs bonee npocTasi Mogens.
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MNpumeneHne RNN

MawwuHHbIA nepesos.
[eHepauya TekcTOB.
Onncanne n3obpaxxeHuii.

PacnosHaBaHue peun.

PasmeTtka Bngeo, npeasioxkeHuii u npo4ero.
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Visualizing and Understanding Recurrent Networks

VISUALIZING AND UNDERSTANDING RECURRENT
NETWORKS

Andrej Karpathy* Justin Johnson* Li Fei-Fei
Department of Computer Science, Stanford University
{karpathy, jcjohns, feifeili}ecs.stanford.edu

ABSTRACT

Recurrent Neural Networks (RNNs), and specifically a variant with Long Short-
Term Memory (LSTM), arc cnjoying renewed interest as a result of successful
applications in a wide range of machine learning problems that involve sequential
data. However, while LSTMs provide exceptional results in practice, the source
of their performance and their limitations remain rather poorly understood. Us-
ing character-level language models as an interpretable testbed, we aim to bridge
this gap by providing an analysis of their represenations, predictions and error
types. In particular, our reveal th of i Is that
keep track of long-range dependencies such as line lengths, quotes and brackets.
Moreover, our comparative analysis with finite horizon n-gram models traces the

source of the LSTM i tolong-range structural ies. Finally,
we provide analysis of the remaining errors and suggests areas for further study.
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MoTuBauus

@ RNN (B 4yactHoctn LSTM) nokasbiBatoT xopoLuee Ka4ecTBO B
pa3NuYHbIX 3ajaqax.

@ HenoHsATHO, 4TO y HUX BHYTPWU.

(] HeI'IOHF-ITHO, Kakune y atux ceTeii OorpaHm4eHuns.

MNoaTomy:
@ Bosbmém charRNN (RNN, LSTM, GRU) u nouccnegyem.
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Y10 ucnonb3sosanu?

Cetu:
@ Vanilla RNN
e LSTM
o GRU

Mogens:

(] I'Iop.asaﬂ Ha BXO4 OAWH CMMBOJ, NpeackKa3blBa€M BEPOATHOCTb
cnegytowiero cmMmBeona.

@ lcnonb3yem one-hot kogupoBaHue Anst BXOASLLNX CUMBOJIOB.

@ PaseopaunBaem cetb Ha 50 waroe ans oby4yeHus.

HaTtaceTbl:
@ BoiiHa n mup (3 258 246 cumeonos)

o Kog agpa Linux (6 206 996 cumeonos)
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CpasHerue (1)

LSTM RNN GRU
Layers 1 2 3 |1 2 3 ] 1 2 3
Size War and Peace Dataset

64 1.449 1.442 1.540(1.446 1.401 1.396|1.398 1.373 1.472
128 1.277 1.227 1.279|1.417 1286 1.277|1.230 1.226 1.253
256 1.189 1.137 1.141|1.342 1.256 1.239|1.198 1.164 1.138
512 1.161 1.092 1.082| - - - | 1.170 1.201 1.077

Linux Kernel Dataset
64 1.355 1.331 1.366|1.407 1371 1.383[1.335 1.298 1.357
128 1.149 1.128 1.177(1.241 1,120 1.220|1.154 1.125 1.150
256 1.026 0.972 0.998(1.171 1.116 1.116|1.039 0.991 1.026
512 0.952 0.840 0.846| - - - 10943 0.861 0.829

Figure: Cross-entropy loss
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CpaBHeHue (2)

¥ RNN-1 (256)
A RNMN
RNM-2

LSTH
GRU-1 (256)

GRU-1 (512) v
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Coctosiiune namsatu LSTM (1)

Cell sensitive to position in line:

The sole importance of the crossing of the Berezina lies in the fact
that it plainly and indubitably proved the fallacy of all the plans for
cutting off the enemy's retreat and the soundness of the only possible
line of action--the one Kutuzov and the general mass of the army
demanded--namely, simply to follow the enemy up The French crowd fled
at a continually increasing speed and all its energy was directed to
reaching its goal. It fled like a wounded animal and it was impossible
to block its path. This was shown not so much by the arrangements it
made for crossing as by what took place at the bridges. when the bridges
broke down, unarmed soldiers, people from Moscow and women with children
who were with the French transport, all--carried on by vis inertiae--
pressed forward into boats and into the ice-covered water and did not;

surrender .

Cell that turns on inside quotes:
" ¥o
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Coctosinve namatu LSTM (2)

Cell that turns on inside comments and quotes:

kstrdup(sf->1lsm_str, GFPIUKERNEDN:

Cell that is sensitive to the depth of an expression:

#ifdef CONFIG_AUDITSYSCALL

static inline int audit_match_class_bits(int class, u32 *mask)
{

for (1 9; 1 < AUDIT BITMASK_SIZE; i++)
e inn:kii] & classes[class][i])

3

return 1;

|
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Coctosinve namatu LSTM (3)

Cell that robustly activates inside if statements:
s t

(pending, mask);

ENDING);

|
| |
}
B
}
return sig;
A large portion of cells are not easily interpretable. Here is a typical example:
pack lter fileld'sistring rejpres@nctation firom Wser-space
buffer
Ghar M@Eudit pack_string(¥Welid *®bufp, size_t Mr@main, siize_t Lefl
{
Er 1t s t i
(WMo ufp ) ECrenT=nTrenain) )
réturn; H)
h plem@ln ted trinu fields, PAITH_MAX
n niest-llﬂl le h
/
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MmnoTtesa gonroii namsatu (1)

@ Linux Kernel
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MmnoTtesa gonroii namsaTtu (2)
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Owunbkn

LSTM-3 (512)
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Ccbinku
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Visualizing and Understanding Recurrent Networks (article)

The Unreasonable Effectiveness of Recurrent Neural Networks
(Andrej Karpathy blog)

charRNN on Torch (Andrej Karpathy github)
Understanding LSTM Networks (colah's blog)

On the difficulty of training recurrent neural networks (article)
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https://arxiv.org/pdf/1506.02078v2.pdf
http://karpathy.github.io/2015/05/21/rnn-effectiveness/
http://karpathy.github.io/2015/05/21/rnn-effectiveness/
https://github.com/karpathy/char-rnn
http://colah.github.io/posts/2015-08-Understanding-LSTMs/
http://www.jmlr.org/proceedings/papers/v28/pascanu13.pdf
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