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Figure 1: Network architecture considered in this paper. Several groups of PNs corresponding to different
modalities send their activities to the layer of KC, which are inhibited through the reciprocal connections to the
APL neuron.

for clustering sensory stimuli so that similar stimuli elicit similar patterns of neural responses at
the level of KC to allow generalization, while distinct stimuli result in different neural responses.
Importantly, this biological network has evolved to accomplish this task in a very efficient way.

In the computational linguistics there is a long tradition (Harris, 1954) of using distributional prop-
erties of linguistic units for quantifying semantic similarities between them, as summarized in the
famous quote by JR Firth: “a word is characterized by the company it keeps” (Firth, 1957). This idea
has led to powerful tools such as Latent Semantic Analysis (Deerwester et al., 1990), topic modelling
(Blei et al., 2003), and language models like word2vec (Mikolov et al., 2013), GloVe (Pennington
et al., 2014), and, more recently, masked word training for Transformer models (Vaswani et al.,
2017). Specifically word2vec models are trained to maximize the likelihood of a word given its
context, GloVe models utilize global word-word co-occurence statistics, and Transformers use a
neural network with attention to predict a masked word. Thus, all these classical methods utilize the
correlations between individual words and their context in order to learn useful word embeddings.

In our work we ask the following question: can the correlations between words and their contexts
be extracted from raw text by the biological network of KC, shown in Fig. 1? And how do the
word representations learned by KC differ from the representations obtained by the conventional
methods? Although this network has evolved to process sensory stimuli from olfaction and other
modalities and not to “understand” language it uses a general purpose algorithm to embed inputs
(from different modalities) into a high dimensional space with several desirable properties, which
we discuss below.

Our approach relies on a recent proposal that the recurrent network of mutually inhibited KC can
be used as a “biological” way of generating sparse binary hash codes for the input data presented at
the projection neuron layer (Dasgupta et al., 2017). It was argued that a matrix of random weights
projecting from PN layer into the KC layer leads to the highly desirable property of making the
generated hash codes locality sensitive, i.e. placing similar inputs close to each other in the em-
bedding space and pushing distinct stimuli far apart. A subsequent study (Ryali et al., 2020) has
demonstrated that the locality sensitivity of the hash codes can be significantly increased, compared
to the random case, if the matrix of weights from PN to KC is learned.

Biologically, there is an ongoing debate in the neuroscience community regarding whether or not
these projections are random. For instance, (Caron et al., 2013) argues for the random model, while
(Zheng et al., 2020) presents evidence of the non-random structure of this network, which is related
to the frequency of presented odors. Since the goal of our work is to build a useful AI system and
not mimic every detail of the biological system, we adopt the data-driven synaptic weight strategy
even if fruit flies use random projections. As is clearly demonstrated in (Ryali et al., 2020), learned
synapses lead to better performance.

Our main contributions in this work are the following:

2

Mushroom Body Network



Under review as a conference paper at ICLR 2021

olfaction thermo-hydro 
sensory system

vision

projection 

neurons (PN)

Kenyon cells (KC)

anterior paired lateral 

neuron (APL)

Figure 1: Network architecture considered in this paper. Several groups of PNs corresponding to different
modalities send their activities to the layer of KC, which are inhibited through the reciprocal connections to the
APL neuron.

for clustering sensory stimuli so that similar stimuli elicit similar patterns of neural responses at
the level of KC to allow generalization, while distinct stimuli result in different neural responses.
Importantly, this biological network has evolved to accomplish this task in a very efficient way.

In the computational linguistics there is a long tradition (Harris, 1954) of using distributional prop-
erties of linguistic units for quantifying semantic similarities between them, as summarized in the
famous quote by JR Firth: “a word is characterized by the company it keeps” (Firth, 1957). This idea
has led to powerful tools such as Latent Semantic Analysis (Deerwester et al., 1990), topic modelling
(Blei et al., 2003), and language models like word2vec (Mikolov et al., 2013), GloVe (Pennington
et al., 2014), and, more recently, masked word training for Transformer models (Vaswani et al.,
2017). Specifically word2vec models are trained to maximize the likelihood of a word given its
context, GloVe models utilize global word-word co-occurence statistics, and Transformers use a
neural network with attention to predict a masked word. Thus, all these classical methods utilize the
correlations between individual words and their context in order to learn useful word embeddings.

In our work we ask the following question: can the correlations between words and their contexts
be extracted from raw text by the biological network of KC, shown in Fig. 1? And how do the
word representations learned by KC differ from the representations obtained by the conventional
methods? Although this network has evolved to process sensory stimuli from olfaction and other
modalities and not to “understand” language it uses a general purpose algorithm to embed inputs
(from different modalities) into a high dimensional space with several desirable properties, which
we discuss below.

Our approach relies on a recent proposal that the recurrent network of mutually inhibited KC can
be used as a “biological” way of generating sparse binary hash codes for the input data presented at
the projection neuron layer (Dasgupta et al., 2017). It was argued that a matrix of random weights
projecting from PN layer into the KC layer leads to the highly desirable property of making the
generated hash codes locality sensitive, i.e. placing similar inputs close to each other in the em-
bedding space and pushing distinct stimuli far apart. A subsequent study (Ryali et al., 2020) has
demonstrated that the locality sensitivity of the hash codes can be significantly increased, compared
to the random case, if the matrix of weights from PN to KC is learned.

Biologically, there is an ongoing debate in the neuroscience community regarding whether or not
these projections are random. For instance, (Caron et al., 2013) argues for the random model, while
(Zheng et al., 2020) presents evidence of the non-random structure of this network, which is related
to the frequency of presented odors. Since the goal of our work is to build a useful AI system and
not mimic every detail of the biological system, we adopt the data-driven synaptic weight strategy
even if fruit flies use random projections. As is clearly demonstrated in (Ryali et al., 2020), learned
synapses lead to better performance.

Our main contributions in this work are the following:

2

Fruit fly network for word embeddings
“a word is characterized by the company it keeps” (Firth, 1957) 

Otakhrgdc Łr Ł bnmedqdmbd oŁodq Łs HBKQ 191fl

dmdqfx etmbshnm: rdd )28[ enq ŁcchshnmŁk cdsŁhkr: cdımdc ax

B 9 �
∑

/∗cŁsŁ

{
�A�.p�<Y

〈

{
�A�.�A�

〈0,1
. vgdqd ]θ 9 ˆmagˆr

�

{
��.p

�
〈

–fl(

Hm sghr dptŁshnm � → �A−1Kunb hr Ł lŁsqhw ne rxmŁoshb bnmmdbshnmr: fhudm Łr � 9 ∈��{ 9
∈S�d{: oqnidbshmf eqnl OM kŁxdq –hmchuhctŁk mdtqnmr hm sgd kŁxdq Łqd cdmnsdc ax sgd hmcdw g( sn sgd
JB kŁxdq –hmchuhctŁk mdtqnmr hm sgd JB kŁxdq Łqd cdmnsdc ax sgd hmcdw θ(0 Sgdqd Łqd 1Munb mdtqnmr
hm sgd OM kŁxdq ŁmcJ mdtqnmr hm sgd JB kŁxdq0 Sgd hmmdq oqnctbs }W.X〈 9

〉1Kunb
d50 WdXd hr cdımdc

Łr Ł bnmsqŁbshnm nudq hmcdw g ne OM bdkkr0 Hm sgd mtldqŁsnq ne sgd dmdqfx etmbshnm sgd ahmŁqx dmbncdc
v/fqŁl hr chuhcdc ax sgd oqnaŁahkhshdr ne nbbtqqdmbdr ne hmchuhctŁk vnqcr dkdldms/vhrd: rn sgŁs sgd
mtldqŁsnq bŁm ad vqhssdm Łr

{
�A�.p

�<Y
〈
9

1Kunb∑

d50

S=�d
s/d
nd

OqnaŁahkhshdr Y Łqd bŁkbtkŁsdc aŁrdc nm sgd eqdptdmbhdr ne vnqcr hm sgd sqŁhmhmf bnqotr0 Sgd unbŁa/
tkŁqx bnmsŁhmr Munb lnrs eqdptdms vnqcr hm sgd bnqotr: sgtr Łkk sgd dkdldmsr ne nd Łqd mnm/ydqn Łmc
sgd dkdldms/vhrd chuhrhnm hr vdkk cdımdc0

Hmsthshudkx: sgd fnŁk ne sgd sqŁhmhmf Łkfnqhsgl hr sn Łcitrs sgd vdhfgsr ne sgd mdtqŁk mdsvnqj rn sgŁs
sgdx Łqd Łkhfmdc vhsg v/fqŁlr sgŁs Łqd eqdptdmskx oqdrdms hm sgd sqŁhmhmf bnqotr0 Vd qdkx nm sgd
Łrrtloshnm sgŁs rdlŁmshbŁkkx qdkŁsdc v/fqŁlr rgŁqd rdudqŁk ”bnqd; vnqcr: vghkd Ł edv hmchuhctŁk
vnqcr lhfgs ad rtarshstsdc ax rxmnmxlr?Łmsnmxlr0 Sgd lhmhlhyŁshnm ne sgd dmdqfx etmbshnm –fl( hr
Łbbnlokhrgdc ax sgd hsdqŁshud tocŁsd ne sgd vdhfgsr rŁshrexhmf sgd enkknvhmf kdŁqmhmf qtkd )14, 28, fl6[

�S�d 9 µf
∑∑

i

S�is
/
i

[∑s/d
nd
�
�∑

i

S�i

s/i
ni

(
S�d

[
–1(

Hm sghr dptŁshnm sgd ŁbshuŁshnm etmbshnm hr dptŁk sn nmd enq Ł lŁwhlŁkkx cqhudm ghccdm tmhs –Jdmxnm
bdkk(: Łmc hr dptŁk sn ydqn nsgdqvhrd

f
∑
w�

[
9 α�µ=�. vgdqd ]θ 9 ˆmagˆr

�

∑
w�

[
–2(

Sgd kdŁqmhmf qŁsd hr cdmnsdc ax µ: Łmc α�µ=� hr Ł Jqnmdbjdq cdksŁ rxlank0

101 AHN/G�RGHMF

�esdq kdŁqmhmf hr bnlokdsd sgd gŁrg bncdr enq sgd hmotsr bŁm ad fdmdqŁsdc hm sgd enkknvhmf vŁx0 Fhudm
sgd ahmŁqx dmbncdc v/fqŁl p�:

E� 9

)
0. he }��.p�〈 hm sgd sno j ne Łkk JBr ŁbshuŁshnmr
+. nsgdqvhrd

–3(

Sghr hr Ł bqtcd lŁsgdlŁshbŁk ŁooqnwhlŁshnm ne sgd ahnknfhbŁk bnlotsŁshnm odqenqldc ax sgd OM-
JB-�OK mdtqŁk mdsvnqj )7, 28[0 �m hmots p� fdmdqŁsdr Łm hmots btqqdms }��.p�〈 hmsn sgd JB
mdtqnmr trhmf eddcenqvŁqc vdhfgsrS�d0 Sgd qdbtqqdms mdsvnqj ne JBr Łmc sgd �OK mdtqnm rhkdmbdr
Łkk ats Ł rlŁkk eqŁbshnm ne JBr0 Sgnrd bdkkr sgŁs qdlŁhm Łbshud Łqd Łrrhfmdc rsŁsd 0: vghkd sgd qdrs ne
sgd JBr Łqd Łrrhfmdc sgd hmŁbshud rsŁsd +0

Mnshbd: sgŁs dptŁshnm –3( lŁjdr hs onrrhakd sn fdmdqŁsd sgd gŁrg bncdr enq ansg hmchuhctŁk vnqcr
–rsŁshb vnqc dladcchmfr khjd vnqc1udb Łmc FknUd( Łmc ogqŁrdr –rhlhkŁq sn SqŁmrenqldq lncdkr(0
Hm sgd rsŁshb bŁrd: sgd hmots p� gŁr Łkk ydqnr hm sgd bnmsdws aknbj Łmc Ł nmd/gns dmbncdc vnqc
hm sgd sŁqfds aknbj0 Hm sgd bnmsdws/cdodmcdms bŁrd: ansg aknbjr gŁud ahmŁqx dmbncdc hmots vnqcr0
HlonqsŁmskx: ansg bnmsdws/cdodmcdms Łmc rsŁshb dladcchmfr Łqd lŁoodc hmsn sgd rŁld roŁbd ne roŁqrd
ahmŁqx gŁrg bncdr –Ł udbsnq neJ dkdldmsr: vhsg j nmdr hm hs(0 Vd rgnv adknv sgŁs sgdrd gŁrg bncdr
bŁostqd rdlŁmshb ldŁmhmf ne sgd sŁqfds vnqc Łmc sgd bnmsdws hm vghbg hs hr trdc0 Enq sgd qdrs ne sgd
oŁodq vd qdedq sn sgd oŁqŁldsdq j hm dptŁshnm –3( Łr sgd gXrg idmfsg0

Hm nqcdq sn oqnuhcd Łm hmsthshnm adghmc sgd kdŁqmhmf Łkfnqhsgl cdımdc ax sgd dmdqfx etmbshnm –fl( Łmc
vdhfgs tocŁsd qtkd –1( Łmc bnmmdbs hs sn rnld ne sgd dwhrshmf ldsgncr hm lŁbghmd kdŁqmhmf: bnmrhcdq

3

Hebbian-like local plasticity rule

from Krotov & Hopfield, PNAS 2019



How well does this work?

Word similarity task
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We use the WiC (Pilehvar & Camacho-Collados, 2018) and SCWS (Huang et al., 2012) benchmarks
for the evaluation of context-sensitive word embeddings for word sense disambiguation. Both the
datasets comprise pairs of sentences that contain a target word, and the task is to determine whether
the two target words share a similar semantic meaning in the corresponding contexts. The WiC
dataset is modeled as a binary prediction task, with 1 denoting that the target words have the same
sense, and 0 indicating that they mean different things. The SCWS dataset is modeled as a rank
prediction task, since for each pair of sentences and target words, it reports the average human
similarity scores (from 10 Amazon Mechanical Turkers per pair).

word in context 10 nearest neighbor words in the hash code space
design of apple latest iphone design, web, features, graphics, radeon, android, apps, ios, apple, nvidia

filling sweet apple pie recipe chocolate, sweet, crispy, noodles, syrup, coconut, cheese, sauce, butter, cinnamon

money in bank checking account money, credit, loans, account, cash, funds, savings, paying, banks, pension

boat on the bank of the river river, lake, near, island, creek, canyon, valley, mountains, area, shore

Figure 5: For every word (highlighted in green) in context (left), 10 nearest neighbor words in the binary
hashing space are shown (right). Context allows the algorithm to disambiguate the target word’s meaning.

Before presenting quantitative results, we qualitatively examine how associative learning performs
on some example of word in context sentence pairs for the target word “apple” and “bank” in Fig. 5.
We show the top q = 10 context independent nearest neighbors for the target word, which clearly
indicate the that “correct” sense of the word has been found (“apple” the device has different nearest
neighbors from the fruit, and “bank” the financial institution from the natural feature).

For the quantitative comparison, we contrast our method against contextual embeddings from
BERT (Devlin et al., 2018) and GloVe (Pennington et al., 2014). For BERT we use the 768-
dimensional embeddings from the uncased-large model, and for GloVe we use the 300-dimensional
embeddings with 685k vocab, both from Spacy (www.spacy.io). Since BERT outputs contex-
tual embeddings for each word in a sentence, we simply compute the cosine similarity between the
embedding vectors for the target words for each pair of instances. For GloVe, we use a context
window of size w centered at each of the target words and compute the average embedding for each
window and compute the cosine similarity between the two window vectors. For bio-hashing, given
the effectiveness of the top-q nearest neighbor words (as seen in Fig. 5), we devise a two component
scoring function. The first component is the dot-product between the context-dependent hash codes
for the two target words plus w length context blocks, denoted Jdot. The second is the number of
common contextual nearest neighbors of the two target words among the top-q neighbors of each
(scaled to be between 0 and 1), denoted Jnn. The final score is given as J = ↵ ·Jdot+(1�↵) ·Jnn,
where ↵ 2 [0, 1] is a hyperparameter. For all the methods, we predict a WiC pair to be positive if the
score is above a threshold value ✓. For SCWS, the ranking is proportional to the scores over ✓, with
the rest scored as zero. The hyperparameter ✓ is tuned for all the methods independently. Finally,
for a fair comparison, all methods use the same 20k vocabulary.

We report the performance of our context-dependent word embeddings for both SCWS and WiC in
Table 2 and Table 3, respectively. For both benchmarks we report the results from a 5-fold cross-
validation study, where each fold (in turn) is used as a dev set, and the remaining four folds as the
testing set. We select the optimal hyperparameters (including ✓,↵, q, k, w) for all the methods using
only the first fold; no training is done since we evaluate only the pretrained embeddings. The tables
report the Spearman rank correlation on SCWS, and the accuracy on WiC.

Method mean std
BERT 54.6 0.54

GloVe (w = 3) 40.9 1.3
GloVe (w = 0) 54.4 0.10
Ours (w = 0) 49.1 0.36

Table 2: SCWS dataset: mean and std for
Spearman rank correlation. The best window
value is also shown.

Method mean std
BERT 61.2 0.22

GloVe (w = 7) 54.9 0.26
GloVe (w = 0) 50.1 0.25
Ours (w = 21) 57.7 0.27

Table 3: WiC dataset: mean and std for accu-
racy. The best window value is also shown.
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sgd rbnqd hr Łanud Ł sgqdrgnkc uŁktd δ0 Enq RBVR: sgd qŁmjhmf hr oqnonqshnmŁk sn sgd rbnqdr Łanud
δ: vhsg sgd qdrs rbnqdc Łr ydqn0 Sgd gxodqoŁqŁldsdq δ hr stmdc enq Łkk sgd ldsgncr hmcdodmcdmskx0
EhmŁkkx: enq Ł eŁhq bnloŁqhrnm: Łkk ldsgncr trd sgd rŁld 19j unbŁatkŁqx0

Vd qdonqs sgd odqenqlŁmbd ne ntq bnmsdws/cdodmcdms vnqc dladcchmfr enq ansg RBVR Łmc VhB hm
SŁakd 2 Łmc SŁakd 3: qdrodbshudkx0 Enq ansg admbglŁqjr vd qdonqs sgd qdrtksr eqnl Ł 4/enkc bqnrr/
uŁkhcŁshnm rstcx: vgdqd dŁbg enkc –hm stqm( hr trdc Łr Ł cdudknoldms rds: Łmc sgd qdlŁhmhmf entq enkcr
Łr sgd sdrs rds0 Vd rdkdbs sgd noshlŁk gxodqoŁqŁldsdqr –hmbktchmf δ. �. p. j. v( enq Łkk sgd ldsgncr
trhmf nmkx sgd ıqrs enkc, mn sqŁhmhmf hr cnmd rhmbd vd duŁktŁsd nmkx sgd oqdsqŁhmdc dladcchmfr0 Sgd
sŁakdr qdonqs sgd RodŁqlŁm qŁmj bnqqdkŁshnm nm RBVR: Łmc sgd ŁbbtqŁbx nm VhB0

Ldsgnc ldŁm rsc
ADQS 4507 9043

vnqc1udb –p 7 �( 4506 90994
FknUd –p 7 2( 3908 fl02
FknUd –p 7 �( 4303 90fl9

Vnqc1Rdmrd –p 7 2( 3fl03 909fl
Vnqc1Rdmrd –p 7 �( 4301 90997

Ntqr –p 7 �( 380fl 9025

SŁakd 2. RBVR cŁsŁrds. ldŁm Łmc rsc enq
RodŁqlŁm qŁmj bnqqdkŁshnm0 Sgd adrs vhmcnv
uŁktd hr Łkrn rgnvm0

Ldsgnc ldŁm rsc
ADQS 5y01 9011

vnqc1udb –p 7 3( 4fl02 90993
Vnqc1udb –p 7 �( 4909 90992
FknUd –p 7 5( 4308 9015
FknUd –p 7 �( 490fl 9014

Vnqc1Rdmrd –p 7 5( 4504 90993
Vnqc1Rdmrd –p 7 �( 4909 90992
Ntqr –p 7 10( 4606 9016

SŁakd 3. VhB cŁsŁrds. ldŁm Łmc rsc enq Łbbt/
qŁbx0 Sgd adrs vhmcnv uŁktd hr Łkrn rgnvm0

Nm RVBR –SŁakd 2(: vd rdd sgŁs sgd bnmsdws/hmcdodmcdms dladcchmfr –trhmf v 9 +( Łqd adssdq
enq FknUd: Vnqc1Rdmrd Łmc ntq ldsgnc: vhsg vnqc1udb xhdkchmf sgd adrs qdrtksr0 Sgd qdŁrnm hr
sgŁs Łants 7504’ ne sgd vnqc oŁhqr hm RBVR Łqd cheedqdms vnqcr: Łmc bŁm ad chrshmfthrgdc vhsgnts
knnjhmf Łs sgd bnmsdws0 Tmkhjd RBVR: sgd VhB admbglŁqj trdr sgd rŁld sŁqfds vnqc –vhsg nmkx
lhmnq uŁqhŁshnmr hm rnld bŁrdr( hm ansg bnmsdwsr: Łmc sgdqdenqd Ł bnmsdws/hmcdodmcdms ŁooqnŁbg hr
mns dwodbsdc sn odqenql vdkk0 Hmcddc: nmVhB –SŁakd 3(: vd bkdŁqkx nardqud sgŁs bnmsdws/hmcdodmcdms
udbsnqr –v 9 +( Łqd mns udqx fnnc: Łmc ntq ldsgnc: sgŁs trdr sgd inhms rbnqhmf etmbshnm H bnlahmhmf
ansg sgd gŁrg bncd Łmc mdŁqdrs mdhfganq rbnqdr: hr adssdq sgŁm bnmsdws/cdodmcdms FknUd –v 9 6(:
vnqc1udb –v 9 4( Łmc Vnqc1Rdmrd –Łkrn v 9 6(0

CŁsŁrds Ntqr Fknud MKA–145ahsr( MKA–4fl1ahsr( Vnqc1udb ADQS
19Mdvrfqnto 6701 6608 5fl05 530fl 6602 6705

RRS/1 660fl 6702 6502 6705 7906 8907
VNR/flfl856 7207 7301 6905 6107 7307 7506
SQDB/5 8903 7809 7401 7707 8908 8309

SŁakd 4. �bbtqŁbx enq cnbtldms bkŁrrhıbŁshnm sŁrj0 Vd trd 2++c oqdsqŁhmdc lncdkr enq FknUd Łmc
vnqc1udb: Łmc oqdsqŁhmdc adqs/kŁqfd/tmbŁrdc lncdk enq ADQS0 Enq MKA: 2++c FknUd dladcchmfr
vdqd ahmŁqhydc hmsn 145 Łmc 401 ahsr0 Enq ntq lncdk: gŁrg kdmfsg 2+ hr trdc0 Enq eŁhq bnloŁqhrnm:
Łkk lncdkr trd sgd rŁld unbŁatkŁqx ne 19j vnqcr0

203 CNBTLDMS BK�RRHEHB�SHNM
Vd Łkrn bnloŁqd ntq ahmŁqx dladcchmfr vhsg FknUd )23[: Vnqc1udb )2fl[: ADQS )fl9[ Łmc MdŁq/
Knrrkdrr AhmŁqhyŁshnm )31[ nm cnbtldms bkŁrrhıbŁshnm sŁrjr0 Sgd admbglŁqjr vd trd Łqd 19 Mdvr/
fqntor )fl[: RsŁmenqc Rdmshldms SqddaŁmj )39[: VNR/flfl856)13[ Łmc SQDB/5 cŁsŁrdsr )16[0 Sgd 19
Mdvrfqntor cŁsŁrds bnmsŁhmr Łqntmc fl7:999 cnbtldmsr: oŁqshshnmdc dudmkx hmsn 19 cheedqdms fqntor,
sgd RsŁmenqc Rdmshldms SqddaŁmj cŁsŁrds bnmsŁhmr lnuhd qduhdvr qdfidbshmf sgdhq rdmshldms Łr dh/
sgdq onrhshud nq mdfŁshud, VNR/flfl856 cŁsŁrds bnmsŁhmr flfl856 cnbtldmsr vhsg 24 bŁsdfnqhdr vghbg
hmbktcd 6 oŁqdmsr bŁsdfnqhdr, Łmc SQDB/5 cŁsŁrds bnmrhrsr ne nodm/cnlŁhm: eŁbs/aŁrdc ptdrshnmr ch/
uhcdc hmsn aqnŁc rdlŁmshb bŁsdfnqhdr0 Vd trd sgd SdwsBMM )12[ bkŁrrhıdq sgŁs trdr Łkk sgd cheedqdms
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bnllnm bnmsdwstŁk mdŁqdrs mdhfganqr ne sgd svn sŁqfds vnqcr Łlnmf sgd sno/p mdhfganqr ne dŁbg
–rbŁkdc sn ad adsvddm 9 Łmc fl(: cdmnsdc Hjj0 Sgd ımŁk rbnqd hr fhudm Łr H 9 � −HNno)%0��( −Hjj:
vgdqd � → =+. 0[ hr Ł gxodqoŁqŁldsdq0 Enq Łkk sgd ldsgncr: vd oqdchbs Ł VhB oŁhq sn ad onrhshud he
sgd rbnqd hr Łanud Ł sgqdrgnkc uŁktd δ0 Enq RBVR: sgd qŁmjhmf hr oqnonqshnmŁk sn sgd rbnqdr Łanud
δ: vhsg sgd qdrs rbnqdc Łr ydqn0 Sgd gxodqoŁqŁldsdq δ hr stmdc enq Łkk sgd ldsgncr hmcdodmcdmskx0
EhmŁkkx: enq Ł eŁhq bnloŁqhrnm: Łkk ldsgncr trd sgd rŁld 19j unbŁatkŁqx0

Vd qdonqs sgd odqenqlŁmbd ne ntq bnmsdws/cdodmcdms vnqc dladcchmfr enq ansg RBVR Łmc VhB hm
SŁakd 2 Łmc SŁakd 3: qdrodbshudkx0 Enq ansg admbglŁqjr vd qdonqs sgd qdrtksr eqnl Ł 4/enkc bqnrr/
uŁkhcŁshnm rstcx: vgdqd dŁbg enkc –hm stqm( hr trdc Łr Ł cdudknoldms rds: Łmc sgd qdlŁhmhmf entq enkcr
Łr sgd sdrs rds0 Vd rdkdbs sgd noshlŁk gxodqoŁqŁldsdqr –hmbktchmf δ. �. p. j. v( enq Łkk sgd ldsgncr
trhmf nmkx sgd ıqrs enkc, mn sqŁhmhmf hr cnmd rhmbd vd duŁktŁsd nmkx sgd oqdsqŁhmdc dladcchmfr0 Sgd
sŁakdr qdonqs sgd RodŁqlŁm qŁmj bnqqdkŁshnm nm RBVR: Łmc sgd ŁbbtqŁbx nm VhB0

Ldsgnc ldŁm rsc
ADQS 4507 9043

vnqc1udb –p 7 �( 4506 90994
FknUd –p 7 2( 3908 fl02
FknUd –p 7 �( 4303 90fl9

Vnqc1Rdmrd –p 7 2( 3fl03 909fl
Vnqc1Rdmrd –p 7 �( 4301 90997

Ntqr –p 7 �( 380fl 9025

SŁakd 2. RBVR cŁsŁrds. ldŁm Łmc rsc enq
RodŁqlŁm qŁmj bnqqdkŁshnm0 Sgd adrs vhmcnv
uŁktd hr Łkrn rgnvm0

Ldsgnc ldŁm rsc
ADQS 5y01 9011

vnqc1udb –p 7 3( 4fl02 90993
Vnqc1udb –p 7 �( 4909 90992
FknUd –p 7 5( 4308 9015
FknUd –p 7 �( 490fl 9014

Vnqc1Rdmrd –p 7 5( 4504 90993
Vnqc1Rdmrd –p 7 �( 4909 90992
Ntqr –p 7 10( 4606 9016

SŁakd 3. VhB cŁsŁrds. ldŁm Łmc rsc enq Łbbt/
qŁbx0 Sgd adrs vhmcnv uŁktd hr Łkrn rgnvm0

Nm RVBR –SŁakd 2(: vd rdd sgŁs sgd bnmsdws/hmcdodmcdms dladcchmfr –trhmf v 9 +( Łqd adssdq
enq FknUd: Vnqc1Rdmrd Łmc ntq ldsgnc: vhsg vnqc1udb xhdkchmf sgd adrs qdrtksr0 Sgd qdŁrnm hr
sgŁs Łants 7504’ ne sgd vnqc oŁhqr hm RBVR Łqd cheedqdms vnqcr: Łmc bŁm ad chrshmfthrgdc vhsgnts
knnjhmf Łs sgd bnmsdws0 Tmkhjd RBVR: sgd VhB admbglŁqj trdr sgd rŁld sŁqfds vnqc –vhsg nmkx
lhmnq uŁqhŁshnmr hm rnld bŁrdr( hm ansg bnmsdwsr: Łmc sgdqdenqd Ł bnmsdws/hmcdodmcdms ŁooqnŁbg hr
mns dwodbsdc sn odqenql vdkk0 Hmcddc: nmVhB –SŁakd 3(: vd bkdŁqkx nardqud sgŁs bnmsdws/hmcdodmcdms
udbsnqr –v 9 +( Łqd mns udqx fnnc: Łmc ntq ldsgnc: sgŁs trdr sgd inhms rbnqhmf etmbshnm H bnlahmhmf
ansg sgd gŁrg bncd Łmc mdŁqdrs mdhfganq rbnqdr: hr adssdq sgŁm bnmsdws/cdodmcdms FknUd –v 9 6(:
vnqc1udb –v 9 4( Łmc Vnqc1Rdmrd –Łkrn v 9 6(0

CŁsŁrds Ntqr Fknud MKA–145ahsr( MKA–4fl1ahsr( Vnqc1udb ADQS
19Mdvrfqnto 6701 6608 5fl05 530fl 6602 6705

RRS/1 660fl 6702 6502 6705 7906 8907
VNR/flfl856 7207 7301 6905 6107 7307 7506
SQDB/5 8903 7809 7401 7707 8908 8309

SŁakd 4. �bbtqŁbx enq cnbtldms bkŁrrhıbŁshnm sŁrj0 Vd trd 2++c oqdsqŁhmdc lncdkr enq FknUd Łmc
vnqc1udb: Łmc oqdsqŁhmdc adqs/kŁqfd/tmbŁrdc lncdk enq ADQS0 Enq MKA: 2++c FknUd dladcchmfr
vdqd ahmŁqhydc hmsn 145 Łmc 401 ahsr0 Enq ntq lncdk: gŁrg kdmfsg 2+ hr trdc0 Enq eŁhq bnloŁqhrnm:
Łkk lncdkr trd sgd rŁld unbŁatkŁqx ne 19j vnqcr0

203 CNBTLDMS BK�RRHEHB�SHNM

Vd Łkrn bnloŁqd ntq ahmŁqx dladcchmfr vhsg FknUd )23[: Vnqc1udb )2fl[: ADQS )fl9[ Łmc MdŁq/
Knrrkdrr AhmŁqhyŁshnm )32[ nm cnbtldms bkŁrrhıbŁshnm sŁrjr0 Sgd admbglŁqjr vd trd Łqd 19 Mdvr/
fqntor )fl[: RsŁmenqc Rdmshldms SqddaŁmj )3fl[: VNR/flfl856)13[ Łmc SQDB/5 cŁsŁrdsr )16[0 Sgd 19
Mdvrfqntor cŁsŁrds bnmsŁhmr Łqntmc fl7:999 cnbtldmsr: oŁqshshnmdc dudmkx hmsn 19 cheedqdms fqntor,
sgd RsŁmenqc Rdmshldms SqddaŁmj cŁsŁrds bnmsŁhmr lnuhd qduhdvr qdfidbshmf sgdhq rdmshldms Łr dh/
sgdq onrhshud nq mdfŁshud, VNR/flfl856 cŁsŁrds bnmsŁhmr flfl856 cnbtldmsr vhsg 24 bŁsdfnqhdr vghbg
hmbktcd 6 oŁqdmsr bŁsdfnqhdr, Łmc SQDB/5 cŁsŁrds bnmrhrsr ne nodm/cnlŁhm: eŁbs/aŁrdc ptdrshnmr ch/
uhcdc hmsn aqnŁc rdlŁmshb bŁsdfnqhdr0 Vd trd sgd SdwsBMM )12[ bkŁrrhıdq sgŁs trdr Łkk sgd cheedqdms
dladcchmfr ldmshnmdc Łanud0 Enq eŁhq bnloŁqhrnm: vd trd sgd rŁld lncdk oŁqŁldsdqr –d0f0: jdq/
mdk rhyd: ıksdq chldmrhnm( vghkd sdrshmf cheedqdms dladcchmfr0 Sgd qdrtksr hm SŁakd 4 rgnv gnv ntq
roŁqrd ahmŁqx dmbnchmfr Łqd bnlodshshud vhsg nsgdq ldsgncr0
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